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A B S T R A C T
In this paper, a three-dimensional state-space model of the metal hydride tank is formulated and
analysed. Before the identification of the unknown parameters of the model, we first analysed their
identifiability, i.e., whether we can obtain a unique unknown parameter vector from the available
information. Secondly, due to the large number of unknown parameters in the proposed model, the
identification of all the unknown parameters requires huge computational costs. In order to reduce
the number of unknown parameters that need to be identified, we performed a sensitivity analysis of
unknown parameters for the developed model. Finally, since the model has two outputs, we performed
single-objective and multi-objective identification on the same experimental data, and the results show
that multi-objective identification is more effective.

1. Introduction
The metal hydride (MH) tank, a widely used container

for solid-state hydrogen storage, has been modelled and
studied since the 1980s. The chemical reaction between MH
and hydrogen can be expressed as the following equation.

𝑀 + 𝑥
2
𝐻2

absorption
↔desorption 𝑀𝐻𝑥 + Δ𝐻, (1)

where 𝑀 is the metal alloy, 𝑀𝐻𝑥 is the metal hydride
and Δ𝐻 is the reaction heat. Suda et al. [30] investigated
the reaction kinetics of alloys such as LaNi5 during the
adsorption and desorption process and modelled the reaction
rate constants for these two processes using two functions. At
the same time, they found that mixing increases the number
of metal hydrides and improves the reaction kinetics. Mayer
et al. [19] studied the heat and mass transfer properties of
metal hydride reaction beds and established a correspond-
ing model. The established model is consistent with the
experimental results, so the model can be used to predict
the kinetic behaviour of the reaction bed. Besides, the Van’t
Hoff equation was used for the calculation of equilibrium
pressure. Subsequently, the heat and mass transfer modelling
of metal hydride storage tanks of different shapes and dif-
ferent materials has been intensively investigated by many
researchers [1, 6].

In these different models established, there exist a num-
ber of unknown parameters. For the unknown parameters of
a system, it is possible to estimate their values by measuring
the system’s inputs and outputs through identification tech-
niques. However, this leads to a fundamental question: can
a unique set of unknown parameters be determined solely
based on the given inputs and outputs? Addressing this issue
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requires solving the identifiability problem, which assesses
whether the model structure permits a unique parameter
solution under the provided data. Identifiability can be cate-
gorised into point identifiability and structural identifiability
[26]. Structural identifiability methods can be used for mod-
els with less than 10 states and parameters [26]. For models
with more states and parameters, local point identifiability
is the only approach. Point identifiability analysis is mainly
based on the sensitivity of the model’s output. From the
point of view of output sensitivity, a larger output change
caused by the same percentage of system parameter change
indicates that this parameter has a larger output sensitivity.
Therefore, if the system output has a high sensitivity for
a small variation of a parameter, then it is more likely
that the parameter can be recovered based on the output
information, i.e. this parameter is likely to be identifiable.
The matrix composed of the output sensitivity coefficients of
each parameter is the output sensitivity matrix [20]. Jacquez
et al. [14] proposed the correlation method; They used the
linearization in parameter space around the prespecified
value to check the local identifiability and judge whether
the parameters are distinguishable from each other based
on the column correlation of the sensitivity matrix. Yue
et al. [33] proposed the orthogonal method and a forward
selection algorithm is used to analyse the identifiability of
the parameters. Besides, there is also the eigenvalue method
proposed by Vajda et al. [31], the tuning importance method
[12], among others.

After determining that the parameters are identifiable,
the unknown parameters can be identified based on the sys-
tem output. Small variations in each unknown parameter can
affect the system output differently, so sensitivity analysis
of the unknown parameters in the system is required to
determine the effect of each parameter on the system output,
thus reducing the number of parameters that need to be
identified. Christopher et al. [8] classified sensitivity analysis
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methods into 3 main categories: mathematical, statistical
and graphical methods; They selected 10 different sensi-
tivity analysis methods and analysed them in comparison
with some criteria. Choi et al. [7] used Multi-Parametric
Sensitivity Analysis (MPSA) to analyse the relative impor-
tance of factors influencing the natural attenuation of min-
ing contaminants. Similarly, Correa et al. [10] used MPSA
to analyse parameter sensitivity in the Proton Exchange
Membrane Fuel Cell (PEMFC) model. MPSA requires the
determination of nominal parameters and a large number of
Monte Carlo simulations are needed to perform the anal-
ysis, which can be time-consuming when the number of
parameters is large. Benchluch et al. [3] used the trajectory
sensitivity technique to analyse the parameter sensitivity of
nonlinear excitation system models. This method does not
require linearization of the model and can be used to obtain
the sensitivity directly from the nonlinear model. For MH
tanks, Suarez et al. [29] investigated the sensitivity of three
parameters of the MH tank model that change significantly
from a healthy to a degraded state. Xiao et al. [32] proposed
a new multi-parameter sensitivity analysis method, which is
based on the Latin hypercube sampling and the rank corre-
lation method, then they investigated the sensitivity ranking
of 10 parameters in the pressure-composition-temperature
(PCT) curve model according to this new sensitivity analysis
method.

After obtaining the results of the analysis of parameter
sensitivity, the unknown parameters of the model need to
be identified. For systems with only a single output, it is
sufficient to use a single objective function, but for systems
with multiple outputs, not all outputs might be fitted simul-
taneously due to structural uncertainty. Besides, for contra-
dictory multiple objectives, the use of single objective op-
timisation methods is also inappropriate. Therefore, multi-
objective optimisation methods are needed. Qian et al. [25]
designed the shape of the wind-to-heat system blades using
multi-objective optimisation based on the Particle Swarm
Optimisation (PSO) algorithm and compared it with single
objective optimisation. Nyamsi et al. [24] presented a multi-
objective optimisation approach to minimise the hydrogen
absorption/desorption time of the MH tanks, where the
optimal solution was selected on a Pareto front.

