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ABSTRACT− For reusing automotive lithium-ion battery, an in-house battery management system is developed. To 

overcome the issues of life cycle and capacity of reused battery, an online function of estimating battery’s internal 
resistance and open-circuit voltage based on adaptive control theory are applied for monitoring life cycle and remained 

capacity of battery pack simultaneously. Furthermore, ultracapacitor is integrated in management system for sharing 

peak current to prolong life span of reused battery pack. The discharging ratio of ultracapacitor is adjusted manually 

under Pulse-Width-Modulation signal in battery management system. In case study in 52V LiMnNiCoO2 platform, 

results of estimated open-circuit voltage and internal resistances converge into stable values within 600(s). These two 

parameters provide precise estimation for electrical capacity and life cycle. It also shows constrained voltage drop both 

in the cases of 25% to 75% of ultracapacitors discharging ratio compared with single battery. Consequently, the Life-

cycle detection and extending functions integrated in battery management system as a total solution for reused battery 

are established and verified. 

 

KEY WORDS : Battery Management System (BMS), Reused Lithium-Ion Battery, Adaptive control algorithm, 

Ultracapacitor, Life-cycle estimation, Life-cycle extension 

NOMENCLATURE  

ECM : electrical circuit model 

vb : voltage of battery, A 

voc : open-circuit voltage, V 

Rs : first-order, ohm 

Rt : second-order, ohm 

ib : battery current, A 

vc : voltage across RC circuit, V 

IRS: current across RC curcuit based on ECM, A 

SoC :state of charge, % 

T : temperature, K 

h : historical data 

u : adjustable for input parameters θ : estimated results of target parameters 

Ct : first-order capacitance based on ECM, C 
subscripts 

b, c, oc, s, t : battery, capacitance, open-circuit, first-order, 

second-order parameter based on ECM 
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1. INTRODUCTION 

In Taiwan, electric vehicle (EV) demand has increased 

significantly. Lithium-ion batteries (LIBs) are currently 

used in the majority of EV. LIBs contain rare metals ex. 

lithium, manganese or cobalt. According to the 

regulation of EV, the battery pack in EV are scrapped for 

driving if lower than 80% of their fresh electrical 

capacity is left. After discarded from EVs, LIBs can be 

used for stabilizing solar and wind power or frequency 

regulation (US EPA 2010). It is also competitive if to 

integrate LIBs for shaving the peak pulse of the grid 

(Sean et al. 2010; Wu et al. 2009). 

For retarding the aging of RLIB, Battery management 

system (BMS) with online monitoring functions, i.e. DC 

internal resistance (IR) and open-circuit voltage (OCV) 

is proposed (Chiang et al. 2017, 2019). ECM (equivalent 

circuit model) are generally adopted in dynamic system 

and applications of battery (Chiang et al. 2011; Pei et al. 

2014; Feng et al. 2014; Plett et al. 2004; Xiong et al. 2013; 

Li et al. 2015). The electrical response of battery can be 

simulated as state-space structure (Chiang et al. 2011). 

State of health (SoH) is defined as the battery response 

comparing its fresh condition, and used parameter of IR 

to show its aging. In relative researches (Chiang et al. 

2011; Pei et al. 2014; Feng et al. 2014; Plett et al. 2004; 

Xiong et al. 2013; Li et al. 2015; Feng et al. 2015; Lu et 

al. 2013), modern control theory is applied to monitor 

online DC IR and OCV that relates SoH and state of 

charge (SoC) simultaneously. The algorithm 

implemented in BMS aims at estimating the life cycle 

and remained capacity of new battery. A simple circuit 

by using ultracapacitor (UC) is reported in research 

(Chiang et al. 2017). This converterless parallel circuit of 

BMS performs active control of RLIB by applying UC. 

BMS pays an important role of managing power flow 

between battery and UC. The discharge ratio of UC load 

is generated a Pulse Width Modulation (PWM) signal to 

control the occupying time of fast switch module. It 
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shows merits of simple, cheap, and easy to arrange in 

large-scale application. In this research, voltage drop or 

depth of discharge (DoD) are used as a reference index 

of SoH. 

