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The black box model of a dynamic system usually consists of just input and output. There is no correlation or coupling between the
input and output. This paper proposes a self-coupling black box model method to realize the coupling between its input and
output by introducing “virtual variables” to the black box model of a dynamic system considering the advantages of artificial
neural network (ANN) in the system. The ANN is used for black box modeling. The modeling process of the self-coupling black
box is illustrated through the simulation models and simulation analysis of the particle settlement process and the Unmanned
Undersea Vehicle (UUV) launching process. By comparing its result with the result of the standard black box model, the
advantages and disadvantages of the self-coupling and standard black box models in the calculation of accuracy are analyzed.

1. Introduction

The black box models are developed by measuring the data
of the system input and output and fitting a mathematical
function to the data. The development of black box models
does not require the understanding of the system physics,
and they have high accuracy compared to the physics-based
models though they suffer from poor generalization capa-
bilities [1]. A nonlinear black box structure for the dynamic
system is a model structure constructed to describe the
nonlinear dynamics [2]. The nonlinear structures can be
seen as a concatenation of mapping the observed data to a
regression vector and nonlinear mapping of the regressor
space to the output space [3].

At present, the research on modeling methods of the
black box model mainly focuses on accurately realizing the
mapping relationship between input and output. In order to
solve the specific engineering problems, many scholars have
adopted a variety of methods to build the black box model,
such as autoregressive public model (ARX), transfer func-
tion model (TF), state space model (SS), and output error

model (OE) [4-8]. Research studies on black box modeling
methods mainly focus on accurately realizing the implicit
relationship. There is a lack of research on the correlation
between the input and the output. System variables that have
representational meaning are introduced in the black box
model. These variables are both input and output (self-
coupling) variables. However, in the calculation of the black
box model, the actual input does not contain this variable. A
variable “virtual” exists in the system that can generate
output as an analysis parameter to observe the operation of
the system.

In general, the study of dynamic system identification is
concerned with its operation law. The analyzed data is the
time series of the system. As an alternative method of re-
gression analysis, the artificial neural network (ANN) can be
used to identify the parameters of the dynamic system and
build models. ANN, which simulates the human nervous
system, is a powerful method to solve regression and clas-
sification problems [9, 10]. ANN has been successfully
applied for the nonlinear modeling of time series [11-19]. It
has the ability to model complex nonlinear relations in data
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without any prior assumptions about the nature of such
relations [20]. The nonlinear properties and self-learning
and adaptive abilities of the neural network method ensure
strong approximation in nonlinear mapping. This method
can accurately simulate the input-output relationship of the
system and provide a reliable and precise model for the
nonlinear system. Moreover, the ANN does not need to
know the characteristics of the relationship between de-
pendent and independent variables, which is in sharp
contrast to regression analysis. In addition, the ANN can be
used for online identification and a more effective real-time
simulation analysis of the system. ANN is widely used in the
fields of pattern classification, function approximation, and
trend prediction as well [21, 22]. Therefore, after selecting
the input and output of the system, this research uses the
ANN as the black box modeling method.

The remainder of this paper is organized as follows.
Section 2 introduces the principle and modeling process of
the self-coupling black box model. Section 3 lists two specific
application cases. In Section 3.1, the motion modeling and
prediction of the settling process of spherical particles are
introduced. Section 3.2 presents two black box models used
in this study to calculate the velocity of a ballistic body and
torque of the launching pump. The conclusions drawn from
research work are presented in Section 4.

2. Principle of Self-Coupling Black Box Model
and Modeling Method

2.1. Principle of Self-Coupling Black Box Model. The system
identification black box modeling requires measurement of
input-output data of the dynamic system, selection of model
structure, and estimation of model parameters. When
building the self-coupling black box model of a dynamic
system, it is necessary to analyze the relationship between the
variables in the system. The variable with the highest degree of
correlation with other variables is regarded as the key variable.
Consequently, the functional relationship between other
variables and key variables in the system is analyzed to de-
termine whether it contains the differential or integral of key
variables. The integral or differential quantities are introduced
in the black box model as “virtual quantities.” The key var-
iables and “virtual quantities” are considered as the output
and input of the model, respectively. In addition, the self-
coupling black box model also includes other necessary input
and output quantities of the system. The biggest difference
between the self-coupling black box model and the standard
black box model is that more input quantities are involved in
the trained model through virtual quantities, and the ob-
servation data of virtual quantities ignored in the standard
black box model is also involved, which may help to improve
the stability of the self-coupling black box model.