The objective of this paper is to develop a state-space
model of the MH tank and to analyse the identifiability
and sensitivity of the unknown parameters in this model.
Based on the experimental data, a multi-objective optimi-
sation method is used to identify the unknown parameters
in the model. The paper is organized as follows: Section 2
presents a three-dimensional state-space model of the MH
tank. Section 3 analyses the parameter identifiability of the
MH tank model using the correlation method. In Section
4, the First-order Trajectory Sensitivity Analysis (FOTSA)
method is used to analyse the parameter sensitivity for the
proposed MH tank model. Section 5 identifies the unknown
parameters in the model using the PSO algorithm and the
paretosearch algorithm for single and multi-objective iden-
tification and compares the results of the two identification

methods. Finally, the conclusions and future work are pro-
vided in Section 6.

2. Model of the MH tank
In previous literature [15], a three-dimensional state-

space model of the MH tank was proposed, which took the
temperature of the MH tank as a system state and considered
the effect of the external cooling circulation. This model is
suitable for the thermal management of the MH tank, but it is
slightly complex for cases where the heat exchange between
the tank and the external environment does not need to be
considered. In this section, we simplify the model presented
in [15] and modify the simplified model based on the inputs
of the experimental setup.
2.1. Mass Balance

The mass balance for hydrogen can be expressed as:
d𝜌g
dt

=
𝑚′
𝑖𝑛 − 𝑚′

𝑟
𝑣𝑡 − 𝑣𝑀𝐻 ⋅ (1 − 𝜀)

, (2)

where 𝜌𝑔 denotes the hydrogen density, 𝑚′
𝑖𝑛 represents the

mass flow rate of hydrogen entering or leaving the tank,
and 𝑚′

𝑟 corresponds to the rate of hydrogen absorption or
desorption. The parameters 𝑣𝑡 and 𝑣𝑀𝐻 are the tank volume
and the volume of the metal hydride, respectively, while 𝜀
indicates the porosity of the metal hydride. In this equation,
the numerator represents the time rate of change of hydro-
gen mass, and the denominator reflects the total volume of
hydrogen within the tank.

Introducing normalized parameters: the mass-flow rate
of hydrogen, 𝑓𝑖𝑛 ≜ 𝑚′

𝑖𝑛∕𝑣𝑀𝐻 ; the normalized sorption
mass-flow rate, 𝑓𝑟 ≜ 𝑚′

𝑟∕𝑣𝑀𝐻 ; and the normalized hy-
drogen volume, 𝑣𝑔 ≜ 𝑣𝑡∕𝑣𝑀𝐻 − 1 + 𝜀. Eq. (2) is then
reformulated as:

d𝜌g
dt

=
𝑓𝑖𝑛 − 𝑓𝑟

𝑣𝑔
. (3)

For the metal hydride, a similar mass balance gives:
d𝜌s
dt

=
𝑚′
𝑟

𝑣𝑀𝐻 ⋅ (1 − 𝜀)
, (4)

where 𝜌𝑠 is the density of the metal hydride. The denomina-
tor here represents the effective volume of the metal hydride
within the tank. Defining the normalized volume of the metal
hydride as 𝑣𝑠 ≜ 1 − 𝜀, Eq. (4) simplifies to:

d𝜌s
dt

=
𝑓𝑟
𝑣𝑠

. (5)
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2.2. Reaction Kinetics
The normalized sorption mass-flow rate, 𝑓𝑟, is not di-

rectly measurable. A commonly adopted model [18] is de-
scribed as follows:

𝑓𝑟 =

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝑐𝑎𝑒
− 𝐸𝑎

𝑅⋅𝑇𝑡 ln
(

𝑝
𝑝𝑒𝑞,𝑎

)

(𝜌𝑠𝑠 − 𝜌𝑠), 𝑝 > 𝑝𝑒𝑞,𝑎,

𝑐𝑑𝑒
− 𝐸𝑑

𝑅⋅𝑇𝑡

(𝑝 − 𝑝𝑒𝑞,𝑑
𝑝𝑒𝑞,𝑑

)

(𝜌𝑠 − 𝜌𝑠0), 𝑝 < 𝑝𝑒𝑞,𝑑 ,

0, otherwise.

(6a)

(6b)
(6c)

Here, 𝑐𝑎 and 𝑐𝑑 are absorption and desorption constants,
𝐸𝑎 and 𝐸𝑑 are activation energies, 𝑅 is the universal gas
constant, and 𝑇𝑡 represents the tank temperature. The equi-
librium pressures for absorption and desorption are 𝑝𝑒𝑞,𝑎 and
𝑝𝑒𝑞,𝑑 , respectively. The terms 𝑐𝑎𝑒−𝐸𝑎∕(𝑅𝑇𝑡) and 𝑐𝑑𝑒−𝐸𝑑∕(𝑅𝑇𝑡)

are rate coefficients derived using the Arrhenius equation
[23]. The parameter 𝜌𝑠𝑠 denotes the saturation density of the
metal hydride, while 𝜌𝑠0 is the density of the bare metal alloy
(without hydrogen).

The MH tank pressure 𝑝 is assumed to follow the ideal
gas law:

𝑝 = 𝜌𝑔
𝑇𝑡𝑅
𝑀𝐻2

, (7)

where 𝑀𝐻2
is the molar mass of hydrogen.

The saturation density, 𝜌𝑠𝑠, can be calculated as:

𝜌𝑠𝑠 = 𝜌𝑠0 +
𝑣𝐻2

⋅ 𝜌𝐻2

𝑣𝑀𝐻 ⋅ (1 − 𝜀)
, (8)

where 𝑣𝐻2
is the maximum hydrogen capacity of the tank,

and 𝜌𝐻2
is the density of hydrogen under standard conditions

(1 atm, 0 ◦C), treated as a constant.
2.3. Equilibrium Pressure

The Van’t Hoff equation provides a means to determine
the equilibrium constant of a reaction across varying temper-
atures. Gonzatti et al. [13] introduced a modified version of
the Van’t Hoff equation to estimate the equilibrium pressure:

𝑝𝑒𝑞,𝑎 = 𝑝0 ⋅𝑒
(Δ𝑆𝑑

𝑅 −Δ𝐻𝑑
𝑅⋅𝑇𝑡

+(𝜑+𝜑0) tan
[

𝜋
( 𝜌𝑠−𝜌𝑠0
𝜌𝑠𝑠−𝜌𝑠0

−0.5
)]

