BATTERY RESEARCH
IMPROVING PERFORMANCE, RELIABILITY, AND SAFETY OF BATTERY-POWERED SYSTEMS

NOVEMBER 2020
CALCE Seeks Cooperation in Battery Research and Offers a
Wide Range of Battery Services
Numerous Li-ion battery fires have been recently reported that have caused severe
injuries, resulting in substantial safety concerns for Li-ion powered devices. For example,
Hyundai is recalling more than 25,000 of the compact sport-utility vehicles (Kona model)
because a battery manufacturing defect can cause short circuits and fires after batteries
are charged. In addition, there have been numerous operational problems in batteries
developed by some of the best battery manufacturers in the world, showing rapid end-of
life and poor high C-rate performance. The question is how can we assess and improve
the reliability and safety of batteries today?
The CALCE Battery Research Group is dedicated to solving reliability and safety issues
that the battery industry commonly experiences and that arise throughout the process
from battery design, manufacture, and testing, to storage, transportation, and operation of
single- and multi-cell systems.
CALCE conducts failure analysis on safety issues such as swelling, leakage, and thermal
runaway. CALCE has following tools to assess such failures, including non-destructive
techniques such as electrical tests, X-ray CT, and X-ray fluorescence spectroscopy (XRF),
and destructive analysis techniques such as scanning electron microscopy (SEM) and
energy dispersive X-ray spectroscopy (EDS). CALCE has access to X-ray photoelectron
spectroscopy (XPS) and nuclear magnetic resonance (NMR).
CALCE is developing efficient testing methods assess battery reliability, using a variety
of physics-of-failure, empirical, and machine-learning models. CALCE has developed a
software to detect anomalous cells in the ongoing reliability tests.
CALCE has been developing advanced battery management algorithms using equivalent
circuit models and electrochemical models, and investigating applications of sensor
technologies for lithium-ion batteries, such as strain gauge and acoustics, to provide
accurate battery information and assure safe usage.
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Mechanisms Analysis of the Knee Point Behavior in the Capacity Fade of
Lithium-ion Batteries
While

customers expect lithium-ion batteries to degrade in a linear way or at a decreasing rate per the
specifications, lithium-ion batteries often exhibit a transition to a more rapid capacity fade trend when subjected to
extended charge/discharge cycles. This transition is characterized as a knee point in the capacity fade curve and
indicates the onset of a rapid deterioration of battery performance.

No pattern has been identified for the occurrence of the knee
point behavior in terms of the major electrode chemistries and
the testing conditions, which makes it challenging to understand
the degradation mechanisms associated with knee points and
predict the knee point. Even for lithium-ion batteries with the
same electrode chemistry, analyses of the dominant electrodes
and associated mechanisms in the literature are inconsistent and
generally lack quantitative experimental validation.

