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Abstract

The paper presents several unconventional models of
residuary resistance based on fuzzy logic and neural
network techniques. First, two fuzzy models are built
based on different hull parameters and different Froude
numbers. These models are identified by a modification
of Sugeno and Yasukawa identification algorithm. Next,
a neuro-fuzzy model of residuary resistance is build,
based on statistical learning theory. The model presents
a fuzzy inference system of Takagi and Sugeno type that
uses an extended relevance vector machine for learning
its parameters and number of fuzzy rules. Finally, a
neural network approach is applied to build four
different models of residuary resistance. Two of the
neural models apply classic extreme learning machine,
and the other two implement incremental extreme
learning machine philosophies. The obtained models are
validated for their generalization and approximation
performance, and although they all possess excellent
approximation capabilities, our neural models based on
extreme learning machine have shown the best
simulation results.

Keywords: residuary resistance, fuzzy modeling,
neuro-fuzzy model, extreme learning machine, random
nodes

1 Introduction

Obtaining a hydrodynamic model of a sailing yacht is an
important step in its initial design, because the model
can be used for calculation of the most important
hydrodynamic forces acting upon the yacht, evaluation
of yacht performance and estimation of its required
propulsive power. Within these efforts, Delft Ship
Hydromechanics Laboratory at Delft University of
Technology in Nederland has produced several series of
yacht models, known together as Delft Systematic
Yacht Hull series (DSYHS). This large data base of
sailing yacht models today consists of 7 series with a
total of approximately 70 models and can be accessed
through DSYHS Data Base. According to (Keuning
and Katgert, 2008), it is probably the largest series of
yacht hulls systematically designed, built, and tested up
to now and the series is still expanding. DSYHS is
elaborated in much detail in (Keuning and Sonnenberg,
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1998). DSYHS has been used for extensive research of
sailing yacht hydrodynamics and performance over the
past five decades (Keuning and Katgert, 2008; Keuning
and Sonnenberg, 1998; Kerwin, 1978; Gerritsma et al.,
1981; Gerritsma and Keuning, 1988; Gerritsma et al.,
1992; Keuning et al., 1996; Keuning and Binkhorst,
1997). The research presented in this work is based on
DSYHS also and deals with prediction of residuary
resistance in sailing yachts.

The prediction of total yacht resistance, and
particularly its residuary resistance, is very important
because of its influence on ship hull design. This
prediction should be done with the highest possible
accuracy to ensure that the ship operates at optimal
speed under most efficient and cost-effective conditions.
There are several models for residuary resistance
prediction presented in the literature and obtained
through regression analysis (Keuning and Katgert,
2008). The variables in these models are different
parameters describing hull geometry, and the models are
given as sets of polynomials of rather complex structure.
Their coefficients are valid only for a specific ship
speed, described by a corresponding Froude number.
Thus, large look-up tables must be built for each model
for different discrete values of Froude number.

This paper proposes and describes several
unconventional models for residuary resistance
prediction in sailing yachts. The modeling is done on the
Yacht Hydrodynamic Data Set available at (Lichman,
2013). The set includes 308 full-scale experiments
performed at Delft Ship Hydromechanics Laboratory,
which consist of 22 different hull forms. The supplied
input parameters are different coefficients concerning
the hull geometry and yacht speed: longitudinal position
of the center of buoyancy, prismatic coefficient, length
to displacement ratio, beam to draught ratio, length to
beam ratio, Froude number. The measured variable, i.e.
the output, is the residuary resistance per unit weight of
displacement.

2 Fuzzy Models of Residuary
Resistance

The paper presents two fuzzy models of residuary
resistance: a position type and a position — gradient type
fuzzy model. The identification of these models is based
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on (Sugeno and Yasukawa, 1993). The obtained
position type fuzzy model of residuary resistance is of
the following form:

RU:IF x5 is A and x5 is AL THEN y is BY; )

i=12,-5

and is shown in Figure 1. It has two inputs x3 and xs,
one output y and five fuzzy rules R'(i = 1,2,++-,¢c = 5);