+ 𝛽
2

)

,

𝑝𝑒𝑞,𝑑 = 𝑝0 ⋅𝑒
(Δ𝑆𝑑

𝑅 −Δ𝐻𝑑
𝑅⋅𝑇𝑡

+(𝜑−𝜑0) tan
[

𝜋
( 𝜌𝑠−𝜌𝑠0
𝜌𝑠𝑠−𝜌𝑠0

−0.5
)]

− 𝛽
2

)

,

(9)
(10)

where 𝑝0 represents the atmospheric pressure, and Δ𝐻𝑑 and
Δ𝑆𝑑 correspond to the enthalpy and entropy changes during
desorption, respectively. The parameters 𝜑 and 𝜑0 denote
the coefficients related to plateau flatness, while 𝛽 is the
coefficient associated with plateau hysteresis.
2.4. Energy balance

For hydrogen in gas form [22]:

𝑣𝑔𝜌𝑔𝑐𝑝𝑔
𝑑𝑇𝑔
𝑑𝑡

= 𝑣𝑔𝜆𝑔∇2𝑇𝑔 − 𝜌𝑔𝑐𝑝𝑔𝑣 ⋅ ∇𝑇𝑔

−𝐻𝑔𝑠
(

𝑇𝑔 − 𝑇𝑠
)

𝐴 + 𝑓𝑟𝑐𝑝𝑔
(

𝑇𝑔 − 𝑇𝑠
)

.
(11)

For metal hydride:

𝑣𝑠𝜌𝑠𝑐𝑝𝑠
𝑑𝑇𝑠
𝑑𝑡

= 𝑣𝑠𝜆𝑠∇2𝑇𝑠 +𝐻𝑔𝑠
(

𝑇𝑔 − 𝑇𝑠
)

𝐴

+ 𝑓𝑟

(

Δ𝐻
𝑀𝐻2

+ 𝑐𝑝𝑔𝑇𝑠 − 𝑐𝑝𝑠𝑇𝑠

)

+𝑄,
(12)

where 𝑐𝑝𝑔 and 𝑐𝑝𝑠 are the specific heat of hydrogen and metal
hydride, 𝑇𝑔 and 𝑇𝑠 are the temperature of hydrogen and metal
hydride, 𝜆𝑔 and 𝜆𝑠 are the thermal conductivity of hydrogen
and metal hydride, 𝐴 is the exchange area between the gas
phase and the solid phase, Δ𝐻 is the enthalpy change of
reaction (absorption: Δ𝐻𝑎, desorption: Δ𝐻𝑑), 𝐻𝑔𝑠 is the
heat transfer coefficient between gas and solid.

The term 𝜆∇2𝑇 represents heat conduction, 𝜌𝑔𝐶𝑝𝑔𝑣 ⋅
∇𝑇𝑔 represents the heat transfer caused by convection,
𝐻𝑔𝑠

(

𝑇𝑔 − 𝑇𝑠
)

𝐴 represent the natural convection between
gas and solid, 𝑓𝑟𝑐𝑝𝑔

(

𝑇𝑔 − 𝑇𝑠
) is the change of molecular

energy and 𝑄 is the amount of heat transfer between the
ambient and MH tank which has the following form:

𝑄 =
𝑘𝑎(𝑇𝑎 − 𝑇𝑡)

𝑣𝑀𝐻
, (13)

where 𝑘𝑎 is the coefficient and 𝑇𝑎 is the ambient temperature.
We assume that the hydrogen gas and metal hydride

satisfy local thermal equilibrium, i.e. the temperature of
gas 𝑇𝑔 is equal to solid 𝑇𝑠 (𝑇𝑔 = 𝑇𝑠 = 𝑇𝑡). Besides, the
temperature is distributed uniformly in the tank. Then the
two equations (11) and (12) can be simplified and combined
into one equation as follows:

(𝑣𝑔𝜌𝑔𝑐𝑝𝑔 + 𝑣𝑠𝜌𝑠𝑐𝑝𝑠)
𝑑𝑇𝑡
𝑑𝑡

= 𝑓𝑟
Δ𝐻
𝑀𝐻2

+ 𝑓𝑟𝑇𝑡(𝑐𝑝𝑔 − 𝑐𝑝𝑠)

+
𝑘𝑎(𝑇𝑎 − 𝑇𝑡)

𝑣𝑀𝐻
.

(14)

2.5. State-space model
The previous model can be rewritten in state-space form

as follows:

𝐱̇ = 𝐟 (𝐱, 𝑢) =

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎣

𝑢1 − 𝑓𝑟
(

𝑥2, 𝑥3, 𝑦1(𝑥1, 𝑥3)
)

𝑣𝑔
𝑓𝑟

(

𝑥2, 𝑥3, 𝑦1(𝑥1, 𝑥3)
)

𝑣𝑠
𝑓𝑟

Δ𝐻
𝑀𝐻2

+𝑓𝑟𝑥3(𝑐𝑝𝑔−𝑐𝑝𝑠)+
𝑘𝑎⋅(𝑢2−𝑥3)

𝑣𝑀𝐻

𝑣𝑔𝑐𝑝𝑔𝑥1+𝑣𝑠𝑐𝑝𝑠𝑥2

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎦

, (15)

𝐲 = 𝐡 (𝐱, 𝑢) =
⎡

⎢

⎢

⎢

⎣

𝑥1𝑥3𝑅
𝑀𝐻2

𝑥3

⎤

⎥

⎥

⎥

⎦

, (16)

where 𝐱 ∈ ℝ3 is the state vector, 𝐱 = [𝜌𝑔 , 𝜌𝑠, 𝑇𝑡]T. 𝐮 ∈ ℝ2 is
the input vector, 𝐮 = [𝑓𝑖𝑛, 𝑇𝑎]T. 𝐲 ∈ ℝ2 is the output vector,
𝐲 = [𝑝, 𝑇𝑡]T.
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3. Identifiability analysis of the MH tank
This section analyses the identifiability of the state-space

model (15)- (16) of the MH tank model proposed above. As
mentioned in the introduction, several methods are available
for testing the identifiability of a nonlinear system. However,
due to the strong nonlinearity and large scale of the model,
only methods for testing local at-a-point identifiability are
feasible. Inspired by recent works [26, 27], the correlation
method is used in this paper to analyse the identifiability of
the model.
3.1. Correlation method

