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Redox flow battery was first funded by NASA. In 1974, Thaller proposed this new
type of battery and applied for a patent on it. After several decades of development,
the researchers have developed a variety of double-flow battery systems. However,
the double-flow battery uses two kinds of electrolyte, which requires expensive
ion-exchange membrane. Therefore, there are many disadvantages in those battery
systems, such as cross-contamination of electrolyte high cost, large volume and low
specific energy.

In 2004, Pletcher’s team developed a single-flow lead-acid battery with no
ion-exchange membrane [1]. This battery requires only one tank and one pump
compared to the double-flow battery. Therefore, this kind of single-flow battery
reduces the cost and simplifies the structure of the flow battery. It also provides a
new idea for the development of flow battery. In 2007, Yang Yusheng and Cheng
Jie’s team developed a new single-flow zinc-nickel battery [2].

Since the single-flow zinc-nickel battery was proposed, many scholars have
studied it from different angles: Beijing Research Institute of Chemical Defense
studied the effects of electrolyte and electrode materials on the cell performance.
And according to the internal reaction mechanism of the battery, they established a
mechanism model of charge and discharge processes in battery electrode [3].
Beijing University of Chemical Technology [4] studied the relationship of elec-
trolyte flow rate, current density and zinc deposition area capacity. After that, the
effects of them on single-flow zinc-nickel battery charge and discharge performance
has been studied. Dalian Institute of Chemical Physics [5, 6] studied battery per-
formance from the temperature and shape of the electrode material. Internationally,
single-flow zinc-nickel batteries have been studied by the Energy Institute of New
York City University, which in 2014 successfully increase capacity of single battery
to 555Ah, and assembled a 25kWh single-flow zinc-nickel battery pack.
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The experimental results show that, after 1000 cycles of 100% Depth of Discharge
(DoD) tests, battery pack still keep energy efficiency above 80% [7]. This is a
breakthrough of single-flow zinc-nickel battery application.

1 Model of Single Flow Znic-Nickle Baterry

Battery as large energy storage device needs a accurate model to describe its
charge/discharge status and voltage characteristics. The existing battery model
could be divided into electrochemical model, equivalent circuit model and neural
network model. The electrochemical model establishes a positive and negative
electrode model by analyzing the electrode dynamics, diffusion and mass transfer
processes. This kind of model has high accuracy, but it is too complex and difficult
to be applied in actual application. Equivalent circuit model uses voltage source,
resistance and capacitance components to establish a battery model. This kind of
model can simulate the change of battery terminal voltage during charge/discharge
process and the analysis method of this model is clearer and can be deduced from
the theoretical basis of the circuit. Therefore, this modeling method is widely used
in research on external characteristic and dynamic response of battery.

Artificial Neural Network (ANN) model is based on the battery variable
parameters of charge/discharge process, such as voltage, current, internal resistance,
temperature etc. By self-learning and parallel processing capabilities of neural
network, this kind of model can obtain non-linear mapping relation between battery
data and establish battery model. At present, the widely used neural network models
include BP network model, RBF network model [8] and Extreme Learning
Machine (ELM) model [9].

However, because the inputs of ELM are based on the voltage of previous time,
SoC and current of present moment, so when a great change occurred in current,
ELM often cannot accurately track the instant step change of battery voltage. In this
article, based on the advantages of ELM network and the equivalent circuit model,
an improved Extreme Learning Machine model of data driven and equivalent cir-
cuit is established, and compared this proposed model with simple ELM network
model, the superiority of improved ELM model is verified.

1.1 Extreme Learning Machine
The algorithm process of ELM will be described below. The training set is defined

as x; = (X1, %;2. . .,xi,N)T € RV, t; € R. Here, N is the input-output sample number
of the training set. The activation function g(x) which is differentiable on arbitrary
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interval is determined before training. For the standard Single-hidden layer feed
forward neural network with L hidden nodes, the output model of the network is

L
Zﬁi(aixi+bi) =1 j=1..N bi,tjER, OC,'GRN (1)
i=1

where w; is input weight vector o; = (a;1,an. . ., a,-N)T, b; is hidden layer bias and
i represents the ith hidden node. f3; is the output weight connecting the 7 th hidden
node and output node; a;x; is the inner product of o; and x;; ¢ is the jth input-output
sample; (1) can be written in the equivalent form H - § = T, where

g(alvblvxl)a Ty g(aL7bL7X1)
H= : :

g(a17blva)7 T g(aL,bL,XN)

B= 1B, P ~ﬁL]T7 T= [11712,13]T

H is the hidden layer output matrix. The input weights of network parameters
and the biases of hidden layer neurons are given randomly. Therefore f is the only
parameter which needs to be calculated in network. This means it is necessary to

find § which make
o8~ = minjer p 7] 2)

Huang et al. [10] has shown that the least squares solution of above equation is
B=H*T (3)

where H™ is the Moore-Penrose generalized inverse of H.