Capacity fade curves of six Li(NiMnCo)O2graphite based batteries at 25 ℃
This project aims to identify the degradation mechanisms
that drive the knee point behavior and to predict if and when
a knee point will occur.
The approach includes three-electrode cells, accelerated
cycle life testing, in situ ultrasonic monitoring,
electrochemical impedance spectroscopy, incremental
capacity analysis/differential voltage analysis, micro-analysis
techniques, electrochemical modeling, and deep learning.
3-electrode cell testing
This study will reveal the degradation mechanisms that cause the knee point behavior. The identification of
dominant cell components during the two-stage nonlinear degradation process can be further correlated to the
design parameters, manufacturing process, and stress factors (operating and environmental) during usage. Battery
manufacturers and device companies can use these correlations to mitigate or avoid the occurrence of knee point,
thus increasing the lifetime of lithium-ion batteries.
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Investigation of Lithium Dendrite Mechanism Using In-situ Observation
Lithium dendrite growth is a major obstacle to ensuring sufficient battery cycle life and safety. Lithium dendrite
growth consumes electrolyte and may lead to an internal short circuit, which can result in thermal runaway and
catastrophic failure. Due to the lack of in-situ observations, the relationship between dendrite growth and influential
factors such as current density, separator, pulse charging, and temperature is not well understood. This study will
reveal the dendrite growth mechanisms through in-situ observation. The study will address four critical issues: the
effect of current density on the lithium deposition morphology and growth rate; the effects of electrolyte,
temperature, and charging profiles on lithium dendrite growth; the interaction between lithium dendrite growth and
separator; and lithium dendrite growth mechanisms. The results can help determine when dendrite-caused internal
short circuits will occur and therefore improve battery safety by providing early warning of failure.
Understanding of lithium dendrite growth mechanism is the key issue for commercialization of next generation
rechargeable batteries with lithium metal anode. The dendrite growth issues will not only shorten the battery useful
life but also put a potential risk of battery internal short circuits. The foundation for enabling a study on the lithium
dendrite is to build a platform that can track the dendrite evolution process. The commercial battery only provides
electrical information about the battery but not the internal structural changes. The optical-based in-situ observation
method enables a continuous monitoring of the dendrite growth, identifying the mechanisms at different stages of
dendrite evolution, and validating the failure caused by dendrite growth.
With the in-situ experimental setup (Fig. 1), both the real-time dendrite evolution process and the electrical signals
can be tracked. The setup can be used to determine the morphology and growth characteristics of lithium dendrites;
determine the effects of current densities, charging profiles, electrolyte chemistries, and temperature on dendrite
growth; and determine the role of separator tortuosity in preventing dendrite growth and short circuit behavior.

Fig.1 Experimental setup for in situ observation
www.calce.umd.edu/batteries
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Evaluating Li-ion Cycling Differential Curves Obtained Using Variable
Savitzky-Golay Filter Window and Differential Interval
Differential analysis of li-ion battery electrical cycling data is a useful non-destructive method to measure battery
degradation. The shifts and change in the peaks and valleys obtained from the differential data produces insights on
electrode level degradation, phase equilibrium/transitions points (cathode and anode), and loss of cyclable li-ions.
However, to produce an optimal differential curve one needs to remove the noise in the capacity and voltage data
that arise due to the measurement fluctuations. Changing simple operational conditions like the current, temperature,
or voltage results in alteration in the differential curves too.
We used Savitzky-Golay filter with variable filter-window size to smooth and generate numerous unique
differential curves. The generated curves are then evaluated using two metrics that measure the area under curve
(AUC) error and smoothness of the curve. The AUC metric measures the difference between the actual capacity
and the capacity obtained from the smoothed differential curve. The smoothness metric utilizes the properties of
spline interpolation and assigns a roughness penalty to the differential curve which is based on the integral of the
square of the second derivative. We figured that the AUC metric peaks as differential interval is increased, however,
the smoothness is monotonically increasing with filter-window. The overlap of the two metrics yield the optimal
region of filter-window and differential interval that are used to smooth the noisy differential curves.

Figure 1. Area Under Curve (% Error Absolute) vs
Filter Window and Differential Interval

Figure 2. Smoothness Metric vs Filter Window and
Differential Interval.

Figure 1 (left) shows the evaluation of 5000 differential curves obtained on 1 cycle of the data. The dark blue region
shows the window where differential interval produces least difference in the capacity between the differential curve
and actual capacity. The area under curve metric uses the absolute error difference and the graph is obtained ranging
between 0 and 0.5% here.
Figure 2 (right) shows evaluation of the same 5000 differential curves for 1 cycle of data as per the smoothness of
the curve. The graph has range of smoothness between 0.991 to 1.

www.calce.umd.edu/batteries

NOVEMBER 2020

PAGE 5

Decoupling the Thermal and Nonthermal Effects of Discharge Currents on
Li-ion Battery Degradation
Li-ion battery capacity is known to degrade faster with increasing temperature and discharge current. However, the
battery generates heats during discharge due to ohmic heating and electrochemical reactions, and the amount of heat
generated is expected to be a function of the discharge current. The generated heat during discharge is considered as
the thermal effect of discharge current. It is unknown whether the discharge current affects capacity degradation
through thermal effect, or it has its own non-thermal effects as well. This raises various questions, including the role
of discharge current on battery capacity degradation, the effects of temperature rise during discharge, and the
contribution of thermal and non-thermal effects under different discharge currents on the capacity degradation.