To analyse the local at-a-point identifiability of the non-
linear model, the following general form of the model (15) -
(16) is considered:

𝐱̇ = 𝐟 (𝐱,𝐮,𝜽) , (17)

𝐲 = 𝐡(𝐱,𝐮,𝜽), (18)
where 𝐱 ∈ ℝ𝑛𝑥 denotes the state vector; 𝐮 ∈ ℝ𝑛𝑢 is the
input vector; 𝜽 = [𝜽𝒌,𝜽𝒖] is a constant parameter vector
which contains the known parameter vector 𝜽𝒌 ∈ ℝ𝑝1 and
unknown parameter vector 𝜽𝒖 ∈ ℝ𝑝2 ; 𝐟 ∈ ℝ𝑛𝑥 and 𝐡 ∈ ℝ𝑛𝑦

are the vector fields.
The correlation method for local at-a-point identifiability

relies on analysing the sensitivity of the model outputs
at concrete time instants with respect to the parameters.
Considering output sensitivity matrix 𝐒 ∈ ℝ𝑛𝑦×𝑝2×𝑛𝑠 :

𝐒 =

⎡

⎢

⎢

⎢

⎢

⎣

𝐬
(

𝑡1
)

𝐬
(

𝑡2
)

⋮

𝐬
(

𝑡𝑛𝑠
)

⎤

⎥

⎥

⎥

⎥

⎦

, (19)

where

𝐬
(

𝑡𝑖
)

=
⎡

⎢

⎢

⎣

𝑠11
(

𝑡𝑖
)

… 𝑠1𝑝2
(

𝑡𝑖
)

⋮ ⋱ ⋮
𝑠𝑛𝑦1

(

𝑡𝑖
)

… 𝑠𝑛𝑦𝑝2
(

𝑡𝑖
)

⎤

⎥

⎥

⎦

, (20)

and the elements of 𝐬
(

𝑡𝑖
) are named the sensitivity coef-

ficients. For the nominal parameter vector 𝜽𝒖∗, given sys-
tem initial conditions 𝐱𝟎 and time instants 𝑡𝑘 with 𝑘 ∈
{1,⋯ , 𝑛𝑠}, the elements of 𝑠 (𝑡𝑖

) are defined as

𝑠𝑖𝑗
(

𝑡𝑘
)

=
𝜕𝑦𝑖

(

𝑡𝑘,𝜽𝒖∗, 𝐱𝟎
)

𝜕𝜃𝑢,𝑗
(21)

with 𝑖 ∈ {1,⋯ , 𝑛𝑦} and 𝑗 ∈ {1,⋯ , 𝑝2}. 𝑦𝑖 and 𝜃𝑢,𝑗 are the
elements of output vector 𝐲 and unknown parameter vector
𝜽𝒖, respectively.

The main idea of the correlation method is to study the
linear dependence of any two columns 𝐒.𝑖,𝐒.𝑗 ∈ ℝ𝑛𝑦×𝑛𝑠

of output sensitivity matrix 𝐒. The linear dependence of

any two columns 𝐒.𝑖,𝐒.𝑗 can be obtained by calculating the
sample correlation between 𝐒.𝑖 and 𝐒.𝑗

corr
(

𝐒.𝑖,𝐒.𝑗
)

=
cov

(

𝐒.𝑖,𝐒.𝑗
)

𝜎
(

𝐒.𝑖
)

𝜎
(

𝐒.𝑗
) , (22)

where cov (𝐒.𝑖,𝐒.𝑗
) is the sample covariance between 𝐒.𝑖 and

𝐒.𝑗 , 𝜎 (⋅) is the standard deviation. Then for the whole matrix
𝐒 and (22), a matrix 𝐂, which includes the absolute correla-
tion values between columns of 𝐒 exceeding the threshold
1 − 𝜖𝑐 , can be computed as

𝐂 =

⎡

⎢

⎢

⎢

⎣

corr∗
(

𝐒.1,𝐒.1
)

… corr∗
(

𝐒.1,𝐒.𝑝2
)

⋮ ⋱ ⋮

corr∗
(

𝐒.𝑝2 ,𝐒.1
)

… corr∗
(

𝐒.𝑝2 ,𝐒.𝑝2
)

⎤

⎥

⎥

⎥

⎦

, (23)

where 𝜖𝑐 ∈ [0, 1] is a tunable parameter and

corr∗
(

𝐒.𝑖,𝐒.𝑗
)

=

{

|

|

|

corr
(

𝐒.𝑖,𝐒.𝑗
)

|

|

|

, |

|

|

corr
(

𝐒.𝑖,𝐒.𝑗
)

|

|

|

≥ 1 − 𝜖𝑐 ,

0, else.

(24a)
(24b)

Based on matrix 𝐂, the total correlation of each param-
eter 𝑐𝑡𝑜𝑡𝑖 can be calculated as

𝑐𝑡𝑜𝑡𝑖 =
∑

𝑗∈𝜽𝒖,𝑗≠𝑖
𝐂𝑖,𝑗 . (25)

The value of the total correlation indicates the level of
identifiability of the parameter, if there exist two parameters
with the same total correlation, adjust the parameter 𝜖𝑐 until
the total correlation is different. However, if the same total
correlation of any two parameters can not be different by
tuning 𝜖𝑐 , it indicates that two parameters with the same total
correlation can not be identified.

The correlation method of identifiability for the MH tank
is presented in Algorithm 1. Through a comparison of the
total correlation for each parameter, it is feasible to discern
the level of identifiability for each parameter. It is important
to highlight that a higher total correlation of a parameter
corresponds to less identification. Conversely, a lower total
correlation indicates more identification.
3.2. Result of identifiability analysis

To facilitate the identifiability analysis, one operating
profile corresponding to the mixed charge and discharge of
the MH tank is defined.