To further illustrate the principle of the self-coupling
black box model, a system with four variables is illustrated
[23] which includes one input variable A, (f) and three
system variables X, (t), X, (¢), and X5 (t). X, (¢) is the key
variable and X, (t) and X, (t) are the integral and differ-
ential quantities of X, (t). Therefore, X, (¢) and X; (t) are
virtual quantities, A, (¢) is the input, and X, (t) is the output

Mathematical Problems in Engineering

of the black box model. The required black box model is
shown in Figure 1. Compared with the self-coupling black
box model, the standard black box model usually has only
A, (t) and X, (t) as input and output, respectively; in model
training process, X, (t) and X; () are ignored.

The simulation model of the self-coupled black box
model is shown in Figure 2.

2.2. Modeling Process. The modeling process of the self-
coupled black box model is shown in Figure 3, which
consists of five steps:

(1) The variables of the system are analyzed, and the key
and virtual variables are determined. In addition, to
ensure the accuracy of the model, the input variables
need to be as complete as possible.

(2) The virtual variables and input variables are used as
input and the key variables contain the output of the
model.

(3) According to the self-coupling black box model,
distinct test results are selected to fit the neural
network model (the learning sample may be adjusted
according to the results in the fourth step, i.e., dif-
ferent test data are adopted). The fitting method can
also be established by the polynomial method or
other methods and is not limited to ANN.

(4) The results of self-coupling black box model calcu-
lation are checked to determine if they match the
fitted experimental results. If the result is not precise,
steps 2, 3, and 4 are repeated, whereas if they meet
the requirements, the next step is executed.

(5) Other test data are used to verify the accuracy of the
self-coupling black box model. If the result is not
precise, steps 2, 3, 4, and 5 are repeated, and thus, the
self-coupling black box model is built.

3. The Application Case

3.1. Prediction of Particle Sedimentation Process. Particle
sedimentation is a classic problem in both solid and liquid
phases, which occurs in several industrial fields or nature as
liquid-solid fluidized bed and secondary sedimentation tank.
When high-density spherical particles freely fall from the
initial static state into water, the ball is first accelerated by
gravity. Next, the particle velocity increases, followed by the
falling resistance. The acceleration gradually decreases and
eventually the gravity, buoyancy, and resistance acting on
the particle attain equilibrium, and the particle moves with
uniform speed. For particles with different diameters,
gravity, buoyancy, and resistance affect each particle dif-
ferently. Therefore, the particle sedimentation process var-
ies. Many scholars have conducted several related research
analyses using CFD (Computational Fluid Dynamics) to
solve the particle sedimentation problems [24-29]. How-
ever, CFD analysis is time consuming, whereas the pre-
diction of results through limited data is time efficient.
Therefore, this paper explains the implementation of the
coupling model using the partially known diameter of steel



Mathematical Problems in Engineering

———————

———————

( v N )
60 H— (0 =7& 0.0 0,.) N !
I 1 | I 1
| [ [ |
i [4,0) H-:—»[xl(z) =f (4,0} : i: X () i
| | : [ 1
i [0 : Ly (X, (1) =f (X, (0, X{ (), ..)) i ! i
\ Input ) |\\ Black box model S Output

_______

___________________________

_______

Model for system identification
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FIGURE 2: Dynamic system simulation model.
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FIGURE 3: Flow chart of the self-coupling black box model.

ball to predict the result of particle sedimentation of particles
with different diameters.

