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Abstract—State-space models (SSMs) provide a compact and
interpretable framework for representing dynamic systems gov-
erned by differential equations. However, as system complexity
increases, particularly in single-input, multiple-output (SIMO)
configurations, traditional parameter estimation methods face
challenges due to the denser state and parameter matrices. These
issues often lead to reduced accuracy and limited scalability.
This paper presents an evolutionary state space parameter
estimator (ESSPE) based on differential evolution (DE) to address
these limitations. The proposed method estimates the parameters
of canonical SSMs directly from input—output data without
requiring prior assumptions about the model. A new fitness
function is introduced to simultaneously solve multiple coupled
differential equations within the SSM framework. Simulation
studies on systems with 6 and 12 parameters demonstrate that
ESSPE achieves estimation errors below 0.1% while maintaining
robustness across varying data lengths. The results confirm
that ESSPE provides improved accuracy, scalability, and in-
terpretability compared to conventional recursive and iterative
approaches, making it a reliable tool for parameter identification
in complex dynamic systems.

Index Terms—Evolutionary algorithm, differential evolution,
parameter estimation, particle swarm optimization, state space
model

I. INTRODUCTION

The rise of machine learning (ML) and artificial intelligence
(AI) algorithms makes training models easier. Moreover these
models often lack transparency. Being “black boxes,” many
algorithms don’t reveal the underlying physics of the system
they represent. This can hinder in-depth analysis as well as
human acceptance. Due to low interpretability and difficulty
in understanding, it is difficult to understand how component
values influence the system’s behavior. To address this, there’s
a growing need for ‘white box’ modeling. This approach
leverages real-world data to train models based on established
physical equations. This provides a clearer picture of the sys-
tem’s inner workings and allows for more insightful analysis.
This is where state space models come in a physics-based
approach to describe the behavior of most of the dynamic
systems [1].

State space models (SSMs), derived from the state-variable
formulation of differential equations, are fundamental tools for
modeling and analyzing dynamic systems [2]. Their origins
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can be traced to early Kalman filter research [3], where they
were primarily developed for engineering applications such
as tracking aircraft and missiles in noisy environments. Over
time, SSMs have gained widespread importance in time-series
analysis and forecasting [4]. Despite significant advancements,
key challenges remain, particularly in calibrating SSMs for
real-world applications. In their original engineering context,
model parameters were typically assumed to be known, and
early studies focused on analyzing system behavior under
this assumption [5]. However, in many practical systems
such as electrical rotating machines [6], transformers [7],
and mechanical systems [8] parameters are often unavailable
due to proprietary or accessibility constraints. Consequently,
data-driven approaches have become essential for estimating
unknown SSM parameters directly from measured system data
[9].

Parameter estimation methods are generally categorized into
recursive and iterative approaches [10]. Recursive methods
enable online updates with low computational cost but often
suffer performance degradation for complex models. Iterative
methods provide better convergence and accuracy for such
systems, albeit with higher memory demands and batch pro-
cessing requirements. The selection of an appropriate method
depends on application-specific accuracy and computational
constraints. These techniques are widely used for both pa-
rameter estimation and system equation solving [11]. Feng
[12] proposed a recursive least squares (RLS) method for
canonical SSMs, later extended to multivariable systems with
delayed states [13]. Xu et al. [14] introduced a stochastic
gradient-based approach applicable to both delayed and non-
delayed SSMs. Zhuang et al. [15] developed an iterative
least-squares algorithm for single-input single-output systems,
which was further improved by integrating a Kalman filter
[16]. Cue et al. [17] proposed a Kalman filtering—based hier-
archical generalized stochastic gradient method for joint state
and parameter estimation in observable canonical SSMs. More
recently, hybrid machine learning approaches have emerged,
such as the Kalman filter-linear neural network framework by
Yang and Shi [18], which enhances self-learning and captures
nonlinear system characteristics.