In the MH tank model (15) - (16) proposed in the
above section, the unknown parameter vector is 𝜽𝒖 =
[Δ𝐻𝑎,Δ𝑆𝑑 ,Δ𝐻𝑑 , 𝜑, 𝜑0, 𝛽, 𝑐𝑎, 𝑐𝑑 , 𝐸𝑎, 𝐸𝑑 , 𝑘𝑎, 𝑐𝑝𝑠, 𝜌𝑠0, 𝜖,
𝑣𝑀𝐻 ]. The prespecified values of unknown parameters
𝜽𝒖 used for identifiability analysis are shown in Table 1.
Other parameters used in the model are listed in Table 2.
The initial conditions of the defined profile are defined as
𝜌𝑔(𝑡0)=0.9759 kg∕m3 and 𝜌𝑠(𝑡0) = 6270 kg∕m3. To fully
consider the charge and discharge scenarios, an extreme case
has been chosen, i.e. the normalized mass-flow rate is a
periodic square wave signal. 𝑓𝑖𝑛 = 0 kg∕m3∕s while 𝑡 ∈
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Multi-objective identification of a metal hydride tank model

Algorithm 1: Correlation method of identifiability
for the MH tank

Input : Normalized mass-flow rate 𝑓𝑖𝑛, Ambient
temperature 𝑇𝑎

1 Initialization:
• Set the initial value of the hydrogen and metal-hydride

density 𝜌𝑔(𝑡0), 𝜌𝑠(𝑡0)
• Set the prespecified parameter values (either nominal or

actual estimates) of each parameter 𝜃𝑗
• Set the sampling interval Δ𝑡 and the stop time 𝑡𝑛𝑠

2 Start procedure;
3 Compute 𝑡1 = 𝑡0 + Δ𝑡;
4 while 𝑡𝑘 ≤ 𝑡𝑛𝑠 do
5 Compute the output sensitivity matrix 𝐒 via

(19);
6 Compute the matrix 𝐂 via (23);
7 Compute the total correlation 𝑐𝑡𝑜𝑡𝑖 of each

parameter by (25);
8 Set 𝑡𝑘+1 = 𝑡𝑘 + Δ𝑡;
9 Set 𝑘 = 𝑘 + 1;

10 end
11 End procedure;

Output: Total correlation 𝑐𝑡𝑜𝑡𝑖

[0, 600𝑠), then increases by 0.001 kg∕m3∕s in steps every
600s. 𝑓𝑖𝑛 decreases to 0 kg∕m3∕s while 𝑡 ∈ [1800𝑠, 2400𝑠),
then decreases by 0.001 kg∕m3∕s in steps every 600s and
increases to 0 kg∕m3∕s while 𝑡 ∈ [3600𝑠, 4200𝑠). Fig.1
shows the system dynamics for the mixed charging &
discharging process.
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Fig. 1- The mixed charging & discharging profile of sensitivity
analysis.

Setting 𝜖𝑐 = 0.3, we can calculate the matrix 𝐶 and the
total correlation 𝑐𝑡𝑜𝑡𝑖 based on the defined operating profile.
The result of the total correlation 𝑐𝑡𝑜𝑡𝑖 for each parameter is
shown in Table 3. It can be observed that each parameter in

the model has a different total correlation, which indicates
that each parameter is identifiable. In addition, the total cor-
relation reflects the level of identifiability of the parameters.
The order of identifiability of the parameters from higher to
lower is: 𝐸𝑑 , 𝑐𝑑 , 𝑐𝑝𝑠, 𝑘𝑎, 𝜑0, 𝛽, Δ𝐻𝑑 , Δ𝑆𝑑 , 𝜑, 𝐸𝑎, 𝑐𝑎, 𝜌𝑠0, 𝜖,
Δ𝐻𝑎, 𝑣𝑀𝐻 .

4. Sensitivity analysis of the MH tank
This section analyses the parametric sensitivity of the

state-space model (15) - (16) of the MH tank proposed
above. Based on the result of the analysis in the above
section, each parameter can be identified using the output
information. However, the model contains 15 parameters
that need to be calibrated, and the direct use of parameter
identification methods such as the PSO algorithm has a huge
computational cost. To reduce the number of unknown pa-
rameters that need to be calibrated, it is necessary to analyse
the sensitivity of the parameters. When the parameter iden-
tification is carried out, the unknown parameters with higher
sensitivity are identified in priority, and for those unknown
parameters with lower sensitivity, reasonable values can be
selected based on the results of the existing literature.

The method used in this paper to analyse the sensitivity
of the model parameters is the FOTSA method, which is
described in detail in our previous work [5] and will not
be repeated in this paper. The main idea of FOTSA is to
calculate the sensitivity index 𝑠𝑖 for each parameter during
the sample time. Larger sensitivity index means that the
parameter has higher sensitivity to the system trajectory.
In this section, using the same sample time, prespecified
values of unknown parameters, and other model parameters
as in the identifiability analysis in the previous section, the
sensitivity indexes for each parameter are calculated for
a 1% variation in comparison to the prespecified values.
The results are shown in Table 4. The sensitivity of each
parameter with respect to 𝜌𝑔 , 𝜌𝑠, 𝑇𝑡 is ranked according to
the value of the sensitivity index and the results are shown
in Table 5.

