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Abstract: The accurate monitoring of state of charge (SOC) and state of health (SOH) is critical for
the reliable management of lithium-ion battery (LIB) systems. In this paper, the online model
identification is scrutinized to achieve high modeling accuracy and robustness, and a model-based
joint estimator is further proposed to estimate the SOC and SOH of LIB concurrently. Specifically,
an adaptive forgetting recursive least squares (AF-RLS) method is exploited to optimize the
estimation alertness and numerical stability, so as to achieve accurate online adaption of model
parameters. Leveraging the online adapted battery model, a joint estimator is proposed by
combining an open-circuit voltage (OCV) observer with a low-order state observer to co-estimate
the SOC and capacity of LIB. Simulation and experimental studies are performed to evaluate the
performance of the proposed data-model fusion method. Results suggest that the proposed
method can effectively track the variation of model parameters by using the onboard measured
current and voltage data. The SOC and capacity can be further estimated in real time with fast
convergence, high accuracy and high stability.

Keywords: state of charge; state of health; model identification; estimation; lithium-ion battery.

1. Introduction

Lithium-ion battery (LIB) is one of the leading energy storage technologies and has been
widely applied in many fields like modern electric grids, portable electronics, and transportation
electrification [1, 2]. To date, lots of efforts have been made to the improvement of cell chemistry,
material and component. However, LIBs are typically complicated in the electrochemical
perspective and the performance is easily degraded in the long-term operation. To this end, a
high-fidelity battery management system (BMS) that accurately monitors the key battery states is
critical for the safety, efficiency and life expectancy of LIB systems.

The state of charge (SOC) is the most important variable to be monitored in BMS. The accurate
monitoring of SOC contributes to preventing the unsuitable over-charge or over-discharge which
causes irreversible damage to LIB. The coulomb counting (CC) method is most widely used for
commercial BMS products due to its simplicity and low computing cost. However, CC method is
vulnerable to the current measurement error and depends on an accurate knowledge about the
initial SOC, which problematize its application. The open-circuit voltage (OCV) measurement
method is straightforward but needs a long relaxation time to obtain the accurate OCV, which is
unrealistic in the continuous and dynamic load conditions.

The model-based observers enjoy the merits of high accuracy and robustness, thus have been
widely studied for online SOC estimation in the literature [3]. An accurate battery serves as the
prerequisite of this category of methods. In terms of LIB, existing models include the
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45 electrochemical model [4-7], black-box model [8-10], and equivalent circuit model (ECM) [11, 12].
46  Amongst others, the ECMs have better trade-off between the model accuracy and complexity and
47  thus are favorable candidates for the real-time application in micro-controller units. Generally, the
48  dynamic behavior of LIB is simulated with ECMs, while the battery states are online estimated with
49 a variety of observers, such as the Luenberger observer [13], extended Kalman filter (EKF) [14-16],
50  square root cubature Kalman filter [17], unscented Kalman filter (UKF) [18, 19], sliding mode
51 observer (SMO) [20], particle filter (PF) [21], nonlinear observer [22], etc. For these methods, the
52 ECMs are calibrated offline and the model parameters are assumed to be fixed during the operation.
53 Nevertheless, the model parameters of ECMs are typically affected by many factors, such as
54 temperature, C-rate, SOC, and battery ageing status [23]. The lack of model adaption may decline
55  the model robustness and estimation accuracy largely as the LIB systems are commonly operated
56  under highly dynamic working conditions in real applications. In light of this, the integrated model
57  identification and state estimation has been investigated to improve the overall robustness in recent
58  years.