L, AL B! are fuzzy variables with trapezoidal
membershlp functions, and c is the number of clusters.
A deffuzification method known as center of gravity is
used to infer the model output ¥, and ¥ is calculated as
the weighted average of the centers of gravity b for the
consequent membership functions ugi(y), with respect
to the weighting factors w':

c c
yzzwibi/zwi

wi —1r£1]1<nnuA i(x);1<i<c ()

pi = J VHsi )y

J upi(n)dy
The output of the position type fuzzy model of
residuary resistance compared to the actual output is
shown in Figure 2. The model performance has been

evaluated through the performance index PI, defined as
root mean square error (RMSE) of the model output:

N

1 . . 2

NZ(y;eal - yrlnodel) 3)
i=1

The obtained position-gradient fuzzy model of
residuary resistance is shown in Figure 3 and is of the
following form:

RUIF x3 is As and x5 is AL THEN y is B
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Figure 1. A position type fuzzy model of residuary
resistance.

DOI: 10.3384/ecpl17142511

S PI=0.47446
£ Fuzzy position model
2
-]
4
T
g
I

s e NS

; annles
6.0 16.0 26.0 36.0
1.0 11.0 21.0 31.0 ai1.0

Figure 2. The output of the position type fuzzy model of
residuary resistance (dashed line) compared to the actual
measured output (solid line).
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Figure 3. A position-gradient type fuzzy model of
residuary resistance.

where A, AL, BY, Ci, Ci. are fuzzy variables with
trapezoidal membership functions and dy/dx5, dy/0xs
are partial derivatives of the fuzzy rule outputs with
respect to the corresponding inputs. The difference
between the two fuzzy models is since a position type
fuzzy model cannot be built over the whole input space
when some data are missing. In these cases, the output
of the model can be estimated through extrapolation
based on the local fuzzy rules, which leads to a position-
gradient fuzzy model. The output of this model is
inferred in the following way:

o _ Ziaw(@){[b' + ¥7-i(d) x )]}

Y= < w(db

where b* and cji are values obtained by defuzzification

)

of Btand Cji, respectively; d' is the distance between the
input and the core region of the i — th fuzzy rule; d; is a
component of d* on the x; coordinate axis and w(di) =
exp(—di) is the weight of the i—th fuzzy rule with
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respect to distance d’. The performance of the position-
gradient type fuzzy model is evaluated through its PI
based on RMSE criterion (3) and is shown in Figure 4.

The applied identification algorithm (Sugeno and
Yasukawa, 1993) is a very well-known method for
fuzzy identification. Several modifications of this
identification method have been presented in literature
(Tikk, 2002; Haddad, 2008; Kim et al., 1997,
Lazarevska and Trpovski, 2000). In this research, the
modification presented in (Lazarevska and Trpovski,
2000) is used. The performed algorithm includes
parameter identification at each stage of model’s rule
structure identification process, thus significantly
improving the accuracy of the obtained intermediate
fuzzy models. As a result, a more efficient and more
accurate selection of inputs to the identified fuzzy
models is obtained. The parameter identification is done
both for the premise and the consequent parameters of
the fuzzy rules. In addition, parameter identification is
done throughout the process of estimation of partial
derivatives of the output with respect to the input
variables. As a result, the two obtained fuzzy models
very successfully model the given input output data,
generating the desired output only by two significant
inputs, opposite conventional polynomial models that
struggle with many parameters and parameter
dependent coefficients. The identification of these
models in much more detail is given in (E. Lazarevska,
2016).

PI=0.17367

Fuzzy position-gradient model

Model Dutput

Shples

6.0 16.0 26.0 36.0
1.0 11.0 21.0 31.0 ai.o

Figure 4. The output of the position-gradient type fuzzy
model of residuary resistance (dashed line) compared to
the actual measured output (solid line).