5. Multi-objective parameter identification
from data
This section uses the paretosearch algorithm (also a com-

mand in Matlab for multi-objective optimisation) to identify
the unknown parameters in the state-space model. Since the
model developed contains two outputs, we first use the single
objective and PSO algorithm to identify the unknown param-
eters. Secondly, the unknown parameters are identified using
the multi-objective and paretosearch algorithms. The results
show that multi-objective identification performs better than
single-objective identification.
5.1. Single objective identification with PSO

algorithm
In the state-space model (15) - (16), two outputs, 𝑝 and

𝑇𝑡, can be measured directly from sensors. Considering tank
pressure 𝑝 as a single-objective optimisation variable, the
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Multi-objective identification of a metal hydride tank model

Table 1
Prespecified values of parameters [2, 4, 9, 16, 28]

Parameter Symbol Prespecified value Unit
Entropy change for absorption Δ𝐻𝑎 22540 J∕mol
Entropy change for desorption Δ𝑆𝑑 111.77 J∕(mol ⋅ K)
Enthalpy change for desorption Δ𝐻𝑑 26680 J∕mol

Plateau flatness coefficient 𝜑 0.1843 -
Plateau flatness coefficient 𝜑0 0.0042 -

Plateau hysteresis coefficient 𝛽 0.2355 -
Absorption constant 𝑐𝑎 3928.1 1∕s
Desorption constant 𝑐𝑑 4952.2 1∕s

Activation energy for absorption 𝐸𝑎 38236 J∕mol
Activation energy for desorption 𝐸𝑑 30915 J∕mol

Heat transfer coefficient 𝑘𝑎 0.7 J∕(K ⋅ s)
Specific heat of MH 𝑐𝑝𝑠 400 J∕(kg ⋅ K)

Density of the metal alloy 𝜌𝑠0 6211.1 kg∕m3

Porosity of the MH 𝜖 0.6997 -
Volume of MH 𝑣𝑀𝐻 0.353 ⋅ 10−3 m3

Table 2
Other parameters used in the MH tank model [15]

Symbol Value Symbol Value
𝑣𝐻2

0.35m3 𝜌𝐻2
0.0897 kg∕m3

𝑅 8.314 J∕(mol ⋅ K) 𝑝0 101 325 Pa
𝑀𝐻2

2.016 ⋅ 10−3kg∕mol 𝑇𝑎 298.15K
𝑣𝑡𝑎𝑛𝑘 0.48 ⋅ 10−3m3 𝑐𝑝𝑔 14890J∕(kg ⋅ K)

Table 3
Total correlation 𝑐𝑡𝑜𝑡𝑖 for each parameter

Parameter Symbol 𝑐𝑡𝑜𝑡

Entropy change for absorption Δ𝐻𝑎 9.2755
Entropy change for desorption Δ𝑆𝑑 6.4480
Enthalpy change for desorption Δ𝐻𝑑 5.7043

Plateau flatness coefficient 𝜑 7.1298
Plateau flatness coefficient 𝜑0 5.1297

Plateau hysteresis coefficient 𝛽 5.1442
Absorption constant 𝑐𝑎 7.1658
Desorption constant 𝑐𝑑 1.7348

Activation energy for absorption 𝐸𝑎 7.1619
Activation energy for desorption 𝐸𝑑 1.7330

Heat transfer coefficient 𝑘𝑎 4.8636
Specific heat of metal hydride 𝑐𝑝𝑠 3.0355

Density of the metal alloy 𝜌𝑠0 7.1797
Porosity of the metal hydride 𝜖 7.9023
Volume of the metal hydride 𝑣𝑀𝐻 9.4810

following single-objective optimisation problem can be con-
structed, where the objective function is the mean magnitude

of relative error (MMRE):
min
𝜽

𝑓1 (𝐱,𝐮,𝜽)

𝑓1 (𝐱,𝐮,𝜽) =
1
𝑁

⋅
𝑡=𝑁Δ𝑡
∑

𝑡=0

|

|

|

|

|

(

𝑝(𝑡) − 𝑝𝑒𝑥𝑝(𝑡)
)

𝑝𝑒𝑥𝑝(𝑡)

|

|

|

|

|

𝑠.𝑡. 𝜽 ≤ 𝜽 ≤ 𝜽,

(26)

(27)

(28)
where 𝑝𝑒𝑥𝑝 is the experimental data of tank pressure, 𝜽 and
𝜽 are the lower and upper bounds of 𝜽, Δ𝑡 is the sampling
interval, and𝑁 is the number of sampling times of the whole
experiment. The standard PSO method [17] is employed to
seek optimum values for the unknown parameters. Table 6
presents the search range of unknown parameters for the
PSO method.

An experiment is performed using the real setup depicted
in Fig. 2. The experimental setup primarily consists of a

Fig. 2- View of the MH tank test bench environment.

commercial metal hydride (MH) tank (H2planetⓇ MyH2
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Multi-objective identification of a metal hydride tank model

Table 4
Sensitivity index for 𝜌𝑔(𝑠1), 𝜌𝑠(𝑠2), 𝑇𝑡(𝑠3) with 1% parameter variation

Parameter Symbol 𝑠1 𝑠2 𝑠3
Entropy change for absorption Δ𝐻𝑎 0.0241 0.0852 0.5531
Entropy change for desorption Δ𝑆𝑑 1.6572 5.8465 16.6794
Enthalpy change for desorption Δ𝐻𝑑 1.2902 4.5520 13.3477

Plateau flatness coefficient 𝜑 0.0292 0.1031 0.3169
Plateau flatness coefficient 𝜑0 6.6576 ⋅ 10−4 0.0023 0.0156

Plateau hysteresis coefficient 𝛽 0.0145 0.0512 0.3479
Absorption constant 𝑐𝑎 6.3517 ⋅ 10−4 0.0022 0.0056
Desorption constant 𝑐𝑑 1.2344 ⋅ 10−4 4.3551 ⋅ 10−4 0.0011

Activation energy for absorption 𝐸𝑎 0.0095 0.0335 0.0850
Activation energy for desorption 𝐸𝑑 0.0016 0.0056 0.0146

Heat transfer coefficient 𝑘𝑎 0.0257 0.0906 0.6400
Specific heat of metal hydride 𝑐𝑝𝑠 0.0119 0.0418 0.5119

Density of the metal alloy 𝜌𝑠0 4.0809 14.3975 45.1059
Porosity of the metal hydride 𝜖 0.0968 0.3416 1.0058
Volume of the metal hydride 𝑣𝑀𝐻 0.0662 0.2337 0.7508