59 The existing co-estimation methods can be broadly categorized into three groups. The first
60  group is called joint estimation which lumps the OCV and model parameters in one state vector for
61  joint estimation with advanced filters, such as recursive least squares (RLS) [24] and KF-based
62  methods [25]. The SOC is then inferred from the pre-calibrated SOC-OCV look-up table. The joint
63 estimation methods manifest themselves with one filter to extract all the variables of interests, but
64  the stability is a major challenge if model uncertainties are significant. The second group is called
65  dual estimation which use two parallel filters to observer the model parameters and battery states
66  concurrently [26]. For example, Xiong et al. [27] proposed a multi-scale dual extended Kalman filter
67  (DEKF) to track the slow-varying model parameters and the fast dynamics of SOC accurately.
68  Recently, the dual estimation method with different filtering techniques, i.e. EKF-based model
69  identification and PF-based state estimation, was proposed for LIB management [28]. The third
70  group is the data-model fusion method, which online identifies the model parameters with
71  data-driven methods such as RLS, while simultaneously estimates the SOC with advanced filters
72 [15, 29-31]. In recent years some modified methods like the vector-type RLS [32] was proposed to
73  improve the performance of model parameters identification. This method is theoretically
74  computationally efficient compared to the dual and joint estimation methods due to the low
75  computing cost of RLS. For all the three groups of methods, the model robustness and estimation
76  accuracy can be well improved, but the careful tuning is required to guarantee the algorithmic
77  convergence and numerical stability. Also, the computing complexity may potentially barrier their
78  application in low-cost micro-controllers, especially if using high-order models or observing
79  multiple battery states. To this end, necessary modification will be of value to further improve the
80  performance of estimation. Moreover, the instantaneous capacity is involved in the state-space
81  formula of the model-based observers, thus the online update of it is critical to ensure a sufficient
82  SOC accuracy over a long term operation.

83 The capacity is a direct indicator describing the state of health (SOH) of LIB. In the literature,
84  the SOC and capacity were estimated concurrently with DEKF [33] and dual nonlinear predictive
85 filter (DNPF) [34]. However, the model parameters are not fully adapted thus the robustness to
86  dynamic working condition and ageing can be further improved. Alternatively, the capacity was
87  lumped to the parameter vector, afterwards the model parameters and SOC were estimated
88  simultaneously with DEKF [26, 35] to guarantee a high robustness. However, the dual and
89  high-order EKF framework may suffer from instability issues and high computing cost which
90 should be carefully addressed in real applications [36]. In Ref. [36], a multi-timescale estimator was
91  proposed with the SOC estimated by a second-order EKF in micro timescale while the model
92  parameters updated by an offline fourth-order EKF in the macro timescale. In Ref. [37], multiple
93  proportional-integral estimators are formulated based on an electrochemical model to realize the
94 concurrent estimation of impedance, SOC and capacity.

95 Although lots of efforts have been made towards the online estimation of SOC and SOH, major
96  challenges still exist to improve the robustness and stability while lower down the computing cost.
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97  In this paper, a new data-model fusion method is proposed to observer the SOC and SOH of LIB

98  simultaneously based on an online adaptive battery model. The first-order RC model is adopted

99  with the model parameters online identified with an adaptive forgetting recursive least squares
100 (AF-RLS) method to enhance the tracking ability and numerical stability. Leveraging the online
101  parameterized model, a joint estimator based on OCV pre-estimation and a low-order state
102 observer is proposed to co-estimate the SOC and capacity, with the expectation to guarantee the
103 stability and reduce the filtering dimension. Simulation and lab-scale experiments are further
104 performed to verify the feasibility of the proposed method.
105 The rest of paper is organized as follows. The battery modeling and AF-RLS-based model
106  identification are detailed in Section 2. The co-estimation of SOC and capacity with a simple OCV
107  observer and HIF is put forward in Section 3. Section 4 and 5 present the simulation and
108  experimental results to verify the proposed method. The main conclusions are drawn in Section 6.

109

110 2. Battery Modeling and Identification

111 2.1 Battery Modeling

112 An ECM with higher order can better reproduce the LIB dynamics with multiple time
113 constants, but the higher computing complexity is not favorable for online embedded systems. Hu
114 etal. [11] systematically studied the ECMs used for LIBs and found the first-order RC model kept a
115  good trade-off between the model precision and computing complexity. The first-order RC model
116  as shown in Figure 1 is thereby adopted in this paper to simulate the dynamics of LIB in use. The
117 voltage source is used to simulate the OCV which is SOC-dependent. Rs is the ohmic resistance. The
118 polarization resistance (Rp) and capacitance (Cy) construct a RC network to simulate the transient
119  dynamics of LIB.