3 A Neuro-fuzzy Model for Residuary
Resistance Prediction

The neuro-fuzzy model for residuary resistance
prediction presented in this paper is based on several
excellent papers (Vapnik, 1998; Tipping, 2001, Kim et
al., 2006) and is described in detail in (Lazarevska,
2016). The modeling is done on the available input-
output data {xy,v,};k = 1,2,--,N and the model has
the structure of a Takagi and Sugeno (TS) fuzzy model:
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RU:IF x; is AL and x, is A, and -+ and xy is
A% THEN f; = ajxq + -+ aiyXy + ajo;  (6)
i=12,-,n
where x; (j = 1,2,+++, M) are inputs to the fuzzy rules
Ri(i=1,2,-,n), A]’: are appropriate fuzzy sets, a;; are
consequent parameters, f; is the i—th local output
variable, n is the number of fuzzy rules and M is the
dimension of the input data vectors. The fuzzy sets A]‘:
are represented by Gaussian type kernel functions:
X —x5;)°
K(xj,xi*j) = exp [— %} ; )
i=12,-,nj=12,-,M
where x; is the j-—thfeature of the k—thinput
variable xy, xj; is the center and 6;; is the variance of
the Gaussian kernel function K (xj,xl-*j) and
i=1,,--,nj=12,--,M. Thus, the fuzzy IF-THEN
rules (6) have the following specific form (Kim et al.,
2006):
RU:IF x; is K(xq, x};)and x, is K (x,, x5,)and
weand xy is K (g, xiy)
THEN f; = aj1xq + -+ ajyxy + aip;
i=12,-,n

®

The function K (xj, x; j) in (8) represents the grade of
membership of x;with respect to the fuzzy set A;, x;j is
a relevance vector (RV), 6;; is a kernel parameter, the
number of fuzzy rules n equals the number of RVs and
i=1,,-,n;j=12,--,M. The number of fuzzy rules
and the parameters of the membership functions in (8)
are generated automatically by the extended relevance
vector learning machine RVM algorithm (Kim et al.,
2006). The identification algorithm performs system
optimization and generalization simultaneously. The
gradient ascent method adjusts the parameters of the
kernel functions. The coefficients in the consequent part
of the fuzzy rules are determined by the least square
method.

The structure of the neuro-fuzzy model of residuary
resistance is shown in Figure 5. It is presented as a
neural network with six different layers. The first layer
is the input layer. It has a total of M nodes, M being the
number of elements in the training input vector X =
(X1, Xg2) = » Xkmr)- This layer transmits the upcoming
input data to the second layer and does not perform any
operations over the training input data. The second layer
is a fuzzification layer. Each node in this layer has
exactly M inputs. The second layer consists of n nodes
that represent adequate kernel functions K (xj, x; j).
From the fuzzy modeling perspective, the Gaussian
kernel function is the membership function K (xj, x; j) =
7 4l (xj) of the j—th fuzzy input X; with respect to the

*

i —th fuzzy rule, its parameters x;; and 6;; are premise
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Layerl Layer 2 Layer 3 Layer 4 Layer 5 Layer 6

Figure 5. The structure of the neuro-fuzzy model of
residuary resistance.

parameters of the corresponding fuzzy rule, M is the
number of fuzzy inputs to the neuro-fuzzy model, and
the number n of kernel functions is the number of fuzzy
rules, i.e. the number of nodes in the second layer.
Because of the Gaussian shape of the selected kernel
functions, the membership functions of the antecedent
part of the fuzzy rules are Gaussian membership

*

functions. From RVM prospective, the center x;; of the
Kernel function is a relevance vector RV, the
variancef;; is a kernel parameter, and n is the number
of RVs. The third layer can be called as the rule layer,
since a node in this layer generates the IF part of each
fuzzy rule. This layer has n nodes, one for each fuzzy
rule, and they compute the firing strength of the
associated fuzzy rules using the product of membership
functions as T-norm operator. The fourth layer is a
normalization layer. It consists of n nodes and each node
perform normalization of the firing strength of the
associated fuzzy rule. This normalization is done with
respect to the sum of the firing strengths of all the fuzzy
rules, and the output of each node is the weight 3; of the
corresponding fuzzy rule. Each node i in the fifth layer

s |||

)
1
-

Figure 6. The output of the neuro-fuzzy model of
residuary resistance (dashed line) compared to the actual
measured output (solid line).
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calculates the product of the normalized weight £5; for
the i—thrule and the local output variable f; of the
fuzzy model. The sixth and the last layer is the output
layer. The single node in this layer computes the overall
output f(x) of the neuro-fuzzy model as the sum of all
incoming signals 8;f; (i = 1,2,+:+,n). The output of the
neuro-fuzzy model for residuary resistance prediction
with the obtained relevance vectors, and compared to
the actual measured output, is shown in Figure 6.