It can be seen that the ELM network does not need to iteratively adjust
parameters of network, only need to solve the network output weight matrix once
by the number of hidden neurons and the neuron activation function. It means great
improvement in network learning speed and obtaining the global optimal solution
of network parameters.

2 The Proposed Model of Single Flow Zinc-Nickel Battery

As shown in Fig. 1, the single-flow zinc-nickel battery model in this paper is an
improved ELM model which consists of voltage source, resistance and data-driven
ELM model.
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Fig. 1 Improved ELM
model of single flow
zinc-nickel battery
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This model can simulate the variation of terminal voltage during charge and
discharge process. In this model, the voltage source Upc(SoC) describes the
relationship between battery open-circuit voltage Uy and battery SoC. Ry is ohmic
resistance which describes the losses caused by electrodes, electrolytes, and contact
resistance. This resistor can also explain the step change in battery terminal voltage
when a large change occurred in battery current. Open-circuit voltage and ohmic
resistance can be obtained by the method of Ref. [11]. ELM model is used to
describe the changes in polarization voltage when SoC and battery current changed.
To establish the ELM model of single flow zinc-nickel battery, first need to
determine the network input and output variables. The following is commonly used
battery equivalent circuit model expression:

Vou(k) = f(Soc(k)) +1(k)Ro + Ug,c, (k) + Ur,c, (k) (4)
Uric, (k) = Ug,c, (k= 1)e” MG 4 I(k)R, (1 — e TR (5)
UR1C1 <k> = UR1C1 (k - l)e_T/RlCl +I<k)R1(1 - e_T/RICI) (6>

It can be seen that there is a non-linear relationship in battery output voltage
Vou (k) at time k with battery State-of-Charge SoC (k), battery current I(k), battery
polarization voltage (Ug,c, (k), Ug,c,(k)) and other factors at same time. As shown
in Egs. (5) and (6), the polarization voltage of the battery at each sampling time is
affected by polarization voltage (Ug,c,(k—1), Ug,c,(k—1)) at time (k — 1) and
battery current /(k) at same time. Therefore this paper selects polarization voltage
V (k) of cell at time k as the ELM network output variable #(k) = V(k) and selects
current I(k) and SoC(k — 1) at time k, polarization voltage V(k — 1) at time (k — 1)
as the network input vector x(k) = [V(k — 1)SoC(k — 1)1(k)]".
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Fig. 2 Voltage curves of pulsed discharge

3 Obtain Training Data

The test battery is 200 Ah single flow zinc-nickel battery. In order to make
experimental data as much as possible to cover the working scope of battery and
make battery model more accurate, this paper uses the intermittent discharge test on
battery. The test system records battery terminal voltage, current and battery
capacity during discharge process to obtain training data and test data of the net-
work. Figure 2 is voltage curves of pulsed discharge.

4 Establishment and Verification of Model

Based on the experimental data obtained in the previous section, all training
samples and test samples were normalized to reduce the adverse effect of data
variation on network training. The activation function g(x) was selected as sigmoid
function:

1

80 == 1

()

The number of hidden layer neurons, L was set to 100. In order to verify the
superiority of proposed model, a simple ELM model of single flow zinc-nickel
battery was also established and trained by same data sample. The number of
hidden layer neurons in simple ELM model was also set to 100 to ensure consis-
tency with ELM network part of proposed model. Finally, another group of dis-
charge current was used to verify the generalization performance of the two models.
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Fig. 3 Actual voltage and output voltage of model
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Fig. 4 Output voltage error of two models

Figures 3 and 4 are comparisons between output voltage and actual voltage and
output error curves of two models at two different discharge currents. It can be seen
that proposed model is more accurate in simulating actual voltage variation of
battery during standing time. And when current changes greatly, simple ELM
model can not accurately track the variation of battery output voltage which would
increase the error of model. But because of ohmic resistance, the proposed model
can react more quickly than simple ELM model. The root mean square error
(RMSE) of improved ELM model is 0.0077 V, which is less than 0.0106 V of
simple ELM model. So it can be said that the proposed model is more accurate than
simple ELM model.
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5 State-of-Charge Estimation Strategy of Single Flow
Zinc-Nickel Batteryssas

SoC is an important state variable in battery operation. It directly describes the
remaining capacity of battery, and is also an important guarantee for battery safe
operation. However, the SoC of battery can not be directly measured, and affected
by many factors, so it has been a hot and difficult subject in the research of energy
storage.