120
Vo=SOC
)
&
O
121 =
122 Figure 1. Circuit diagram of the first-order RC model.
123 The following governing equations can be written to describe the electrical behavior of the
124 first-order RC model in use:
av, vV
125 C,—*+—+=1 (1)
dt R,
126 V.=V,-V,—IR 2

127 where I is the load current which is defined as positive for discharge process throughout this paper,
128  Vy and V: are the polarization and terminal voltages, respectively. The OCV is a nonlinear function
129 with respect to SOC. In this paper, the SOC-OCV function is determined by polynomial fitting to
130 the offline tested SOC-OCV correction as:

131 Ve=f(2)="cz 3)
132 where z is the battery SOC, np is the order of polynomial fitting (1, = 5 in this paper), ci is the

133 polynomial coefficient obtained by the least squares-based curve fitting. The measured and
134 curve-fitted SOC-OCYV relations are shown in Figure 2.
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137 Figure 2. Measured and calibrated correlation between the SOC and OCV.

138 2.2 Online Identification of Model Parameters

139 This paper identifies the model parameters by formulating a regression problem. A new
140  variable is defined as y = Vi — Vi, then the transfer function of Eq. (1) can be expressed as:
(s) R +R,+RR,C,s

141 £ @)
1(s) 1+R,C,s
142 By adopting the bilinear transforms=2 (g-1) / t/ (9 + 1), Eq. (4) can be re-written as:
N b, +bg™
143 y(qil) “otod 5)
Ig7) l+agq
144 where
t,—2R,C,
a=—--—-"2"
t,+2R,C,
Rt +Rt +2RR C
145 by = - b TR ()
t,+2R,C,
__Ri+R-2RR,C,
1 t,+2R.C,

146  where t: is the onboard sampling interval. From Eq. (5), the following discrete-time expression can
147 be written as:

148 Vi =00, )
149 where Ok = [a1x  box bix]", @k =[-yk1 Ik Ik1]T. Then the model identification problem boils down
150  to solving the regression model represented by Eq. (7).

151 2.3 Adaptive Forgetting Recursive Least Squares

152 A classical method to solve Eq. (7) is the RLS method. The estimation law of RLS is given by:
153 Parameter vector update law:
154 ék = ék—l +L, (yk _6:—1q)k) (8)
155 Gain update law:
-1
156 L, =P_0, (ﬂ’ +0, P, ) 9)
157 Covariance matrix update:
P, P
158 P, =1(Pkl BLALA k-‘] (10)
A A+¢,P_ 0,
159 The basic RLS assumes that A = 1, which makes the covariance matrix decays gradually thus

160  the algorithm cannot retain necessary alertness or adaptivity to track the time-varying parameters.
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161 One simple method to ensure the estimation alertness is to use a forgetting factor of A <1,
162 which means heavier weights are given to the more recent data. However, the selection of
163  forgetting factor is an interesting trade-off that should be addressed carefully. Specifically, a small A
164 leads to large P and L thus the estimates tend to be uncertain. In contrast, a large A potentially
165  causes the loss of tracking capability for fast-varying parameters. This can be explained by
166  analyzing Eq. (10): under sufficient excitation, the term on the right-hand side inside the square
167  brackets decays faster than it is inflated by the multiplier 1/ A, resulting in the gradual decay of
168  covariance matrix.

169 Moreover, the exponential forgetting potentially leads the covariance wind-up problem under
170  the low excitation condition. This is because the term Pr1¢px in this case is close to zero, thus Eq. (10)
171  becomes P« = Px/ A indicating that the covariance matrix grows exponentially. When the excitation
172 recovers, the covariance matrix and gain have been very large which cause large fluctuations on the
173 estimation.