Table 5
Rank of sensitivity indexes for each parameter

Sensitivity index 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
𝑠1 𝜌𝑠0 Δ𝑆𝑑 Δ𝐻𝑑 𝜖 𝑣𝑀𝐻 𝜑 𝑘𝑎 Δ𝐻𝑎 𝛽 𝑐𝑝𝑠 𝐸𝑎 𝐸𝑑 𝜑0 𝑐𝑎 𝑐𝑑
𝑠2 𝜌𝑠0 Δ𝑆𝑑 Δ𝐻𝑑 𝜖 𝑣𝑀𝐻 𝜑 𝑘𝑎 Δ𝐻𝑎 𝛽 𝑐𝑝𝑠 𝐸𝑎 𝐸𝑑 𝜑0 𝑐𝑎 𝑐𝑑
𝑠3 𝜌𝑠0 Δ𝑆𝑑 Δ𝐻𝑑 𝜖 𝑣𝑀𝐻 𝑘𝑎 Δ𝐻𝑎 𝑐𝑝𝑠 𝛽 𝜑 𝐸𝑎 𝜑0 𝐸𝑑 𝑐𝑎 𝑐𝑑

Table 6
PSO search range of the unknown parameters for MH tank [2, 4, 9,
16, 28]

Parameter Lower Upper Unit
Δ𝐻𝑎 20000 23000 J∕mol
Δ𝑆𝑑 109 113 J∕(mol ⋅ K)
Δ𝐻𝑑 25000 32000 J∕mol
𝜑 0 2 -
𝜑0 0 1 -
𝛽 0 2 -
𝑐𝑎 10 5000 1∕s
𝑐𝑑 10 5000 1∕s
𝐸𝑎 30000 50000 J∕mol
𝐸𝑑 30000 50000 J∕mol
𝑘𝑎 0.1 30 J∕(K ⋅ s)
𝑐𝑝𝑠 300 7000 J∕(kg ⋅ K)
𝜌𝑠0 6200 6400 kg∕m3

𝜖 0.1 0.7 -
𝑣𝑀𝐻 0.3 ⋅ 10−3 0.48 ⋅ 10−3 m3

SLIM 350), mass-flow meters (F-111B), pressure sensors
(PR-21Y), and thermocouples. All sensors are integrated
with a real-time data acquisition platform (NI sbRIO 9629)
to facilitate data storage and processing. The experiment is
divided into two phases: charging and discharging. Fig. 3 il-
lustrates the input data collected during the experiment. The
relationship between the flow rate 𝐹𝑖𝑛 and the normalized

mass-flow rate 𝑓𝑖𝑛 is described by the following equation:

𝐹𝑖𝑛 =
𝑓𝑖𝑛 ⋅ 𝑣𝑀𝐻 ⋅ 60 ⋅ 22.4

𝑀𝐻2
. (29)
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Fig. 3- Experimental inputs

Subsequently, we minimize the single objective function
(28) using the PSO algorithm and reproduce the model with
the optimal values. The comparison between model outputs
and experimental data is shown in Fig. 4 and Fig. 5. It can be
observed from these two figures that the calibrated result of 𝑝
is good but the calibrated result of 𝑇𝑡 seems not so good. This
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Fig. 4- Comparison between model temperature and experimental
temperature with single object identification
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Fig. 5- Comparison between model tank pressure and experimental
tank pressure with single object identification

is because the single-objective function we constructed only
considers the error in 𝑝. To describe the identification results
of the unknown parameters more intuitively, the optimal val-
ues with single object identification and the corresponding
objective function value are listed in Table 7. The second
objective function 𝑓2 can be expressed as:

𝑓2 (𝐱,𝐮,𝜽) =
1
𝑁

⋅
𝑡=𝑁Δ𝑡
∑

𝑡=0

|

|

|

|

|

(

𝑇𝑡(𝑡) − 𝑇𝑡,𝑒𝑥𝑝(𝑡)
)

𝑇𝑡,𝑒𝑥𝑝(𝑡)

|

|

|

|

|

(30)

where 𝑇𝑡,𝑒𝑥𝑝 is the experimental data of tank temperature.
5.2. Multi-objective identification with

paretosearch algorithm
In contrast to the previous subsection, to utilise the error

information of the tank pressure 𝑝 and temperature 𝑇𝑡, both
are considered as multi-objective optimisation variables.

Table 7
Optimal values with single object identification and the corre-
sponding objective function value

Parameter Value Unit
Δ𝐻𝑎 20257 J∕mol
Δ𝑆𝑑 112.5369 J∕(mol ⋅ K)
Δ𝐻𝑑 26141 J∕mol
𝜑 0.3601 -
𝜑0 0.0187 -
𝛽 0.1707 -
𝑐𝑎 2697.4 1∕s
𝑐𝑑 4813.8 1∕s
𝐸𝑎 31458 J∕mol
𝐸𝑑 33119 J∕mol
𝑘𝑎 3.2511 J∕(K ⋅ s)
𝑐𝑝𝑠 5439.8 J∕(kg ⋅ K)
𝜌𝑠0 6399.9 kg∕m3

𝜖 0.6975 -
𝑣𝑀𝐻 3.1236 ⋅ 10−4 m3

𝑓1 0.0089
𝑓2 0.0104

The following multi-objective optimisation problem can be
constructed, where the objective function is still based on the
MMRE:

min
𝜽

[

𝑓1 (𝐱,𝐮,𝜽) , 𝑓2 (𝐱,𝐮,𝜽)
]

𝑠.𝑡. 𝜽 ≤ 𝜽 ≤ 𝜽,

(31)
(32)

The same experimental data as in the previous subsection,
along with the paretosearch algorithm [11], are used to solve
the problem. To speed up the solving process and help the
solver find better solutions, the points that minimize the
individual objective functions—i.e., the parameter values in
Table 7—are used as initial points. Fig. 6 shows the Pareto
front of the multi-objective problem.