The reviewed literature shows that most SSM-based identi-
fication methods rely on transforming an n!" -order differ-
ential equation into a set of state equations with a single
output equation. While effective for low-order systems, this
formulation becomes increasingly difficult to apply to large



and complex electrical systems. As the number of state and
output equations grows, conventional estimation methods [12]
often face scalability issues and reduced accuracy in parameter
identification. To address these limitations, evolutionary algo-
rithms based on differential evolution (DE) are investigated
for solving the parameter estimation problem. Among meta-
heuristic optimization techniques, DE is widely recognized
for its robustness and effectiveness in handling nonlinear,
multivariable, and multimodal optimization problems. DE has
been successfully applied to estimate parameters in photo-
voltaic generation systems [19], where strong nonlinearities
are present, and in three-phase induction motors [20], particu-
larly when nameplate data is unavailable or machines are aged.
Furthermore, DE has demonstrated effectiveness in identifying
parameters of complex models such as Hammerstein—Wiener
systems [21], Bayesian networks [22], and nonlinear Musk-
ingum models [6].

DE is a promising approach for addressing challenges in
SSM parameter estimation for several reasons. First, like
other evolutionary algorithms, DE does not require prior
assumptions about the model structure [23]. Second, DE
has been extensively developed within the meta-heuristics
and evolutionary computation communities, with continuous
improvements in solution representation and fitness evaluation
[24], enabling it to effectively handle constrained and highly
complex optimization problems. Finally, as a population-based
optimization method, DE demonstrates strong capability in
solving large-scale, nonlinear problems with high efficiency.
Its inherent parallelizability allows the learning process to be
significantly accelerated using multiple processors, making DE
particularly suitable for applications that demand accurate and
interpretable models within limited computational time.

The main contributions of this paper are:

e A new parameter estimator algorithm for SSMs that
is more efficient than past literature due to the state
matrix being considered less sparse compared to previous
matrices.

o The first evolutionary state space parameter estimator
(ESSPE) algorithm.

o A new fitness function to solve n numbers of differential
equations of SSMs.

o Analyses of accuracy and interpretability to show the
efficacy of the proposed algorithm.

The rest of the paper is organised as follows. The next section
IT describes the background of SSM with its mathematical
representation and related work. Section III describes the
evolutionary algorithm mathematics, fitness function, and al-
gorithm used. Section IV describes experimental design. The
results and analyses are shown in section V. Conclusions and
future directions are discussed in section VI.

II. BACKGROUND

This section delves into the mathematical foundations of
SSMs. We will explore the core concepts of state variables,
state equations, observation equations, and the state space

representation. Following this foundation, we will examine
relevant research that leverages SSMs for various applications.

A. State space models

A state space model is a mathematical framework used to
describe a dynamic system by outlining its internal state, the
rules governing its progression over time, and the measure-
ments taken from the system. This model comprises two types
of equations:

1) State equations, one for each state variable, representing
the progression of a system’s internal, hidden state over
time. The state variables contain the crucial information
that defines the system’s present condition and outline
how it shifts from one state to the next.

2) Observation equations describing how the system’s in-
ternal state is linked to the available or recorded ob-
servations or measurements. They explain the relation-
ship between these observations and the hidden state,
accounting for noise or uncertainties in the process.

SSMs are widely used in the analysis of electrical circuits,
particularly in applications like DC-DC converters, including
buck, boost, and buck-boost converters. In these systems, the
key state variables typically represent the voltage across capac-
itors and the current through inductors. Since these converters
generally contain one capacitor and one inductor, two state
equations one for the capacitor voltage and one for the inductor
current are used to model the system’s dynamics. The observed
outputs are usually the voltages across these components,
while a single voltage input governs the converter’s overall
behavior. [25]-[28].

In another example, modeling the mass-spring-damper sys-
tems often relies on state variables that represent the behavior
of the energy storage elements, like springs and dampers.
When we use the state space method to analyze these systems,
we typically use two or more state equations. Each equation
describes the dynamics of a specific energy storage element.
The observed outputs of these systems are usually the dis-
placements (movements) of the masses. Finally, an external
force acting at various points controls the overall behavior of
the system [29].