For managing RLIB, an integrated BMS is developed and 

verified in this study. An online function of estimating 

RLIB’s internal resistance (IR) and open-circuit voltage 

(OCV) simultaneously based on adaptive control theory 

are implemented in hardware for monitoring the life 

cycle and remained capacity of RLIB for compensating 

weaknesses of lower discharge current and short life 

cycle. For extending RLIB’s life cycle, UC is used as an 
auxiliary battery to share the high load current by 

adjusting PWM signal in hardware. The results of online 

monitoring IRs and OCV is presented to indicate the life 

cycle and SoC of RLIB. The merit of connecting UC with 

RLIB is capable of reducing voltage drop or so-called 

DoD can be expressed in term of IRs. Besides, OCV 

curve is an indispensable curve for calculating 

percentage of remained capacity of battery. In this study, 

it can be online obtained easily by adaptive control 

algorithm. 

2. METHODS 

Based on historic log file and online measured IR, RLIB 
is packed by in-house BMS as shown in Fig. 1. RLIB is 
in parallel connection with UC controlled by PWM 
signal. IR and OCV are obtained by adaptive control 
algorithm simultaneously. The schematic procedure is 
illustrated in Fig. 2. It is briefly summarized as below. 
The battery voltage can be expressed as: 𝑣�̇� = �̇�𝑜𝑐 − �̇�𝑠𝑖̇�̇� − 𝑅𝑠𝑖̇�̇� − 𝑣�̇�       = 𝜎(𝑣𝑜𝑐)𝑥 − 𝜎(𝑅𝑆)𝑥𝑖𝑏 − 𝑅𝑠𝑖̇�̇� − 𝑣�̇�                      (1) 

 

Here, 𝜎(𝑝) = [ 𝜕𝑝𝜕𝑆𝑜𝐶  𝜕𝑝𝜕𝑇  𝜕𝑝𝜕ℎ]                                               (2) 

 𝑥𝑇 = [𝜕𝑆𝑜𝐶𝜕𝑡  𝜕𝑇𝜕𝑡  𝜕ℎ𝜕𝑡 ]                                                        (3) 

 

Here, vb, voc, Rs, RT, ib and vc mean voltage of battery, 

open-circuit voltage, first-order and second-order Irs, 

battery current and voltage across RC curcuit based on 

electrical circuit model (ECM) as shown in Fig. 3. The 

projected parameters vb and Rs is assumed as function of 

SoC, T, and h change with time. In addition, Eq. (1) can 

be simplified with the following assumptions: 

(1) Small deviation of every battery's discharge is 

assumed compared to totally useful capacity, thus 

∂SoC/∂t ≈ 0. 
(2) In normal operating conditions, deviation of cell 

temperature, T is slow by using fan, thus ∂T/∂t ≈ 0. 
(3) A long-time usage history, h is performed, thus ∂h/∂t 

≈ 0. 

Accordingly, it follows that Eq.(3)≈0, furthermore Eq.(1) 

can be rewritten as: 

 𝑣�̇�  = (𝜕𝑣𝑜𝑐𝜕𝑆𝑜𝐶 𝜕𝑆𝑜𝐶𝜕𝑡 + 𝜕𝑣𝑜𝑐𝜕𝑇 𝜕𝑇𝜕𝑡 ) − ( 𝜕𝑅𝑆𝜕𝑆𝑜𝐶 𝜕𝑆𝑜𝐶𝜕𝑡 + 𝜕𝑅𝑆𝜕𝑇 𝜕𝑇𝜕𝑡) 𝑖𝑏  = − 1𝐶𝑡𝑅𝑡 𝑣𝑏 − 𝑅𝑠𝑖𝑏 − 𝑅𝑡+𝑅𝑠𝐶𝑡𝑅𝑡 𝑖𝑏 + 𝑣𝑜𝑐𝐶𝑡𝑅𝑡                               
(4) 

 

Eq.(4) can also be written as a vector form. 