First, the settlement process data of steel ball (density
7800kg/m3) with diameters 2mm, 3mm, 4mm, 5mm,
6mm, 7mm, and 8mm were obtained through CFD
analysis. The ultimate settlement velocity of spherical par-
ticles with diameters 2 mm, 3 mm, 4 mm, and 5mm was
verified through experiments, and the results are shown in
Table 1. v, is the ultimate settlement velocity obtained by the
experiment and v, is the ultimate settlement velocity cal-
culated through CFD analysis.

Next, the variables related to the settlement process of
steel balls are analyzed and the appropriate key variables and
other input and output variables are selected. The variables
of the self-coupled black box model include velocity v(t) of
the steel ball and displacement y (¢), which is the degree of

free movement in the vertical direction when a high-density
particle falls. The input variable includes the particle di-
ameter D. Because this variable does not change with time, it
is necessary to take time as input variable. In addition, the
settling velocity and displacement of steel balls with di-
ameters 2, 3, 4, 6, 7, and 8 mm are taken as input variables. A
learning sample of neural network is shown in Figure 4.
Compared with the self-coupling black box model, the
standard black box model does not introduce the virtual
quantity y (¢). It only takes t, D, and y (¢) as learning samples
of the neural network, as shown in Figure 5.

The neural networks in Figures 4 and 5 adopt the
cascade-forward neural network model with N neurons
(Figure 6). The values of N are 9, 12, 15, 18, and 21. The
training method adopts the updated values of weight and
bias according to the Levenberg-Marquardt optimization



TaBLE 1: Comparison between the ultimate settling velocity of
different spherical particles with experimental results.

D (mm) v, (m/s) v, (m/s) Error
2 0.6117 0.6032 -1.39%
3 0.7932 0.7626 -3.86%
4 0.9234 0.9072 -1.75%
5 1.0542 1.093 3.68%
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FIGURE 4: Schematic diagram of self-coupling black box model
architecture.
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FiGure 6: Sketch of the cascade-forward neural network.

method. Seventy percent of the data is selected as training
data, 15% as model validation data, and the remaining 15%
as test data. The maximum number of training repetitions
is 10,000, the training accuracy is le-7, and the training
speed is 0.5.

After the training of neural network, the neural network
model is put into the simulation model of particle settlement
process (Figures 7 and 8).
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FIGURE 7: Particle settlement process simulation model based on
the self-coupled black box model.

The standard and self-coupling black box models were
used to predict the settlement velocity of spherical particles
with a diameter of 5mm. The results of the calculation are
shown in Figure 9.

The average error (AE) and other performance indica-
tors such as the root mean square error (RMSE) and average
absolute relative error (AARE) were determined for the
black box models. These performance indicators are listed in
Table 2. According to the error analysis in Table 2, the self-
coupled black box model has higher accuracy and better
stability for calculating different quantities of neurons.

3.2. Interior Ballistic Prediction. UUV (unmanned under-
water vehicle) is widely used in deep-sea exploration and
survival risk such as underwater operation, which can
generally be set in the water or underwater. The advantages
of underwater release severe sea state can be avoided, but
release of UUV underwater conditions need to rely on the
submarine weapon launch system to achieve. Air turbine
pump (ATP) launch system (Figure 10) is the navy sub-
marine in active service in the world’s most advanced
hydraulic balance type deep-water launcher [30]. With its
large launching depth, small volume, light weight, strong
versatility, high utilization of launching energy, and low
launching noise, the ATP launching system is suitable for
installation on various types of submarines. The principle
of ATP is that the launcher pump pushes seawater into the
launcher tube to push the projectile body out of the tube,
so the underwater launching process of projectile is a
complex fluid structure interaction (FSI) problem. If a
simple and efficient interior ballistic model can be con-
structed, it will be of great significance to the design of
interior ballistic parameters and the safety analysis of
launching. Therefore, this paper intends to build the in-
terior ballistic simulation model using as few as possible
inputs.