Consider a state space system for Single Input Multiple
Output (SIMO) presented in canonical form,

z(t+1) = Az(t) + Bu(t) (1)
y(t) = Cx(t) + (1) 2)

Equations (1) and (2) are called as the state equation and
the observation equation, respectively. States are defined as
minimum set of variables required to completely describe the
future behavior of the system and components in the system
that can store and release energy over time, such as capaci-
tors (storing electrical energy) or inductors (storing magnetic
energy). In an n'"® order system, i.e. the numer of states is
n, the state vector z(t) := [z1(t),z2(t),...,z,(t)]T € R",
and w(t) is the system input. And the observation function,
y(t) == [y1(t),y2(t), .., yn(t)]T € R™ is the system output



and r(t) € R™ is a random noise with zero mean. The
matrix A € R™*"™ is the state matrix or system parameter
matrix, B € R™*! is the input matrix or control matrix,
C := I, xn € R™ ™ is the output matrix or observation matrix.
These matrices are defined as follows,

ail a2 A1n
a1 a22 Qa2n
A = 6 Rnxn
A(n-1)1 Q(n—1)2 A(n—1)(n—1)
An1 Apo Ann
Zl 10 0
2 1 0
B:= : e R™*! C = . = I un
b(n—l) o :
b, 0 0 1

The parameters a;; € R and b; € R are to be identified based
on the observation data {u(¢),y(¢) : t=1,2,3...T}
From (1) (2), we have

331( =+ 1) .Z‘l(t)
SCQ( —+ 1) Ig(t)
: =4 X : +B x ut), 3)
In—l(t + 1) xn—l( )
Tp(t+1) Zn(t)
Y1 (t) x1(t)
Y2(t) xo(t)
: =C x : +r(t) 4)
ynfl(t) wnfl( )
yn(t) SCn(t)

which can be written as:
vi(t+1) = aiz;(t) +bu(t), i=1,2,...,n ()
j=1

yi(t) = Cxi(t) +r(t), i=1,2,....n (6)
B. Differential evolution

DE is a population-based evolutionary algorithm designed
for optimizing continuous-valued functions. Owing to its
stochastic search capability and effectiveness, DE has been
successfully applied to a broad range of global optimization
problems, including scheduling, engineering design [30], and
constrained optimization [31]. DE operates on a population of
candidate solutions, where each individual is a D-dimensional
parameter vector and D denotes the number of decision
variables. The initial population is randomly generated within
the feasible solution space. Through iterative application of
mutation, crossover, and selection operators, the population
evolves toward optimal solutions until a predefined stopping
criterion—such as a maximum number of iterations or con-
vergence threshold—is satisfied. The overall DE procedure is
summarized as follows:

Step 1. Population initialization: The initial population
consists of Np individuals, each represented as
0(0) — (9(0) 9(0)

m m,1y Ym,2y * >

60", m=1.2,.. Np.

These individuals are randomly generated within the solution
space. The overall population can be expressed as

0(0) = {950), 0&0), OERE) 95\(/2}’

where Np denotes the population size.
Step 2. Mutation: For each individual in the current
population,

o’grtl) = (91(7?13 052)72a R exzD)T S H(t), t= 1,2, .o ,T7
a mutant vector is generated as
o) = (00, 00y, )T

Here, ¢ represents the current generation, 7" is the maximum
number of generations, and

00 = {01, 65", ..., o)}

denotes the population at the ¢ generation.

Different variants of Differential Evolution (DE) emerge
from diverse strategies utilizing different mutation operators,
which influence the generation of mutant and trial vectors.
The most well-known variant is “DE/rand/1/bin.” In this
notation, “rand” signifies that the base vector (9%) is chosen
randomly, “1” indicates the number of vector pairs (i.e., vector
differences) to be calculated, and “bin” refers to the application
of binomial recombination.

DE/rand/1/bin : v{) = 6"+ F@OW — o))y (7)

best

The indices 71, r2 are two mutually distinct integers within
the range [1, Np], which differ from the index m and from
each other. These indices are randomly generated anew for
each mutant vector. The scale factor F is a positive control
parameter used for scaling the difference vector.

Step 3. Crossover: Each individual ol will undergo
crossover with the mutated individual vg,i) in Step 2 and
produce trial individual. w() = (wffl)’l,wfi)g, . ,wffL) )T
In the DE family of algorithms, the most commonly adbpted
crossover operator is the binomial operator. It can be described
in the following way:

o if rand() < CR or j,. = j,

m,j’
oY if rand() > CR and j, # j,

m,j?

) _

m,j

where m=1,2,...,Npand j=1,2,...,D. (8)

Where, rand() generates a uniformly distributed random
number between (0, 1), and j, represents the index of a ran-
domly chosen dimension and the crossover rate CR € (0, 1).