174 In seeking to overcome the aforementioned drawbacks of basic RLS and RLS with exponential
175  forgetting, the use of adaptive forgetting factor is suggested by modifying Eqgs. (9) and (10)
176  according to [38]:

-1
177 L, =P_o, (1+(pZPk—1(Pk) (11)
62

178 A=l (12)
’ G(1+(P2Pk—lq)k)

179 W, =(I-L,o; )P, (13)

180  where ¢ is the estimation residual calculated by:

181 &=y~ 0,0, (14)

182 To impose an upper bound on the covariance matrix, P is updated as [39]:
W, /4., trace (W, /A)<C

183 Pk={ R (." ) (15)
W, otherwise

184 The above update laws comprise the AF-RLS which will be used in this paper for the online

185  identification of model parameters. It is clear that the forgetting factor is online adaptive, with A
186  automatically set close to 1 when the estimation residual is small while set to a small value when
187  the estimation residual is large. It should be noted two more tuning parameters have been
188  introduced by the adaption of forgetting factor, i.e. the gain (0) controlling the sensitivity of
189  forgetting factor to the output mismatch and the upper bound to the trace of covariance matrix (C).

190

191 3. Co-estimation of SOC and SOH

192 Based on the online adaptive model described in Section 2, this section further seeks to
193 propose a low-order estimator to estimate the SOC and SOH jointly. The capacity is used as the
194 indicator for SOH in this paper.

195 3.1. H-infinity Filter

196 Compared with the well-known Kalman filtering (KF) based methods, the HIF can better
197  withstand the modelling uncertainty and the estimation accuracy is not dependent on the
198  knowledge of noise statistics. It is thereby expected that the estimation will have a better robustness
199  to the model uncertainty and noise statistics [40]. A general nonlinear discrete-time state-space
200  equation is expressed as:
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X, = F(x,u,)+w,
201 Y =G (x,u, )+, (16)
8, =h;x,
w, ~(0,Q).v, ~(0.R)
202  where x;, ux and y« are the system state, input and measurement, respectively; wk and vk are
203 respectively the process and measurement noises with covariance matrices Q and R; &« is a linear
204  combination of different system states while ht is a user-defined matrix. The state-space model
205  represented by Eq. (16) aims to obtain the optimized estimate of dx. It is needed to set hx = I if xx is
206  estimated directly. The solution of HIF can be boiled down to minimize the following cost function:
A 12
LB =84
207 3= — T > 5 (17)
"XO Xl + Zk:O ("Wk "Q;‘ +||vk "R;‘ )
208  where Sk and Po are user-defined symmetric positive matrices. To ease solving the optimization
209  problem defined by Eq. (17), a performance bound () is defined to arrive at an optimal estimation
210  strategy which ensures that the cost function is smaller than 1/ 7. The general procedures to
211  implement the HIF are summarized in Table 1.

212 Table 1. Algorithmic procedures of HIF
~ OF . dG
Definition: A, =— C, =—
aX X =% aX X, =%p

Initialization: %x;, P/, Q, R, So, T
For k=1, 2, ...

Update of priori state: X, =F(3.u,)

Update of priori error covariance: P, =A,_P A" +Q

Update of symmetric positive matrix: M, =h;S,h,

Update of gain matrix: K, =A,P, (I—z’MA,P; +C'R'C,P; )_1 C'r
Update of posteriori state: X, =X, +K, |:yk ~G(%.u, )J

Update of posteriori error covariance: P =P, (I —tM, P, +C'R'C,P; )71

213 3.2. OCV Observation

214 With the HIF detailed in Section 3.1, the SOC and capacity can be observed in real time by
215 using the procedures summarized in Table 1.

216 The existing state observers typically lump multiple system states including the polarization
217  voltages and the LIB states of interests into one vector for observation. A potential problem is that
218  the filtering with high order is prone to high computing cost and low stability due to the
219  high-dimension matrix operation and the cross interferences among multiple system states. In light
220  of this, order reduction is always plausible for the accurate state estimation. This paper thus also
221  seeks to propose a low-order state observer for SOC and SOH joint estimation. To realize this, a
222 simple OCV observer is first proposed. It is clear that Eq. (7) can be rewritten in the discrete-time
223 domain as:

