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Connect cells with similar strength only in series to improve 
deliverable capacity from batteries => 30% increase of system 
operation time. 
- SHARE: SoH-Aware Reconfiguration to Enhance Deliverable Capacity of 

Large-Scale Battery Packs, ICCPS’15

CSE/EECS and ME, University of Michigan – Ann Arbor
Kang G. Shin and Wei Lu

CPS: Synergy: Adaptive Management of Large Energy 
Storage Systems for Vehicle Electrification (CNS-1446117)

SHARE

Tesla Model S
7,104 cells; 

Capacity : 85 KWH 
Battery Cost : $ 35000

Warranty period 8 years 
(70 % of its original capacity)

Driving range 426 Km
(Efficiency 5.011 m/wh)

Max power
278 KW

Battery degradation 30% ↓ 
à additional 2.4-year warranty

Battery capacity delivery 20% ↑ 
à $ 7,000

UC (130F 62.1V)
à Max power ↑ ( 250 KW )

OVERVIEW
Comprehensive management (i.e., discharging, charging, temperature and monitoring) of large-scale batteries via
joint consideration of peak power, operation time, and battery lifetime for vehicle electrification

w/o Regulator w/ Regulator

SHARE-Full 10,743.4 6,214.2

SHARE-Partial 10,385.6 5,959.8

SoH-Oblivious 9,758.7 5647.6
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Improve battery’s capacity delivery by skipping weak cells 
from discharging, prolonging system operation by up to 94%. 
- Resting Weak Cells to Improve Battery Pack’s Capacity Delivery via 

Reconfiguration, e-Energy’16
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REAL-TIME ENERGY STORAGE MANAGEMENT SYSTEM

Cooling or heating batteries based on their real-time 
conditions, making a tradeoff between operation time and 
lifetime => 58.4% improvement in operation time. 
- Real-Time Battery Thermal Management for Electric Vehicles, ICCPS’14
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Exploiting ultra-capacitor to offset the peak power demand, 
prolonging the battery lifetime by 37.7%. 
- Real-Time Discharge/Charge Rate Management for Hybrid Energy 

Storage in Electric Vehicles, RTSS’14-CPS track
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Identify the optimal discharging current and temperature 
by modeling the battery voltage and its degradation  => 
85.4% improvement in operation time
- Modeling and Real-time Scheduling of Large-Scale Batteries for 

Maximizing Performance, RTSS’15-CPS track
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Data collection & Analysis• Remote diagnosis of
batteries involves both
on-board system and
remote service center

Provide an offline power-supply guarantee such that every 
power-demand operation completes its execution in time 
without making total power demand exceed the power 
capability of the energy storage system at any time
- Offline Guarantee and Online Management of Power Demand and 

Supply in Cyber-Physical Systems, RTSS’16-CPS track

Charging-assisted battery 
diagnosis, enabling real-time 
prognosis with operation 
conditions in consideration

Fig. 3. Degradation factors and their impacts.

Based on the parametric OCV model, battery’s total charge
capacity can be assessed with three important parameters: the
capacity of positive and negative active material (CP and CN ),
and the amount of cyclable Li-ion (QL). These parameters
decrease slowly over time due to side chemical reactions in
the battery.

B. Changes of Battery Parameters due to Degradation

Battery performance degrades over cycles/time, observed
as not only charge capacity decrease, but also as internal
resistance increase (R0, R1) and capacitance decrease (C1).
An increased internal resistance leads to larger voltage drop,
and a decreased internal capacitance causes faster voltage
drop, both degrading battery’s power capability. The changes
of these parameters rely heavily on battery’s operating con-
ditions as shown in Fig. 3, including high/low temperature,
high/low SOC, large charge/discharge current, frequent dis-
charge/charge cycles [14], etc., which accelerate the side
chemical reactions related to solid electrolyte interfaces (SEI)
layer growth, lithium plating, gas and precipitation generation,
electrolyte oxidation and decomposition. Along with these
chemical side reactions, mechanical stress on the electrodes
during charge/discharge cycles also leads to contact loss,
particle cracking, and structure disorder. These chemical and
mechanical stresses affect the parameters closely related to
battery performance over cycles.

III. PROBLEM STATEMENT AND PROPOSED APPROACH

Thus far, we have discussed the necessary background
to understand the battery model, state-of-health (SOH) and
degradation factors. Electrodes’ capacities (CP , CN ) and the
amount of Li-ion (QL) must be identified because they closely
relate to battery’s energy capacity. We must also extract battery
internal resistances (R0, R1) and capacitance (C1) to describe
the battery’s dynamic behavior such as voltage drop and
recovery effect. Moreover, the degradation of these parameters
over time relies on the battery’s operating conditions (V, I, T ).
Therefore, the underlying diagnosis system must identify them
accurately, and the prognosis system should capture the rela-
tionship between their degradation and operating conditions
(V, I, T ). Presented below are a formal statement of our
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Fig. 4. Overall process for the proposed diagnosis/prognosis

diagnosis/prognosis problem and the overview of the proposed
solution.

A. Problem Statement

With the above system model, assumptions and notations,
our problem can be formally stated as:

Using battery data measured in the charging titration period,
Develop a battery diagnosis/prognosis system that
identifies the battery parameters related to the energy capacity
(CP , CN , QL) and internal resistance (R0, R1, C1),
figure out the battery parameters’ degradation rates and
establish the relationship between and the operating conditions
(V, I, T ) and the parameters’ degradation rates so as to
Predict battery degradation pattern and end-of-life (EOL), and
Optimize battery operating conditions (V, I, T ).

Considering users’ convenience and cost, the diagnosis
system should be able to estimate parameters
(CP , CN , QL, R0, R1, C1) based only on measured data
without disassembling a battery pack or any other destructive
measurements. The prognosis system must complete the
development of a battery degradation model based on the
diagnostic data.

B. Overview of Proposed Solution

Fig. 4 shows the overall diagnosis/prognosis process. First,
battery current–voltage characteristics are captured period-
ically through a titration technique [15]. Based on these
characteristics, the model parameters are estimated and stored
in tables with the corresponding operating conditions (V, I, T )
and the number of cycles (n). For this step, the system needs
a parameter estimation technique, which will be detailed later.
The prognosis system then develops the battery degradation
model based on the collected diagnosis information. The
degradation model, in turn, is used to predict battery’s end-
of-life (EOL), defined as when the battery performance has
dropped significant enough (e.g., to 50˜80% of its initial
capacity [16, 17]). Here, we use a 70% of the initial energy
capacity as the criteria for EOL Also, the degradation model
with respect to operating conditions allows the management
system to search for “effective” operating conditions to ensure
smooth system operation throughout the warranty period.

C. State-of-the-Art and Limitations

Various approaches for parameter identification have been
developed for decades. Electrical parameter estimation via
EIS and time constant analysis are well-known to describe

- Adaptive Battery Diagnosis/Prognosis for Efficient Operation 
Control, e-Energy’19

Accurate estimation of SoCs of device batteries based on 
their voltage only
- Battery State-of-Charge Estimation for Mobile Devices, ICCPS’17

Reconfiguring the connectivity among battery cells to 
provide an optimal voltage to the load, thus improving the 
energy efficiency of multi-cell battery packs
- Extending Battery System Operation via Adaptive Reconfiguration, 

ACM TOSN, 2018

1) Capturing the interactions among battery temperature, 
battery current, and ambient environment, facilitating 
accurate prediction of battery temperature 

2) Detecting abnormal battery heating