Step 4. Selection: The individual with the highest function
fitness value of the mutated trial individual wg) and the target



vector individual 9,(,? is chosen to move on to the next
generation. This greedy method can be explained as follows:

(t+1) _

(t) (t) (t)
« {wm7 (wm)<f(9m) =12,....,Np (9

0%, f(w'h) > Foi)

Step 5. Stopping Criteria: The algorithm ends when the
termination criteria are met. If not, increment ¢ by 1 and go
back to step 2.

III. EVOLUTIONARY STATE SPACE PARAMETER ESTIMATOR

The aim of this study is to achieve both accuracy and
scalability in parameter estimation of dynamic models. To
achieve this goal, we introduce a novel algorithm -called
evolutionary state space parameter estimator (ESSPE) that
employs an evolutionary based DE algorithm for parameter
estimation in SSMs.

As mentioned in Section II, each DE individual is a potential
solution, which is a vector of all parameters to be estimated.
For state space models, these parameters are the elements of
matrix A and B in (1) and (2). Therefore, ESSPE’s individual
representation will be:

T
em = [017 92a LR e’m]
= [a117 @12, « -, Aln, 21, A22, -+ ., A2ny - - -,
T
Gnly An2, - - -5 Gnn, blab27~-~7bn] . (10)

where m = 1,2,3...,Np, and Np =n x n + n (the
size of matrices A and B).

To evaluate each individual, 6, is transformed back to
matrices Apeyy, € R™*™ and Bpe, € R™*1, which are then
used to calculate the future states ¢ (¢) and output values ¢(t)
as follows:

¢(t + 1) = Aneww(t) + Bnewu(t)a
o(t) = Cp(t) +r(t)
The difference between ¢(t) and the ground truth y(t) is

considered as an error, which should be minimised. Therefore,
the fitness function of ESSPE is defined as:

(1)
12)

n

min f(0) = Z (yi(t) — (1))

i=1

13)

where, y;(t) is the true value and the ¢;(t) is the predicted
value, calculated based on the predicted parameter (6,,), (11)
and (12).

The algorithm 1 shows the pseudocode of ESSPE, us-
ing a given fitness function (f), lower and upper bound

Niter. In each iteration, each individual 6,, is mutated and
crossed over with another randomly selected individual to
generate a new offspring (the donor vector), which can be
used to replace 6,, if it is better than 6,,, based on (9).

Algorithm 1 Evolutionary parameter estimator for SSMs
Input : f, Ib,ub, Pop_size, Niter, F, CR, u(t), yn(t), C
Output: The best individual

1 Initialize a random population {6,,}

2 Evaluate fitness of each individual in {6,,} using f

for t =1 to Njier do

for m = 1 to Pop_size do v,, < Generate a donor
vector for 6, using mutation technique in ( 7)
wy, < Perform crossover to generate trial vector for 6,
using (8)

for m =1 to Pop_size do Bound w,,
fw,, < Evaluate fitness of w,
0,n < Perform greedy selection using f,,,, and fp,  based on

®

IV. EXPERIMENTAL SETUP

This section provides an overview of the datasets used to
evaluate the performance of the proposed method. It also
explains the parameter settings applied to all methods during
the experiment. The proposed ESSPE algorithm is unique
in its own kind, as it utilises SIMO system, whose state
equation and observation equation are equal in number. Due
to its uniqueness, this problem is remain unaddressed in the
past literature work. Therefore, there is a lack of standard
benchmark or experiment to compare the efficacy.

A. Datasets

To evaluate the effectiveness of the proposed method, it
was run on two example canonical models (CM) of standard
state space with predetermined sets of 6 and 12 parameters,
respectively as shown below:

Canonical model 1 (n = 2):

riom(t+1)]  [121.56756  —500.65781 ] [z1,car1(t)
zocan(t+1)]  [4545.45457 —1515.15186 0. car (£)
200.56497
[605.36728} u(®) 14)

