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Abstract—System identification has been used in various do-
mains for analyzing system properties and carrying out filtering,
prediction and automatic control. Prediction error method (PEM)
is one of the classic methods to estimate system parameters
and exploit dynamical structure of the studied system; while
neural network (NN) is favorable for black-box systems with
unknown structures. As the popularity of Internet of Things (IoT)
and Cyber-physical systems (CPS) increases, the identification
tasks are moving more towards resource-constrained devices.
Accordingly, some studies incorporate system prior knowledge
into NN to improve its efficiency. However, it is unclear whether
the adapted NN outperforms the classic PEM.

This paper provides a fair comparison between two techniques
in terms of estimation accuracy and speed on several common
nonlinear systems. The results indicate that NN is wider appli-
cable and accurate, but more expensive from computational per-
spective; whereas PEM is more lightweight, but has limitations
when the system input has frequent abrupt changes.

Index Terms—system identification, nonlinear system, param-
eter estimation, neural network, prediction error, time-varying
system

I. INTRODUCTION

System identification is a technique of dynamical modeling
based on observed data. It has been applied in the fields of
engineering, economics, statistics and physical sciences. And
the significance as well as the challenge of nonlinear system
estimation are well recognized [1]. For resource-constrained
devices in IoT and wireless sensor network (WSN), not
only the precision, but the less complexity of a method is
extremely desired. For example, OpenMote-CC2538, a leading
computing and communication device, has only 32 MHz clock
and 32kB RAM [2], which is difficult to carry out a heavy
algorithm.

One of the modeling approaches, state-space equation, has
become dominating [3] [4] since Kalman’s(1960) work on
prediction and control, especially with its insights into phys-
ical mechanism of a system. Based on Kalman predictor, a
prediction-error method (PEM) [5] is able to do online or
recursive estimation with excellent asymptotic properties, due
to its close kinship with least squares method and maximum
likelihood method [6]. And the system is directly modeled into
discrete time [7], which is the most common technique for
time-invariant or time-varying linear and nonlinear systems.

Artificial neural network (NN), a generic black-box struc-
ture prepared to describe any nonlinear dynamics, grows
attraction in recent years with great publicly accessibility. It
is, however, quite expensive from computational perspective,
even with modern computer power. A lot of researches have
been conducted to improve the efficiency of NN since the early
demonstration of its usage on nonlinear system identification
and control [8]. There was a suggestion to first build a linear
model for the system and then use NN to capture nonlinearity
in the residual [9]. Anyway, the model training can only be
done offline, i.e., based on the whole available data set. And
the sufficiency and speed are highly affected by the network
size [10]. Incorporating physical insight can speed up the
learning and require fewer samples [11]. There were also
works showing that directly identifying a model in continuous
time has advantages over in discrete time [12].

More recently, a NN method based on state-space model
was proposed in [13]. It contains prior knowledge of system
structure and is trained over mini-batches. This significantly
speeds up the training process yet retaining the accuracy. How-
ever, it is unclear how’s this algorithm efficiency comparing
to conventional PEM.

The goal of this paper is to investigate the performance
of KF-based PEM and state-space based NN on nonlinear
systems. It will answer the following questions:

• Which method is more suitable for IoT and WSN de-
vices?

• How are their applicability to different systems?

We compared the algorithms’ accuracy and speed on three
frequently studied nonlinear systems: a Cascaded Tanks Sys-
tem (CTS) [14] [15], a RLC circuit with nonlinear inductor
[13] and an Electro-Mechanical Positioning System (EMPS)
[16]. The system schematic pictures are in Fig. 1, and further
details are mentioned in Section IV. The rest of this paper is
structured as follows: Section II states the nonlinear system
identification problem and metrics of accuracy; the brief de-
scriptions of two methods are in Section III; Section IV gives
the comparison with experimental analysis; and the summary
and possible future research are presented in Section V.

20
21

 1
0t

h 
In

te
rn

at
io

na
l C

on
fe

re
nc

e 
on

 M
od

er
n 

C
irc

ui
ts

 a
nd

 S
ys

te
m

s T
ec

hn
ol

og
ie

s (
M

O
C

A
ST

) |
 9

78
-1

-6
65

4-
18

47
-8

/2
1/

$3
1.

00
 ©

20
21

 IE
EE

 | 
D

O
I: 

10
.1

10
9/

M
O

C
A

ST
52

08
8.

20
21

.9
49

33
36

Authorized licensed use limited to: UNIVERSITY OF TWENTE.. Downloaded on February 14,2022 at 13:17:28 UTC from IEEE Xplore.  Restrictions apply. 



2021 10th International Conference on Modern Circuits and Systems Technologies (MOCAST)

𝑢
x1

x2

(a) CTS

L(iL)

C

R

vin

iL

vC

(b) RLC (c) EMPS

Fig. 1. Three nonlinear systems: (a) Cascaded tanks system [14]; (b) a nonlinear RLC circuit where the inductance L(iL) has nonlinear dependence on the
current iL [13]; (c) Electro-mechanical positioning system [16].