 

̇𝑏 = θ𝑇𝑋 (5) 

 θ𝑇 = [θ1 θ2 θ3 θ4]𝑇 = [𝑅𝑠  𝑅𝑠+𝑅𝑡𝐶𝑡𝑅𝑡  1𝐶𝑡𝑅𝑡  𝑜𝑐𝐶𝑡𝑅𝑡]             (6) 

 𝑋𝑇 = [−𝑖̇̇𝑏  − 𝑖𝑏  − 𝑏  1]                                          (7) 

 

Eq.(6) is rewritten as Eq.(8) with repect to every 

estimated state �̇̂�𝑏 

 𝑣�̇̂� = θ̂𝑇�̂� + 𝑢                                                            (8) 

 

where �̂�𝑇=[−𝑖̇̇𝑏  − 𝑖𝑏 − �̂�𝑏 1], u is adjustable for input 

parameters. θ is estimated results of target parameters. 

Adaptive control algorithm is based on tracking input 

signals to modify the target parameters in control states, 

so that the convergent criteria is satisfied as below: 

 limt→∞ 𝑒 = limt→∞(𝑏(𝑡) − �̂�(𝑡)) = 0                              (9) 

 

Here, Rt and Ct mean first-order IR and capacitance based 

on ECM. If thermal effect of temperature was not 

considered, ∂T/∂t ≈ 0 is obtained. 

Adaptive control algorithm shown in Figure 2 is 

introduced to optimize the unknown target parameters of 

Rs, Rt and OCV in Eq. (4). By using Lyapunov function, 

the direct measurements such as working current and 

voltage are used for extracting battery IR and OCV. A 

filtering process is here to improve the measured noise 

and enhence the estimation reliability. In estimation 

process, IR is a sensitized parameter of life cycle, hence 

it is used to indicate the deviation of life cycle. OCV 

curve related to the battery’s useful capacity is applied to 
estimate the remained capacity of SoC. The algorithm is 

discretizated, and embeded in BMS. 

3. EXPERIMENT 

A max-52V LiMnNiCoO2 lithium-ion battery pack with 

in-house BMS is used in the platform. This automotive 

battery pack is generally used as a module for electric 

vehicle, and the specification is listed in Table 1. The 

overall platform is composed of battery pack, max-60V 

DC source, DC load, CAN analyzer and PC interface as 

shown in Fig. 4. The in-house BMS is embedded with 
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life-cycle detection and extending function. The working 

current and voltage drop of battery pack are monitored 

by both BMS and DC source simultaneously.  

4. RESULTS AND DISCUSSION 

Figure 5-7 show one result for examining the adaptive 
control algorithm to estimate OCV and IRs (Rs+RT). Fig. 
5 shows working voltage(upper), working 
current(middle), and convergent error(bottom) of 
10Ah/52V battery pack in the platform. The bottom 
figure in Fig. 5 satisfies Eq. (9). Through adaptive control 
before filtration, the relative result of target parameters, θ𝑇 = [θ1 θ2 θ3 θ4]𝑇 in Eq. (6) is shown in Fig. 6. The 
convergent trend can be observed in the figure. Online 
estimation of SoH-sensitized parameter Rs and RT 
converge into stable value in 600(s) as shown in Fig. 7 
(upper and bottom). The simultaneous result of estimated 
open-circuit voltage (OCV) is listed in Fig. 7 (middle). 
Fig. 8 shows result of voltage drop by measuring battery 
and system side simultaneously. The peak current 
resulting in voltage drops between battery and system in 
Fig. 8 is compensated by UC. In addition, the deviation 
between battery and system in Fig. 8 is due to the voltage 
drop consumed by harness. The voltage drop of about 
47.3~48.3V regarding discharging ratio of 
25%battery+75%UC in Fig. 8 corresponds to the bottom 
line in Fig. 9. Comparison of measured voltage drop and 

estimated OCV of battery in cases of discharging ratio 

0%, 25%, and 75% is summarized in Fig. 9. Estimated 
results of OCV in three cases are consistent with static 
voltage drop. Here, UC contributes constrained voltage 
drop. Without UC, it becomes gentle slope of voltage 
drop, and peak current causes wider voltage range that 
results in the shortage of life span. 