[y(t)l,cnn} _ [1 0} {ﬂf(t)l,CMl] Fr(t)  (15)

y(t)2,cm1 0 1| |z(t)2,cm
Canonical model 2 (n = 3) :

|

(Ib and ub) of each decision variable, the size of the pop- z1,ome(t +1) —343.11591  655.82417  —998.49869
ulation (Pop_size), the number of iterations (N, ), the Ta,om2(t +1)| = | —708.63773  —778.85473  463.26079
scaling factor (F') for mutation, the probability of crossover x3,com2(t+1) 283.92008 128.75817  —127.41719
CR, and the input data set (u(t),yn(t) ,and C). The initial z1,om2(t) 406.51599

step involves generating a random population, followed by xo.ome2(t)| + | 694.43693 | u(t)
evaluating the fitness of each member of this population. This x3.cmz(t) —231.89567

population is then evolved through a number of iterations (16)
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Fig. 1: System output responses (a) CM1 and (b) CM2

y(t)1,cm2 1 0 0f |z(t)1,cm2
y(t)Q’CMQ =10 1 O x(t)Q,CM2 + ’I“(t) (17
y(t)s,cm2 0 0 1] [z(t)3,cm2
The parameters that need to be identified are:
Om,cnm1 = [a11, a1z, asi, as, by, ba]
= [121.56756, —500.65781, 4545.45457,
— 1515.15186, 200.56497, 605.36728]  (18)

Om,cnm2 = [a11, a1z, ais, az1, aze, a2s, asi, asz, ass, by, ba, bs]

= [—343.11591, 655.82417, —998.49869, —708.63773,

— 778.85473, 463.26079, 283.92008, 128.75817,

—127.41719, 406.51599, 694.43693, —231.89567 ]

19)

The input u(¢), to the simulation is modeled as an indepen-
dent and persistently exciting sequence with zero mean and
unit variance. While r(¢) is modelled as white noise with zero
mean and variance 02 = 0.30. Assuming that all the states
are observable at output y(t). The proposed ESSPE algorithm
is applied to estimate all the parameters based on a dataset
generated in MATLAB code environment with different data
length set. The maximum data length is generated for 0.04
seconds with a step interval of 0.0001 seconds. Different data
lengths, N, are set at 25, 50, 100, 200, and 400 to test
the efficacy of the ESSPE algorithm. Figure 1 illustrates the
system outputs responses of CM1 and CM2, respectively. Each
representing the time-domain response of distinct state-space
system equations. Both responses are perturbed by white noise,
making the outputs fluctuate around a baseline behavior.

B. Hyperparameter Settings

The hyperparameter settings for the DE are described in
Table I. Since the size of the search space is directly pro-
portional to the dimensionality of the problem, which is the

-20 oy
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Fig. 2: Parameter estimation error versus N, for CM1

number of parameters (INp), we set the population size of DE
proportional to Np. With twice the number of parameters,
the second problem is much more complex than the first one;
therefore, it requires a longer evolutionary process to converge.
Therefore, the number of iterations was set to 500 and 3000
for the two problems, respectively. The experiments were run
on a PC with the following configurations: Intel Xenon CPU
E5-2697 @2.3GHz, RAM 128GB, operating system Window
Server 2019 Standard, Python 3.7. Other parameters such as
the mutation factor and the crossover rate remain the same as
in [32].
TABLE I: DE Hyperparameter settings.

Hyperparameters Settings
Population Size 10 XxNp
Mutation Strategy best/1/bin
Mutation Factor [0.5, 1]

Seed 1
Crossover Rate 0.7
Maximum iterations 500 & 3000

V. RESULT AND ANALYSIS

To evaluate the performance of the proposed ESSPE
method, the mean square error (MSE) of the true value and
predicted value is calculated. To show the effectiveness of
ESSPE, this section compares the results estimated by ESSPE
for CM1 and CM2 with different data lengths N, used during
the training process. Table II and table IIla, IIIb show the
variation in estimated parameter of SSM for CM1 and CM2
with the change in the data length N; provided for 500 and
3000 iterations. For CM1 model the parameter estimated are
exactly same to the true value for different data length data set
provided to the ESSPE algorithm. So, the error reached to 0%,
but the increase in data length the execution time increase, as
more no of data points need to be optimised. For the CM2
model, the parameter estimation process yielded an average
error difference of approximately 0.94 %. It was observed that
the percentage error in the estimated parameters increased as
the data length either expanded or contracted.

Fig. 2 and 3 demonstrate the variation in fitness function er-
ror as a function of iterations for CM1 and CM2, respectively.



TABLE II: The parameter estimated for different data length ¢ for CM1.