224 Vik =Voer =4 (V;,k—l Vi ) +byd, +b1, (18)
225 Adopting transposition to Eq. (18) yields:
226 Voer = I}ac,k +4, (19)

227  where VA'UC’ . and Ax are the OCV estimate and the estimation residual, which can be expressed as:


http://dx.doi.org/10.20944/preprints201806.0346.v1
http://dx.doi.org/10.3390/en11071810

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 June 2018 d0i:10.20944/preprints201806.0346.v1

poo- VietaV, =bd, =bl,

oc,k

1+
228 “ (20)
a
A= 1+la1 (Voc,k - Voc,k—l)
229 It is shown that the estimation residual is close to zero if the OCV changes slowly during two

230  adjacent sampling times. The V.

oc,k

can thereby be viewed as the OCV estimate with small

231  disturbances. The deduction in this subsection is a general framework thus can be easily extended
232 tofit to higher-order RC models.

233 3.3. Joint Estimaiton of SOC and Capacity

234 The capacity is used to infer the SOH of LIB. A close-loop observer is formulated here by using
235  the online adapted ECM to online estimate the SOC and capacity concurrently. The state-space
236  model in the form of Eq. (16) should be formulated firstly to allow the use of HIF in Table 1.

237 As a major difference from the existing joint estimators, in this paper, the I}gc in Eq. (19) is

238  viewed as the noisy system measurement. In this regard, the polarization voltage (V) can be ruled
239 out from the state vector as it has no correlation with the OCV. Therefore, the state vector is defined

240  as x = [z, 1/Q]", while the system input and output are defined as I and 7,

oc’/

respectively. The
241  following state-space formula can then be formulated:

1 —-nt 1,
X, =F(x,,u,)+w, = TRIx, +w
242 k+1 ( k k) k |:O 1 :| k k (21)
I}oc =G(x,,u, )+,
243 where G(xx, u) is the function of OCV with regard to the system state and input, which can be

244  determined by the calibrated SOC-OCV function expressed by Eq. (3).

245 Referring to the state-space formula expressed by Eq. (21), the reference matrices ( A, and C,)
246  inTable 1 can be expressed as:
N 1 -l
A, = OF | = Ml
x|, i |0 1
247 (22)
ék = 96 _| V] 0
x X =% dz =%
248 The HIF can then be used to keep tracking of both the SOC and capacity leveraging the

249  described definitions and algorithmic procedures. As the polarization voltage has been ruled out
250  from the state vector, the dimension of filtering is effectively reduced. It has to be pointed out that
251  the dimension compression will be more significant based on the proposed method if models with
252 higher orders are in use.

253

254 4. Simulation Study

255 This section aims to verify the feasibility of the proposed method on both online model
256  identification and state joint estimation with simulations. An ideal battery model is used to
257  eliminate the modeling uncertainties, so that the method can be well evaluated from the pure
258  theoretical prospective.

259  4.1. Data Acquisition

260 The first-order ECM as shown in Figure 1 was built in Matlab/Simulink Environment. The
261 OCV was defined with the calibrated SOC-OCV function of the cell in use. The ohmic resistance
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262  and polarization resistance were defined to be time-variant, while the polarization capacitance was
263  assumed to be constant at a user-defined value. A user-defined hybrid pulse test (HPT) and the
264  Federal Urban Dynamic Schedule (FUDS) were used in this section to test the performance of the
265  proposed method. The current profiles were loaded to the ECM in Simulink and the corresponding
266  terminal voltage and SOC were obtained accordingly. The current and voltage data of the two
267  simulations are shown in Figure 3.

268
| Current Voltagel 45 Voltagel j 5
Lo 35 _
= - 2.5 S 4.5 3 >
S g T3 | S
g s 225 | :
3 -] 2 15 =
= g 2 £
o = o 05 =
= 5 = J =
= 0.5 =
15
-2 -2.5
0 1 2 3 4 5 0 1 2 3 4 5
Time (h) Time (h)
269 () (b)
270 Figure 3. Load current and terminal voltage of simulation study: (a) HPT; (b) FUDS.
271 4.2. Simulation Results
272 The simulated current and voltage data are used to verify the proposed method. As no prior

273  knowledge can be obtained on the model parameters and system states, the algorithm is randomly
274  initialized as follows throughout this paper of not otherwise defined: Rs = Ry = 10 mQ, Cy = 1 kF,
275  SOCo=60%, Qo=1.8 Ah.