The ATP launch systems analyzed in this paper are
conducted with the same projectile and the same initial
condition. Therefore, the only difference of the internal
ballistic model is the rotation speed of the launch pump. The
interior ballistic model of ATP launch systems are estab-
lished by using the self-coupling black box model method
and the standard black box model, respectively (Figure 11).
The only difference between the two models is that the input
of the self-coupling black box model includes the virtual
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TaBLE 2: Overall error performance comparison using different performance indicators.
The self-coupling black box model The standard black box model
D =5mm, velocity: v (m/s) D =5mm, velocity: v (m/s)
AE RMSE AARE AE RMSE AARE
9 —1.64E-05 6.28E-02 1.54E-03 —-2.36E-05 5.00E-03 2.21E-03
12 —-1.06E-05 6.99E-03 9.92E-04 5.80E-05 5.85E-02 5.44E-03
15 2.71E-06 2.00E-02 2.54E-04 —3.94E-05 2.42E-02 3.70E-03
18 3.94E-05 2.30E-02 3.69E-03 6.12E-05 1.84E-01 5.74E-03
21 4.20E-05 1.53E-02 3.94E-03 6.96E—05 2.27E-02 6.53E-03

Note. The colored cells correspond to the best values of AE, RMSE, and AARE.
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FIGURE 10: Schematic of the ATP launch system [30].

quantity the projectile displacement x(t). There are two
output quantities in both the black box models, where 1 (t) is
the velocity of the projectile and T (t)is the torque of the
launch pump.

In each interior ballistic model, the neural network
module uses the cascade-forward network. In order to
compare the effects of different number of neurons, the
numbers of neurons N for each model is set as 10 and 20
respectively. Six groups of internal ballistic test data (No. 1 to
No. 6 test data) are used as learning samples in training. The
training method updates weights and biases according to
Levenberg-Marquardt optimization method. The data were
split into three parts: 70% is selected as training data; 15% is
used as model validation data; and 15% is used as test data.
The maximum epoch of training is set as 5000. The threshold
accuracy is set as le-8 and the training rate is chosen as 0.2.
The modeling process of the black box models can be de-
scribed as a flow chart (Figure 12), where &, (i) and & (i)
denote the average absolute relative error (AARE) of the
simulation calculation results of projectile velocity and
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When N = 10, the simulation results of the self-coupling
black box model and the standard black box model are
compared with available experimental results, as shown in
Figure 15. It can be seen from the calculation results that the
projectile velocity obtained by the two black box models is
close to the experimental results. However, the torques
calculated by the standard black box model from No. 8 to
No. 10 were significantly different from the experimental
results, while the projectile body velocity and launch pump
torque calculated by the self-coupling black box model were

Figure 16 shows the interior ballistic calculation results
from No. 7 to No. 12 (except the training sample) when
N=20, and it can be seen that the results obtained by the

black box model.
. Y
Internal ballistic Artificial neural max (6,,(i)) <0.05
test data No.1to | —» petwork training max (4(i)) <0.05
No. 6 i=7..12
I
v l
Artificial neural . Internal ballistic test
networks model Model calculation result data No. 7 to No. 12
F1GURE 12: Flow chart of the black box models.
0.035
0.03 |+
0.025
E 0.02 |
<
<
0.015
0.01 | in good agreement with the experimental results.
0.005
0
0

<<<<<< The self-coupling black box model: N = 10
—o— The standard black box model: N = 10
- - - The self-coupling black box model: N = 20
—o— The standard black box model: N = 20

Ficure 13: AARE for the torque of the launch pump.

launch pump torque, respectively, and i is the number of
interior ballistics.

After several iterations, the AARE of T'(t) and u (t) of the
two interior ballistic black box models are less than 0.05, as
shown in Figures 13 and 14.

standard black box model become significantly worse as the
number of neurons N increases, compared with the self-
coupling black box model, and the results of projectile
velocity still fluctuate more dramatically. In addition, it
should be noted that when N =20, the torque results ob-
tained by the self-coupling black box model with trajectories
of No. 8, No. 9, No. 10, and No. 11 also become worse. This
indicates that the number of neurons has a certain influence
on the stability of the results of the two types of interior
ballistic black box models.

In general, when the interior ballistic black box model is
constructed with the same error standard, the interior
ballistic results of the self-coupling black box model are
better than those of the standard black box model, and the
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FiGure 16: Comparison of the ballistic calculation

with different black box models (N = 20).
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stability of the self-coupling black box model is better than
that of the standard black box model.