Ny a1 a2 as1 a9 by bo 6(%)  Time (sec)

25 121.56756  -500.65781  4545.45456  -1515.15186  200.56496  605.36728 0 27

50 121.56755  -500.65780  4545.45457  -1515.15185  200.56496  605.36727 0 32

100 121.56756  -500.65780  4545.45458  -1515.15185 200.56496  605.36728 0 58

200 121.56756  -500.65781  4545.45457  -1515.15186  200.56497  605.36728 0 73

400 121.56755  -500.65781  4545.45455  -1515.15185 200.56497  605.36728 0 126

True values  121.56756  -500.65781  4545.45457  -1515.15186  200.56497  605.36728
TABLE III: The parameter estimated for different data lengths ¢ for CM2.
(a) Estimated parameters for a;;
N¢ ail a12 a13 az1 a2z a23 5(%) Time (sec)
25 -343.10056  656.08839  -997.77575  -708.66457  -779.15002  462.38169 0.37458 288
50 -343.11595  655.82327  -998.50013  -708.63782  -778.85421  463.26170 0.00015 355
100 -343.11591 655.82417  -998.49869  -708.63773  -778.85473  463.26079 0 444
200 -343.11592  655.82410  -998.49864  -778.85469  -778.85469  463.26075  0.000005 794
400 -343.11082  655.81849  -998.48780  -778.86848  -778.86848  463.26618 0.0015 1511
True values  -343.11591  655.82417  -998.49869  -708.63773  -778.85473  463.26079
(b) Estimated parameters for a;;, b;
Ny as1 as2 ass b1 bo b3 (%) Time (sec)
25 283.99457 130.23313  -123.65039  406.51127  694.44090 -231.93417 0.37458 288
50 283.92011 128.75770  -127.41834  406.51613  694.43695 -231.89567 0.00015 355
100 283.92008 128.75817  -127.41719  406.51599  694.43693  -231.89567 0 444
200 283.92010  128.75817  -127.41720 406.51601 694.43695  -231.89568  0.000005 794
400 283.26151 128.76168  -127.42051  406.50640  694.44026  -231.90070 0.0015 1511
True values  283.92008 128.75817  -127.41719  406.51599  694.43693  -231.89567

I
2000

I
0 500 1000 1500

Iteration

2500 3000

Fig. 3: Parameter estimation error versus N;;., for CM2

Fig. 2 shows that, for both the initial and final iterations, the
fitness function errors are nearly identical for each data length
set. The convergence of the estimated values to the true values
provided to ESSPE is directly influenced by the variation in
data length. As the data length increases or decreases, the
accuracy of the estimation improves, gradually aligning the
estimated values closer to the true values. This suggests a
strong relationship between data quantity and the precision
of the ESSPE estimation process, for smaller SSM.

In contrast, fig. 3 highlights that the final iteration errors
are more distinct from each other, yet a closer analysis of

the error trend reveals a consistent reduction in error with
an increasing number of iterations. This pattern suggests that
continuing the iterative process can further decrease the error,
ultimately leading to convergence toward the true parameter
values. Thus, both the amount of data and the number of
iterations play crucial roles in refining the accuracy of the
estimated parameters.

VI. CONCLUSION

This paper presents an evolutionary state-space parame-
ter estimation (ESSPE) algorithm for identifying parameters
of linear systems in canonical state-space form using in-
put—output data. The proposed method employs differential
evolution to achieve high estimation accuracy and robustness
across varying data lengths. Simulation results demonstrate
estimation errors below 0.1% for both 2 x 2 and 3 x 3 state-
space models.

The results show that parameter estimation errors remain
consistently low for all tested data lengths, with ESSPE
exhibiting stable convergence at error levels of approximately
< 0.1%,. While longer data records require increased compu-
tational effort to reach the same accuracy, a clear relationship
is observed between data availability and estimation precision.

ESSPE demonstrates strong scalability and robustness,
maintaining high accuracy despite variations in data length
and iteration count. Compared to conventional estimation
techniques, whose performance often degrades with changes in



data size, ESSPE consistently delivers superior accuracy and
adaptability. This combination of precision, scalability, and
robustness makes ESSPE particularly well suited for accurate
modeling of dynamic systems operating under diverse and
data-constrained conditions.
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