276 The results of online model identification under the HPT condition are shown in Figure 4. It is
277  shown that the proposed method can track the change of all parameters effectively. The
278  identification experiences a short transition time with certain overshooting for the correction of
279  erroneous initialization at the initial stage, and afterwards the model parameters have been
280  identified with reasonable accuracy. The online adaption of model parameters facilitates keeping a
281  high modelling accuracy and a good robustness for state estimation.

282 The results of SOC and capacity joint estimation under the HPT are shown in Figure 5. As
283  shown, the proposed method keeps tracking of the reference SOC accurately with rapid
284  convergence from the large initialization error of 35%. The estimation error has been well confined
285  to 1% error bound for the entire simulation. The capacity estimation is also shown to converge to
286  the expected value. However, the convergence is much slower compared to the estimation of SOC.
287  This is because the capacity changes very slowly in real applications, so that a very small process
288  noise covariance component is assigned to the capacity-relevant state to stabilize the estimation. It
289  can be observed that the estimated capacity matches closely with the reference value once the
290  algorithm converges.

291
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Figure 4. Results of online model parameters identification under the HPT of simulation study.
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Figure 5. Results of SOC and capacity joint estimation under the HPT of simulation study: (a)
estimation of SOC; (b) estimation of capacity; (c) error of SOC estimation; (d) relative error of
capacity estimation.

Results of online model identification and state joint estimation under the FUDS condition are
shown in Figure 6 and Figure 7, respectively. Similar to the case under HPT condition, the proposed
method shows an easy convergence and a high accuracy on model identification, SOC and capacity

estimation.

To give a quantitative evaluation for the algorithmic performance, the mean absolute error
(MAE) and rooted mean square error (RMSE) of SOC estimation as important performance
measures are summarized in Table 2, while the mean relative error (MRE) and RMSE of capacity
estimation are summarized in Table 3. It should be noted that all the performance measures are
calculated after the estimation converges to the 10% error bound, in seeking to rule out the
uncertain impact of the convergence process. Results suggest that the estimation is of high fidelity
in terms of online estimation, thus the theoretical feasibility of the proposed method has been

confirmed.
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311 Figure 6. Results of online model parameters identification under the FUDS of simulation study.
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313 Figure 7. Estimation results of SOC and capacity under the FUDS of simulation study: (a) estimation
314 of SOC; (b) estimation of capacity; (c) error of SOC estimation; (d) relative error of capacity
315 estimation.
316 Table 2. Algorithmic performance on SOC estimation for the simulation study
Measure HPT FUDS
MAE 0.26% 0.23%
RMSE 0.33% 0.27%
317 Table 3. Algorithmic performance on capacity estimation for the simulation study
Measure HPT FUDS
MRE 1.70% 1.16%
RMSE 2.32% 1.95%

318
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319 5. Experimental Study

320 The simulation study in Section 4 is based on an ideal ECM to evaluate the proposed method
321  from the theoretical prospective. It should be noted that both the model identification and state
322  estimation can be adversely impacted by modeling uncertainties, such as the fitting error of
323 SOC-OCV correlation and the unmodeled battery dynamics. Therefore, the proposed method is
324  further evaluated with lab-scale experiments in this section.

325  5.1. Experimental Setup

326 Experiments are performed on a Samsung 18650 lithium-ion battery which has a nominal
327  capacity of 2200 mAh. The hybrid pulse current as shown in Figure 3 (a) is inputted to the LIB with
328  a cell-level battery testing system, while the terminal voltage are collected accordingly. The current
329  and voltage sensors have measurement ranges of 10 A and 5 V respectively, while the error limits of
330  sensing are both within 0.05%. The ambient temperature is controlled at 22°C for all experiments.
331  The data of interests are sampled at 1 Hz by using a data acquisition system and stored in a host
332 computer.