Battery surface temperature profiles under different discharge currents
Motivation: There is an inherent coupling between temperature and discharge current because heat generation is
inevitable during discharge. It is unclear whether the capacity degradation is caused by the elevated temperatures
during discharge, the non-thermal effects, or the combination. The effect of discharge currents on capacity fade
under consideration of temperature has not been investigated. The goal of this research is to fill this research gap
and understand the degradation coupling of temperature and discharge currents for Li-ion batteries.
Objectives: Separate the thermal degradation effects from the non-thermal degradation effects induced by
discharge currents. Identify the contribution of thermal and non-thermal effects on capacity degradation under
multiple discharge currents.
Intellectual Merit: The gap in knowledge about the coupling effects between temperature and discharge currents
will be filled. The thermal effects caused by the discharge current will be separated from the non-thermal effects,
and the contribution of thermal and non-thermal effects on battery capacity degradation will be revealed
quantitatively based on the separated degradation trends. The degradation mechanism that caused by thermal effect
and non-thermal effect will be investigated separately.
Broader Impacts: Understanding the thermal effects of discharge currents can benefit the battery usage and
thermal management. For large current usage electronics, for example, electric vehicles, the battery life can be
highly extended if the thermal management system can maintain battery surface temperature at room temperature
during usage. Understanding the degradation mechanism of thermal effects on battery capacity degradation helps to
provide smarter battery usage strategies, for example, avoiding the coupling of high temperature and large
discharge current during usage.
www.calce.umd.edu/batteries
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Weiping Diao Presents at Advanced Power Systems for Deep Space
Exploration Conference
The Conference on Advanced Power Systems for Deep Space Exploration was held virtually on October 27-29,
2020. Weiping Diao presented on the topic — The Challenges with Lifetime Estimation of Lithium-Ion Batteries
for Extended Space Missions.
Weiping’s abstract was:
Commercial lithium-ion batteries have been used in space applications because of their high energy density, wide
operating temperature range, and long cycle life compared to other battery chemistries. For deep space missions,
batteries are typically used as an auxiliary power source when the Sun is out of sight and operated under a reduced
depth of discharge. The expected battery life cycle conditions can vary from no cycling to rapid cycling with
varying depths of discharge. Qualification testing of batteries under expected life conditions for long- missions is
time consuming and, even with time compression methods, can take up to a year for a 10-year mission on Mars
surface. The cycle life under a full depth of discharge from datasheet specifications cannot be translated into the
space applications because of the nonlinear effects of the depth of discharge on battery degradation. Other factors
such as operating temperature and charge cut-off voltage also play a role in battery capacity fade and should be
considered while estimating the battery cycle life and calendar life.
This presentation discusses the challenges with estimating the life of lithium-ion batteries for deep space
applications with long-mission profiles and how accelerated testing, a method from the reliability engineering, can
be used to address them. An approach is then presented which provides the maximum acceleration and reduction in
battery qualification testing time and yet considers the possibility of a knee point (sharp degradation in the later
stages of life). A modeling approach is also discussed to enable extrapolation to longer missions and to plan for the
mission extension.
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Open Access to CALCE Battery Data
The CALCE Battery Database contains data from our research and experiments. The data from these tests can be
used for battery state of charge and health estimation, remaining useful life prediction, accelerated battery
degradation modeling, and reliability analysis. CALCE has published many articles using this data, and we
encourage others to do the same. The cycling data has been generated using Arbin, Cadex, and Neware battery
testers. Impedance data has been collected using Idaho National Laboratory’s Impedance Measurement Box
(IMB). For questions on the CALCE Battery Database, contact Michael Pecht (pecht@umd.edu).
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