II. PROBLEM STATEMENT

Typically, a nonlinear system can be modeled in state space
form (1), where x(t) denotes the system states and all the
unknown parameters are represented in a vector θ.

ẋ(t) = f(x(t), u(t), θ1) (1a)
y(t) = h(x(t), u(t), θ2) (1b)

The gathered data set D contains observations of the system
inputs U = {u(t), u(t− 1), · · · , u(0)} and outputs Y =
{y(t), y(t− 1), · · · , y(0)}. The identification task is to find
an optimal θ for the model with given D.

The commonly used metrics for model inference accuracy
is the coefficient of determination:

R2 = 1−
∑N−1
k=0 (yk − yestimatek )2∑N−1
k=0 (yk − ymean)2

(2)

where yk is the measurement at time k; yestimatek is the esti-
mated value at time k; and ymean is the mean of observations.

In this paper, we estimate systems in form (1) and use R2

to assess the obtained model.

III. METHODOLOGY

This section introduces the ideas of PEM [7] and NN [13].

A. Prediction Error Method (PEM)

In PEM, the current parameter estimate θ̂(t) is calculated
via the previous estimate θ̂(t− 1):

θ̂(t) = θ̂(t− 1) + P (t− 1)ψ(t− 1)e(t) (3)

where P (t− 1) is the algorithm gain, P (t− 1) = P (t− 2)−
P (t− 2)ψ(t− 1)ψ(t− 1)TP (t− 2)

I + ψ(t− 1)TP (t− 2)ψ(t− 1)
; ψ(t−1) is a regression

vector, ψ(t− 1) = dŷ(t,θ)
dθ |θ=θ̂(t−1); and e(t) is the prediction

error, e(t) = y(t)− ŷ(t).
The state space model uses a canonical form of observability

in order to estimate state variables and reduce calculation
effort. The optimal objective is to minimize the mean squared
errors of prediction:

VN (θ) =
1

N

N∑
t=1

(y(t)− ŷ(t))T (y(t)− ŷ(t)) (4)

B. Neural Network (NN)

We focus on feed-forward neural network for our iden-
tification tasks. A physics informed NN model (5) is more
computational efficient [17], since some parameters are fixed
during training. The neural network Nf are trained over
subsequences, which are extracted from data set D. So, it can
exploit parallel computing, because all the subsequences can
be estimated simultaneously.

ẋ(t) = Nf (x(t), u(t), θ), x(0) = x0 (5a)
y = g(x) (5b)

The training objective is to minimize an overall loss consisting
of fitting cost and a regularization term used to optimize initial
conditions:

Jtotal(θ, X̄) = Jfit(θ, X̄) + αJreg(θ, X̄) (6)

where

Jfit(θ, X̄) =
1

qm

q−1∑
j=0

m−1∑
h=0

||ŷj,h(θ, X̄)− yj,h||2 (7a)

Jreg(θ, X̄) =
1

qm

q−1∑
j=0

m−1∑
h=0

||x̂j,h(θ, X̄)− x̄j,h(X̄)||2 (7b)

and x̄ ∈ X̄ is the subsequence initial value; q is the number
of subsequences; m is the length of a subsequence; and
regularization weight α > 0.

IV. EXPERIMENT ANALYSIS

This section illustrates the performance comparison between
PEM and NN using real world data1 on three often studied
nonlinear systems shown in Fig. 1. All the computations are
carried out on a PC with Intel i5-7200U@2.70 GHz and 8GB
RAM.

A. Experiment Setup

With system structural information, model (1) can take
format of (8) for CTS, where x is the water levels in tanks;
input u is voltage of the pump; the lower tank water level is

1http://www.nonlinearbenchmark.org
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measured as output y, and k1 ∼ k4 denote system parameters.

[
ẋ1
ẋ2

]
=

[
−k1
√
x1

k2
√
x1 − k3

√
x2

]
+

[
k4u
0

]
(8a)

y = x2 (8b)

RLC model is in (9), where input vin(V ) is a filtered white
noise; measurement vC(V ) is the capacitor voltage; iL(A) is
the inductor current. And inductance L depends nonlinearly
on iL: L(iL) = L0[0.9( 1

π arctan(−5(|iL|− 5) + 0.5) + 0.1)].[
˙vC
˙iL

]
=

 0 1
C

−1

L(iL)

−R
L(iL)

[vC
iL

]
+

 0
1

L(iL)

 vin (9a)

y = vC (9b)

EMPS model is in (10), where motor force τ(N) is the input;
output is joint position p(m); v is the joint velocity; M(kg)
is the joint mass; fv(Ns/m) is dynamic friction coefficient,
and Fc(N) is the static friction.[
ṗ
v̇

]
=

[
0 1

0 − fv
M

] [
p
v

]
+

[
0

− 1

M

]
τ +

[
0

− 1

M

]
Fc(v) (10a)

y = p (10b)

The collected training data set D contains 1024, 10000 and
4968 pairs of input-output samples for CTS, RLC, and EMPS,
respectively; and test data have the same size, but different
samples. The NN models use ReLU activation, and have one
hidden layer with 100, 64, and 64 linear neurons in CTS, RLC
and EMPS, respectively.