4 Neural Models of Residuary
Resistance based on ELM

Three neural modes of residuary resistance are
presented in this section, based on classic and
incremental extreme learning machine (ELM). First the
classic ELM is used to obtain the desired model of
residuary resistance. To perform the modeling, the
available experimental data were divided into two sets:
training data and testing data, and fixed number of
hidden nodes n =25 were assigned for training. Since
the approximation performance of classic ELM is
generally independent of the type of activation function
(Huang and Babri, 1998), the logistic function was
chosen for the hidden neurons, and the input parameters
of the hidden neurons w; and b; (i = 1,,---,n) were
randomly assigned according to the uniform probability
distribution. The neural model of residuary resistance
based on the classic ELM is of the following form
(Huang et al., 2004):
n n
Vi = Z Vi gi(Xy) = Z v; g(Wixy + b;);
i=1 i=1
k=12, ,N

where Xy = [Xq X2 -+ Xgu]Tis the k —th input vector
of dimension M, w; = [w;; w;, -+ wiy ] are the weights
of the connections between the M input neurons and the
i —th hidden neuron, v; = [v;; v, *++ v;;,]7is the vector
of the weights defining the connections between the i — th
hidden neuron and the L output neurons, b; is the threshold,
i.e. the bias of the i — th hidden neuron, and g;(X;,) is the
activation function of the i — th hidden neuron; the term
W;X denotes inner product between wjand Xj. The
hidden neuron output weights can be determined simply
and analytically with an adequate least square method

yielding the smallest norm least square solution (Huang et
al., 2004):

©

V=WY (10)

where V is the model adjustable parameter vector,
Y is the model output vector, and W' stands for the
Moore-Penrose generalized inverse of the hidden layer
output matrix W (Rao and Mitra, 1971). However, the
conducted research has shown that the approximation
performance of classic ELM depends considerably on the
values of the arbitrary chosen weights and biases for the
hidden layer inputs. Therefore, a simple approach is used
in this research to overcome the uncertainty problem with
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classic ELM. After the selection of appropriate activation
function and the number of hidden neurons, the desired
value of the error is set as e. Then the training of the
constructed neural network with ELM is conducted and the
error of the obtained model is compared to the preset
desired value £. If the model error is greater thané, the
training process is repeated. Otherwise, it is considered that
the obtained model has the desired accuracy. Figure 7
shows the output of the ELM model of residuary resistance
obtained in this way compared to the actual output.

The approximation accuracy of ELM certainly
depends on the number of hidden layer neurons n, and
when n approaches the number of training samples N,
the model error approaches zero (Huang and Babri,
1998). However, since too large number of hidden
neurons is not a desired neural network feature, (Huang
et al., 2006) has proposed a new learning algorithm
called as incremental ELM (IELM). The difference
between the classic ELM and the IELM is in the addition
of new neurons to the hidden layer of the later. The new
neurons can be added one at a time, or in groups, and the
process of learning continues until the preset maximum
number of hidden neurons is reached, or the preset
acceptable model error is achieved. As with classic
ELM, the input parameters of the hidden layer in IELM
are randomly generated and are not adjusted at all during
the learning process. When a new hidden neuron is
added to the hidden layer, the IELM algorithm does not
recalculate the hidden layer output parameters of the
existing hidden nodes, and the output weights of the
hidden layer are calculated according to (Huang et al.,
2006):

N N
B, = EHT/HHT = Z e(i)h(i)/z h2G) (1)

i=1 i=1

where h(i) denotes the activation of the added new
hidden node for the i — th training sample, while e(i) is
the corresponding residual error before the addition of
the new hidden node in question; H = [A(1) h(N)[
is the activation vector of the newly added node for all
the training samples, and E = [e(1) ---e(N)]7 is the
vector of residual error before the addition of the new