4. Conclusion

This paper presents a self-coupling black box modeling
method for a dynamic system. This method first classifies the
system parameters according to the characteristics of the
dynamic system and then manually selects the parameters to
formulate the hypothesis model. Finally, it adopts the ANN
to construct a definite model and verify its result.

In this paper, two application cases are given, which are
motion modeling and prediction of spherical particle set-
tlement process and modeling and trajectory prediction of
the internal ballistic system of the ATP launch system. The
application results show that this method is simple and
efficient compared with other systems identification
methods and can predict the dynamic system operation
process based on limited data samples. Compared with the
standard black box model method, the self-coupling black
box model method can obtain more accurate and stable
simulation results.

Data Availability

The experiment data used to support the findings of this
study have not been made available because the relevant data
related to trade and technical secrets and other aspects of the
content are not authorized by the relevant units to disclose.

Conflicts of Interest

The authors declare that they have no conflicts of interest.

References

[1] A. Afram and F. Janabi-Sharifi, “Black-box modeling of
residential HVAC system and comparison of gray-box and
black-box modeling methods,” Energy and Buildings, vol. 94,
pp. 121-149, 2015.

[2] A.Juditsky, H. Hjalmarsson, A. Benveniste et al., “Nonlinear
black-box models in system identification: mathematical
foundations,” Automatica, vol. 31, no. 12, pp. 1691-1724,
1995.

[3] J. Sjoberg, Q. Zhang, L. Ljung et al., “Nonlinear blackbox

modeling in system identification: a unified overview,”

Automatica, vol. 31, no. 5, 1995.

L. Ljung, “Black-box models from input-output measure-

ments,” in Proceedings of the 18th IEEE Instrumentation and

Measurement Technology Conference, 2001, Budapest, Hun-

gary, May 2001.

R. Safat, M. Awtoniuk, and K. Korpysz, “Black-box identi-

fication of a pilot-scale dryer model: a support vector re-

gression and an imperialist competitive algorithm approach,”

IFAC-Papers On Line.vol. 50, pp. 1559-1564, 2017.

[6] G.Giordano and]. Sjoberg, “Black-and white-box approaches
for cascaded tanks benchmark system identification,” Me-
chanical Systems and Signal Processing, vol. 108, pp. 387-397,
2018.

[7] H. Xu, K. Duan, H. Yuan, W. Xie, and Y. Wang, “Black box
variational inference to adaptive kalman filter with unknown

[4

[5

11

process noise covariance matrix,” Signal Processing, vol. 169,
p. 107413, 2020.

[8] M.Killian, B. Mayer, and M. Kozek, “Effective fuzzy black-box
modeling for building heating dynamics,” Energy and
Buildings, vol. 96, pp. 175-186, 2015.

[9] H. Yasin, “Intelligent prediction of reservoir fluid viscosity,”
in Production and Operations Symposium, Society of Petro-
leum Engineers, Richardson, TX, USA, 2007.

[10] K. Arash, N. Mohammad, S. Leili, and A. H. Mohammadi,
“Efficient screening of enhanced oil recovery methods and
predictive economic analysis,” Neural Computing and Ap-
plications, vol. 25, pp. 815-824, 2014.

[11] M. Bruen and J. Yang, “Combined hydraulic and black-box
models for flood forecasting in urban drainage systems,” Journal
of Hydrologic Engineering, vol. 11, no. 6, pp. 589-596, 2006.

[12] V.R.Kumar and P. Dixit, “Artificial neural network model for
hourly peak load forecast,” International Journal of Energy
Economics and Policy, vol. 8, 2018.

[13] T. A. E. Ferreira, G. C. Vasconcelos, and P. J. L. Adeodato, “A
new intelligent system methodology for time series fore-
casting with artificial neural networks,” Neural Processing
Letters, vol. 28, no. 2, pp. 113-129, 2008.