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
f1
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0.002

0.004

0.006

0.008

0.01

0.012

f
2

Fig. 6- Pareto front of optimal solutions (𝑓1: MMRE of the tank
pressure; 𝑓2: MMRE of the tank temperature; Red point: the
selected optimal solution)
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Multi-objective identification of a metal hydride tank model

In practice, every solution on the Pareto front is op-
timal, and the choice of a point depends entirely on the
objective that the decision-maker prioritizes. Inspired by
[24], the decision-making method Linear Programming for
Multidimensional Analysis of Preference (LINMAP) [21]
is adopted in this paper to select the best optimal solution
from the Pareto front. Specifically, in our case, the ideal
solution 𝑓𝑖𝑑𝑒𝑎𝑙 =

(

𝑓1,𝑚𝑖𝑛, 𝑓2,𝑚𝑖𝑛
) is first built based on the

two endpoints of the Pareto front, i.e., the optimal point
of the single objective. Then, the Euclidean distance 𝐷𝑖between the points on the Pareto front and the ideal point
is calculated as follows:

𝐷𝑖 =

√

√

√

√

√

2
∑

𝑗=1
𝑤𝑗

(

𝑓𝑖,𝑗 − 𝑓𝑗,𝑚𝑖𝑛
)2 (33)

where 𝑖 is the index of solution points on the Pareto front, 𝑗 is
the objective index in the objective space (𝑗 = 1, 2) and𝑤𝑗 is
the weight factor of the objective 𝑓𝑗 . In our case, we consider
that calibrating the pressure and temperature of the tank
are equally important and the weights should be the same.
However, it should be noted that in the objective space, 𝑓1and 𝑓2 are of different orders of magnitude, so 𝑓1 needs to be
scaled before calculating the Euclidean distance. Therefore,
the weights are set to 𝑤1 = 0.1 and 𝑤2 = 1. Based on the
calculated Euclidean distance of each point from the ideal
point, the point with the minimum distance is selected. The
comparison between model outputs and experimental data
is shown in Fig. 7 and Fig. 8. Compared to the results of
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Fig. 7- Comparison between model temperature and experimental
temperature with multi-object identification

the single-objective optimisation in the previous subsection,
it can be seen that the multi-objective optimisation method
balances the two objectives. The optimal values from multi-
object identification and the corresponding objective func-
tion values are listed in Table 8.
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Fig. 8- Comparison between model tank pressure and experimental
tank pressure with multi-object identification

Table 8
Optimal values with multiobject identification and the correspond-
ing objective function value

Parameter Value Unit
Δ𝐻𝑎 20000 J∕mol
Δ𝑆𝑑 109 J∕(mol ⋅ K)
Δ𝐻𝑑 25530 J∕mol
𝜑 0.3228 -
𝜑0 0 -
𝛽 0.1333 -
𝑐𝑎 388.6084 1∕s
𝑐𝑑 2761.0 1∕s
𝐸𝑎 30847 J∕mol
𝐸𝑑 32507 J∕mol
𝑘𝑎 1.2138 J∕(K ⋅ s)
𝑐𝑝𝑠 6425.6 J∕(kg ⋅ K)
𝜌𝑠0 6247.0 kg∕m3

𝜖 0.6928 -
𝑣𝑀𝐻 3 ⋅ 10−4 m3

𝑓1 0.0045
𝑓2 0.0018

6. Conclusions and future work
In this study, a three-dimensional state-space model of

the MH tank is proposed and analysed. The identifiability
analysis demonstrates that the model allows for the de-
termination of a unique parameter vector based on output
information. To address the computational challenges posed
by the large number of unknown parameters, a sensitivity
analysis is performed, effectively reducing the parameter set
to be identified. By comparing single-objective and multi-
objective identification methods using the same experimen-
tal data, it is found that the multi-objective approach yields
better results.
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Nomenclature

Abbreviations
MH Metal hydride
PCT Pressure-Composition-Temperature
FOTSA First-order Trajectory Sensitivity Analysis
Parameters
𝜌𝑔 Density of hydrogen (kg∕m3)
𝑚′

𝑖𝑛 Mass flow rate of hydrogen (kg∕s)
𝑚′

𝑟 Mass flow rate of hydrogen sorption (kg∕s)
𝑣𝑡 Volume of tank (m3)
𝑣𝑀𝐻 Volume of MH (m3)
𝜀 Porosity of MH
𝑓𝑖𝑛 Normalized mass flow rate of hydrogen (kg∕m3∕s)
𝑓𝑟 Normalized sorption mass flow rate of hydrogen

(kg∕m3∕s)
𝑣𝑔 Normalized volume of hydrogen
𝜌𝑠 Density of the MH (kg∕m3)
𝑣𝑠 Normalized volume of the MH
𝑐𝑎 Absorption constant (1∕s)
𝑐𝑑 Desorption constant (1∕s)
𝐸𝑎 Ectivation energy of absorption (J∕mol)
𝐸𝑑 Ectivation energy of desorption (J∕mol)
𝑝𝑒𝑞,𝑎 Equilibrium pressure of absorption (Pa)
𝑝𝑒𝑞,𝑑 Equilibrium pressure of desorption (Pa)
𝑅 Universal gas constant (8.314 J∕mol∕K)

𝑇𝑡 Tank temperature (K)
𝜌𝑠𝑠 Saturated density of MH with complete absorption of

hydrogen (kg∕m3)
𝜌𝑠0 Empty density of the MH without any hydrogen

(kg∕m3)
𝑝 Pressure of hydrogen (Pa)
𝑀𝐻2

Molar mass of hydrogen (2.016 × 10−3 kg∕mol)
𝑣𝐻2

Maximum volume of hydrogen that can be absorbed
(m3)

𝜌𝐻2
Density of hydrogen in standard state (kg∕m3)

𝑝0 Atmospheric pressure (101 325 Pa)
Δ𝑆𝑑 Entropy change for desorption (J∕mol∕K)
Δ𝐻𝑑 Enthalpy change for desorption (J∕mol)
Δ𝐻𝑎 Enthalpy change for absorption (J∕mol)
𝜑, 𝜑0 Plateau flatness coefficients
𝛽 Plateau hysteresis coefficient
𝐹𝑖𝑛 Flow rate of hydrogen (Ln∕min)
𝑄 Heat exchange per unit volume from the ambient air to

the MH tank (W∕m3)
𝑐𝑝𝑔 Specific heat of hydrogen (J∕(kg K))
𝑐𝑝𝑠 Specific heat of MH (J∕(kg K))
Subscripts
𝑎 Absorption
𝑑 Desorption
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