333 5.2. Reference Data Extraction

334 The reference SOC profile is required to verify the result of SOC estimation. It is well known
335  that the CC method can obtain the reference SOC accurately if the cell can be preset to a known
336 SOC. To achieve this, the cell is fully charged under the CCCV mode and then discharged to the
337  desired initial SOC by CC. The reference SOC can then be obtained for the entire experiment with
338  the known initial SOC.

339 The verification of propose method on model identification results requires the reference
340  values of model parameters. For this purpose, several time points are selected at a defined time
341  interval during the HPT. Around each time point, a set of current and voltage signals are sampled,
342 based on which the reference values of model parameters can be extracted offline. Specifically, Rs is
343 calibrated by the instantaneous voltage jump following a step change of current, i.e. R=AV: / Al. As
344 OCVs can be known from the CC-based reference SOCs, Ry and Cy can be determined by fitting the
345 voltage responses to real measurements.

346  5.3. Experimental Results

347 The experimental results of online model identification are shown in Figure 8. From the offline
348  calibration results, it is shown that all the model parameters exhibit time-variant features which
349 further confirm the necessity of online model adaption to keep a sufficient modeling accuracy. To
350  this end, the existing observing techniques with fixed battery models are theoretically less accurate
351  due to the lack of adaptability to the variation of working conditions. By using the proposed
352  method, it is observed that the identification converges from the initialization error and tracks the
353  varying model parameters with reasonable accuracy. The error-prone and time-consuming model
354  calibration can thereby be avoided with the mechanism of online model adaption.

355 Based on the online adapted model parameters, the SOC and capacity are estimated jointly and
356  shown in Figure 9. It is shown that the estimated SOC converges very fast from the large
357  initialization offset, and afterwards the trajectory of reference SOC has been projected accurately
358  with the error confined to 1% error bound throughout the experiment. By comparison, the
359  estimated capacity also converges stably to the reference value, but the convergence is slower than
360 the SOC estimation. Once the estimation converges, the capacity estimation error is well
361  constrained within 5%. The performance measures including MAE and RMSE are summarized in
362  Table 4 to give a quantitative evaluation. Compared to the simulation results in Table 2 and Table 3,
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363 the accuracy is slightly lower but is still quite favorable in terms of online estimation. Is spite of the

364  existence of model uncertainties in real experiments, the estimation proves to be highly accurate for
365  both SOC and capacity.

100
| Identified Q  Reference vumel
5 80 F b
£ W
=" 60F 1
40 . . : .
0 1 2 3 4
Time (h)
70
| Tdentified QO  Reference wﬂuel
= s0f .
g o
= 30 ° ° e ° .
10 L
0 1 2 3 4
Time (h)
4
3 Tdentified Q  Reference value | |
2, ]
SRl (&
s ]
0 L . . L
0 1 2 3 4
3 66 Time (h)
367 Figure 8. Results of online model parameters identification for experimental study.
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369 Figure 9. Estimation results of SOC and capacity for experimental study: (a) estimation of SOC; (b)
370 estimation of capacity; (c) error of SOC estimation; (d) relative error of capacity estimation.
371 Table 4. Algorithmic performance on SOC and capacity estimation for the experimental study
Measure SOC Capacity
MAE 0.45% 0.045 Ah (MRE = 2.10%)
RMSE 0.46% 0.073 Ah (MRE = 3.38%)
372
373 6. Conclusions
374 This paper proposes a new data-model fusion method for SOC and SOH co-estimation based

375  on an online adaptive battery model. The model parameters are online identified with the AF-RLS
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376
377
378
379
380
381
382
383
384

method to keep high modeling accuracy and robustness. Based on the online adaptive model, a
joint estimator based on OCV observation and a low-order state observer is proposed to achieve the
co-estimation of SOC and capacity. Simulation and experimental results suggest that the proposed
method can keep tracking of the model parameters effectively. The SOC and capacity estimation
have also been verified with fast convergence, high accuracy and high stability. As a data-driven
method, the proposed method online requires the onboard measured current and voltage data thus
has a good prospect for real applications in BMSs.
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