B. Numerical Analysis

Training cost relates to model structure complexity, train-
ing data size, training iterations and etc.; whereas inference
cost depends on the model complexity (i.e., the number of
arithmetic operations). In our study, they are reflected through
running time. We first use training data to obtain a system
model, then feed test data to this model. And its inferences
are used in (2) to decide the accuracy of obtained model.

The inference comparisons in terms of accuracy are il-
lustrated in Fig. 2. NN uses the entire training data and
the number of iterations can be designed; while iterations in
recursive PEM are the number of used samples. In order to
get well trained models, NN works 10000 iterations and PEM
uses full size of training data mentioned above. It can be seen
from Fig. 2a, for CTS, PEM model is more accurate. The
predictions of PEM fit much better than NN. Fig. 2b depicts
the results comparison in RLC system. Obviously, PEM still
works quite well in terms of accuracy, although its precision
is slightly worse than NN. This results from the fact that PEM
estimates cannot perfectly fit the peaks of the measurements as
NN does. For EMPS, Fig. 2c shows that NN performs much
better than PEM. It indicates PEM cannot cope with frequently
abrupt-changing input signal: its estimates are affected much
by the input data. This can result from PEM’s linear structure
trying to approximate a system with input-output signals of

different nonlinearity. In contrast, NN can deal better with
data of highly different frequencies, due to the benefit of its
large generic framework.

The training speed comparison is in Fig. 3a. By tuning
the iterations in NN, training time is changed and models of
different training depth are obtained; in PEM, varying amounts
of training data are used. It can be seen that the accuracy of
NN inference depends highly on training time; whereas PEM
needs much less time to achieve a good R2. For instance,
to reach R2 of 0.98, in CTS, PEM uses 0.02s and NN uses
784.33s; in RLC, 0.02s for PEM and 78.34s for NN. Thus,
it’s worthy to choose PEM model over NN for system CTS
and RLC. The R2 of PEM in EMPS is less than zero, meaning
a wrong model is chosen for this system [18].

And it should be noted that unlike NN needing abundant
data, PEM requires very little amount of samples to build a
model. As shown in Fig. 3b, less than 50 samples are sufficient
to reach model accuracy of 0.98 in CTS and RLC.

Fig. 3c demonstrates the online inference time if we have
already offline-trained models at hand. The test data size are
1024, 10000 and 4968 for CTS, RLC and EMPS, respectively.
The results indicate that using PEM model is faster in all the
systems, because of its less complex model structure.

In summary, to reach a satisfying accuracy, it’s more expen-
sive computational-wise of NN to work on embedded systems.
When considering the trade-off, PEM outperforms NN in a
wide range of examples. If the observed signals’ changing are
highly different, it’s then worthy to use NN. Therefore, even
with high interest and investment in neural networks, we can
not discard conventional methods like PEM.

V. CONCLUSION

Three nonlinear systems are used to demonstrate the per-
formance of KF-predictor based PEM and state-space based
NN.

• The amount of calculations in NN may overburden the
devices, while PEM is proved to be significantly faster
with good accuracy and demands for few amount of data.
Therefore, the trade-off between required precision and
computational effort in PEM makes it a better choice for
many resource-constrained devices.

• NN can handle the system with input-output data of
highly different frequencies. Hence, it’s worthy to use NN
in some systems with frequently abrupt-changing signals.

• The NN model cannot adapt quickly when the system has
changed, because pre-collected data set is needed to train
the model offline; while PEM can work simultaneously
with data being collected online. Thus, PEM is more
adaptive in time-varying systems.

There are still works can be further done. After NN model
is trained offline, whenever its credibility is not trustworthy for
inference anymore, the retraining may be done with PEM to
update the model. But for some systems like EMPS, a mapping
rule is needed to modify the input-output data to new sets for
PEM to function, e.g., moving averages. This way, the best
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Fig. 2. Inference results comparison between PEM and NN on three systems. (a) CTS: PEM is more accurate; (b) RLC: PEM works well with accuracy
slightly worse than NN; (c) EMPS: NN works well, but PEM is not the right model here.
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Fig. 3. Numerical analysis of PEM and NN on three systems. (a) Inference accuracy (coefficient of determination R2) vs. training time: PEM is obviously
faster (not function for EMPS); (b) PEM inference accuracy R2 vs. training data size: few samples needed to build a model (not the right model for EMPS);
(c) Inference time of PEM and NN models: PEM is faster than NN.

accuracy can be achieved and energy can be spared during
retraining.
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