[14] C. L. Wu and K. W. Chau, “Data-driven models for monthly
streamflow time series prediction,” Engineering Applications
of Artificial Intelligence, vol. 23, no. 8, pp. 1350-1367, 2010.

[15] H. Taher, D. Schreurs, and B. Nauwelaers, “Black box

modelling of the Op-Amp including switching power supply

on effect,” AEU—International Journal of Electronics and

Communications, vol. 62, no. 7, pp. 544-548, 2008.

T. Zufferey, A. Ulbig, S. Koch, and G. Hug, “Forecasting of

smart meter time series based on neural networks,” in Data

Analytics for Renewable Energy Integration, Springer Inter-

national Publishing, Berlin, Germany, 2017.

A. O’Sullivan, F. C. Pereira, J. Zhao, and H. N. Koutsopoulos,

“Uncertainty in bus arrival time predictions: treating heter-

oscedasticity with a metamodel approach,” IEEE Transactions

on Intelligent Transportation Systems, vol. 17, pp. 1-11, 2016.

S. C. Nayak, B. B. Misra, and H. S. Behera, “Efficient financial

time series prediction with evolutionary virtual data position

exploration,” Neural Computing & Applications, vol. 31,

no. S2, pp. 1053-1074, 2017.

A. M. Kalteh, “Improving forecasting accuracy of stream flow

time series using least squares support vector machine cou-

pled with data-preprocessing techniques,” Water Resources

Management, vol. 30, 2016.

S. Ahmed, H. E. Kadi, and A. AlSharif, “Three-dimensional

turbulent swirling flow reconstruction using artificial neural

networks,” Journal of Mechanical Engineering and Automa-

tion, vol. 4, pp. 1-9, 2014.

[21] M. A. Mohandes, S. Rehman, and O. T. Halawani, “A neural
networks approach for wind speed prediction,” Renewable
Energy, vol. 13, no. 3, pp. 345-354, 1998.

[22] L.Yu, S. Wang, and K. K. Lai, “Forecasting crude oil price with
an EMD-based neural network ensemble learning paradigm,”
Energy Economics, vol. 30, no. 5, pp. 2623-2635, 2008.

[23] J. Chen, J. Li, S. Li, and Y. You, “Implementation of black box
models for internal ballistics optimization using an artificial
neural network,” Mathematical Problems in Engineering,
vol. 2018, Article ID 1039163, 10 pages, 2018.

[24] H. Gan, J. Chang, J. J. Feng, and H. H. Hu, “Direct numerical
simulation of the sedimentation of solid particles with thermal
convection,” Journal of Fluid Mechanics, vol. 481, pp. 385-411,
2003.

(16

(17

(18

(19

(20



12 Mathematical Problems in Engineering

[25] H. Gan, J. J. Feng, and H. H. Hu, “Simulation of the sedi-
mentation of melting solid particles,” International Journal of
Multiphase Flow, vol. 29, no. 5, pp. 751-769, 2003.

[26] R. Chen, Y. Liu, and D. Nie, “Computer simulation of three

particles sedimentation in a narrow channel,” Mathematical

Problems in Engineering, vol. 2017, Article ID 1259840,

11 pages, 2017.

L. HanTao, C. JianZhong, A. Kang, and S. TieXiong, “Direct

numerical simulation of the sedimentation of two particles

with thermal convection,” Acta Physica Sinica, vol. 59,

pp. 1877-1883, 2010.

[28] Z. Yu, X. Shao, and A. Wachs, “A fictitious domain method
for particulate flows,” Journal of Hydrodynamics, Ser. B,
vol. 18, no. 3, pp. 482-486, 2006.

[29] J. Z. Chang, H. T. Liu, T. X. Su, and M. B. Liu, “Direct nu-
merical simulation of particle sedimentation in two-phase
flow under thermal convection,” International Journal of
Computational Methods, vol. 8, no. 4, pp. 851-861, 2011.

[30] Yidiao C., Shijie M., “Interior ballistics calculation of sub-
marine weapon,” Correspondence of the underwater weapons,
vol. 3, pp. 1-18, 1977, in Chinese.

[27