5. CONCLUSION 

For verifying functions of online monitoring and 
extending life cycle of in-house BMS for RLIB, one 52V 
LiMnNiCoO2 platform is established for testing. The 
solution of extending life span regarding battery is to use 
one suitable UC parallelly connected with BMS. The 
discharging ratio between battery and UC is adjusted 
manually by PWM signal. Particularly, adaptive control 
algorithm is applied for estimating OCV and IRs (RS, RT) 
that concern with parameters of SoC and SoH. In bench 
test, estimated OCVs are consistent with measured static 
voltage drops, and estimated IRs show deviation within 
5% in test cases. It is obvious that UC contributes 
constrained voltage drop so as to prolong life span of 
battery. Consequently, this study examines the 
effectiveness of in-house BMS for RLIB. Next phase, a 
pilot run to install small-scale RLIB in electric vehicle is 
on schedule. For optimizing energy efficiency, several 

cases of using different PWM signal is planned to road 
test. It will support in choosing proper discharging ratio 
of battery for obtaining a minimum voltage range of 
RLIB. 

 

Figure 1. Battery(Batt in figure) in parallel connection 

with UC(ultracapacitor) controlled by PWM integrated 

in BMS 

 

 

 
Figure 2. Adaptive control algorithm has been applied 

in estimating parameters of open-circuit voltage (OCV) 

and Internal resistance (IR) by using battery terminal 

voltage and discharge current as input data 

 

 

Figure 3. Electrical circuit modeling (𝑜𝑐: open-circuit 
voltage, 𝑅𝑠 :first-order resistance, 𝑅𝑡 :second-order 

resistance, and 𝐶𝑡 is capacitance of battery) 
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Figure 4. 52V LiMnNiCoO2 platform 

Table 1. Specification of 52V LiMnNiCoO2 Pack 

 
 

 

Figure 5. working voltage, working current, and 

convergent error of 10Ah/52V battery pack tested in the 

platform 

 

Figure 6. Estimated results of target parameters (θ𝑇 =[θ1 θ2 θ3 θ4]𝑇) 

 
(a) 

 
(b) 

 

(c) 

Figure 7. (a)(b)online estimated internal resistance and 

(c)open-circuit voltage 
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Figure 8. Voltage drop of 25%battery+75%UC (System: 

battery+UC, Battery: only battery) 

 

 

Figure 9. Comparison of measured voltage drop and 

estimated OCV of battery in cases of discharging ratio 

0%, 25%, and 75% 
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Figures

Figure 1

Battery(Batt in �gure) in parallel connection with UC(ultracapacitor) controlled by PWM integrated in BMS



Figure 2

Adaptive control algorithm has been applied in estimating parameters of open-circuit voltage (OCV) and
Internal resistance (IR) by using battery terminal voltage and discharge current as input data



Figure 3

Electrical circuit modeling (_oc: open-circuit voltage, R_s:�rst-order resistance, R_t:second-order
resistance, and C_t is capacitance of battery)



Figure 4

52V LiMnNiCoO2 platform



Figure 5

working voltage, working current, and convergent error of 10Ah/52V battery pack tested in the platform



Figure 6

Estimated results of target parameters (θ^T=[θ_1 θ_2 θ_3 θ_4]^T)



Figure 7

(a)(b)online estimated internal resistance and (c)open-circuit voltage



Figure 8

Voltage drop of 25%battery+75%UC (System: battery+UC, Battery: only battery)



Figure 9

Comparison of measured voltage drop and estimated OCV of battery in cases of discharging ratio 0%,
25%, and 75%
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