In this section, based on improved ELM model model established in Sect. 2, the
adaptive unscented Kalman filter which is based on covariance matching is used to
estimate the SoC variation of single flow zinc-nickel battery under intermittent
discharge test. By comparing with AUKF based on simple ELM model, the
superiority of AUKF based on proposed model is verified.

5.1 Battery State-of-Charge Estimation Based on Adaptive
Unscented Kalman Filter

In this paper, Adaptive Unscented Kalman Filter are not described in detail.the state
space equation and output equation of battery must be established when using
AUKEF algorithm to estimate battery SOC. According to improved ELM model of
battery established in Sect. 2, the expressions of battery model can be obtained as:

L
1
Vi) =SB . 8
() ; (ef(a,-[V(kfl)Soc(kfl)I(k)]' +b,~> 11 ®
R(k) = ZAU)SoC(ﬂ (k) +Ag11) 9)
VOCV ZB(/ SOCO +B(}+1 (10)

where o; is input weight vector, b; is hidden layer bias, f5; is output weight and
i represents the ith hidden node. R(k) and Vpcy (k) are the values of the ohmic
resistance and the open circuit voltage at time k fitted with 10th order equations,
respectively. (k) and V,, (k) are current excitation and terminal voltage of the
battery at time K, respectively.

According to the current integration method, the calculation equation of battery
SoC can be obtained as:
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SoC = SoC(0) + /Mdt (12)
0

where 7 is battery charge and discharge efficiency. It is generally assumed that
n =1 in charge process and 0 <5 <1 in discharge process. SoC(0) is initial value
of SoC. C, is battery rated capacity, for 200Ah single flow zinc-nickel battery,
C, =200 Ah. And i(r) represents the real-time current of battery and it is positive
in charge, negative in discharge. The discretization of (12) is:

I(k—1)T

SOC(k) = SOC(k— 1)+~

(13)

Combining battery model and current integration method expression, taking
battery model output voltage V(k — 1) and SOC(k — 1) at time k — 1 as state
variables, and model output voltage V,,, (k) at time k is taken as output variable.
The state equation and output equation of battery model can be obtained as:

L
1
|: V(k) :| _ ; ﬁl' (e—(x;[v(k—l)SoC(A-—])I(k)]T+b,-)+ l) + Wik (14)
SOC(k) 10T
SOC(k— 1)+ o
10 10

(15)

where wy and vy are process noise and measurement noise, respectively.

6 Experimental Verification and Analysis

In order to verify the estimation ability of above algorithms, AUKF algorithm based
on proposed model and AUKF based on simple ELM model are used to estimate
the variation of battery SoC under pulsed discharge as described in Sect. 2. In most
cases, the initial value of SoC can not be accurately obtained and this is one of the
reasons why current integration method can not accurately estimate battery SoC.
Therefore, a good estimation algorithm should have good anti-jamming ability for
initial SoC error. In order to verify the robustness of above algorithms to initial
error, the initial SoC value is set to 80%, but actual initial value is 100%. Figure 5
and Fig. 6 are estimation results and estimation errors of two algorithms.
Both AUKEF based on proposed model and AUKF based on simple ELM model
show strong ability to correct initial error of SoC. But under same ELM network
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Fig. 5 Estimated SoC of AUKF based on proposed model and AUKF based on simple ELM
model
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Fig. 6 Estimated SoC of AUKF based on proposed model and AUKF based on simple ELM
model

model, the RMSE of AUKF based on proposed model is 0.0178, and RMSE of
AUKEF based on simple ELM model is 0.0222. Therefore, it can be said, AUKF
based on proposed model improves the accuracy of estimation.

7 Conclusion

A novel redox flow battery—single flow Zinc-Nickle battery is introduced in this
paper. Based on battery simple ELM model, this paper proposes a improved ELM
model model combined with equivalent circuit and ELM for the problem that
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simple ELM model can not track the variation of voltage rapidly when current
changes greatly. It is proved that the proposed model can simulate the variation of
battery terminal voltage during discharge process with higher precision. Finally,
based on this improved ELM model model, AUKF algorithm is used to estimate
battery SOC, which proves that the proposed algorithm can converge quickly and
has higher precision compared with AUKF based on simple ELM model. The study
provides a basis for the control, optimization and energy conversion of single flow
Zinc-Nickle battery energy storage system, and also provides a reference for its
further research and application.
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