Pl

H
fi
1

i
i |
§
11

Figure 7. NN model for residuary resistance prediction
based on our modification of classic ELM with n =
25, logistic activation function and RMSE=0.162942.
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hidden neuron. The value of the residual error after the
addition of a new hidden neuron is calculated according
to (Huang et al., 2006):

E=E - B,H, (12)

However, the obtained IELM model does not provide
the best possible solution considering the model
approximation error, since the output weights of the
nodes in the hidden layer are not recalculated after each
addition of a new hidden node. To overcome this
problem, we have tested a much simpler algorithm than
the IELM described above, which is a modification of
the classic ELM in a sense that it accepts increasing
number of hidden nodes and searches for smallest preset
error defined by €. The algorithm recalculates the output
parameters of all the hidden neurons in the hidden layer
after every new addition to the hidden layer and
performs until the preset maximum number of hidden
neurons or the preset desired model error is reached. The
performance of our version of IELM residuary
resistance model with n = 30 and logistic activation
function, compared to the actual measured output, is
shown in Figure 8. This model has much better
performance index than the I[ELM given by (11) - (12).

To overcome the accuracy issue with [ELM, (Huang
and Chen, 2007) proposed a modification of IELM called
convex incremental ELM (CIELM), which assigns the
output hidden layer weights as:

E[E - (Y-H)]T
PeE—o-miE-0-nr o)
Ly e{e( — [y() — h®]}

Li{e(® - @ - h®1}?

The variables in (13) are defined as in (11). The
output of the residuary resistance CIELM model
according to (13) is given in Figure 9. It has worse PI
than the model in Figure 7, which is due to the fixed
random assignment of network input parameters.

The performance indices of the obtained models for
residuary resistance prediction are shown in Table 1.
The model with our version of IELM has shown the best
PI value and the reason for this is found in the fact that

i e ——

Figure 8. Our version of IELM model for residuary
resistance prediction with n = 30, logistic activation
function and RMSE=0.104165.
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JELMN=30 mse=0.127857

Figure 9. CIELM model for residuary resistance
prediction with n = 30, logistic activation function and
RMSE=0.127857 according to (Huang and Chen, 2007).

whenever a new hidden node is added to the network,
all the output parameters of the hidden layer are
recalculated, and a search is conducted with different
random assignments for the network input parameters
until the desired error is reached. IELM and CIELM do
not take into consideration the influence of the
randomness factor. Once assigned, the input parameters
of [ELM and CIELM networks are never changed.

Table 1. Comparison of Residuary Resistance Prediction
Models obtained by Different Modeling Techniques.

Model RMSE
Position type fuzzy model 0.47446
Position-gradient type fuzzy model 0.17367
Neuro-fuzzy model based on RVM 0.112275

NN model based on our version of ELM | 0.162942
NN model based on IELM according to

(Huang et al., 2006) 0.143637
NN model based on our version of

IELM 0.104165
NN model based on CIELM according 0.127857

to (Huang and Chen, 2007)

5 Conclusions

The paper presents six unconventional models for
residuary resistance prediction based on fuzzy logic and
neural network techniques. All of them possess
excellent approximation properties. The applied fuzzy
logic approach is especially valuable because of its
transparency and ease of interpretability, and because it
allows the researcher to determine the most significant
input variables that affect the modeled system output
and behavior, which is very desirable in cases with large
number of input candidates. The position-gradient fuzzy
model has a comparable accuracy with the more
sophisticated models. The neuro-fuzzy model for
residuary resistance prediction has the same excellent
approximation property as the rest of the presented
models, but it lacks the simplicity and the computational
speed of the ELM neural models. The neural models for
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residuary resistance prediction based on ELM
philosophy, have clearly showed that ELM indeed
possesses the attributes of extreme simplicity, extremely
good approximation performance, and extremely fast
computation. Very notably, our version of IELM
produces the best approximation performance, meaning
the smallest approximation error defined as RMSE,
because it takes into consideration the effect of input
parameters randomness on the ELM.

References

DSYHS, DSYHS Data Base. Available at:
http://dsyhs.tudelft.nl/dsyhs.php (accessed 06.02.2016)

J. Gerritsma and J. A. Keuning. Performance of light- and
heavy-displacement sailing yachts in waves. In The 2nd
Tampa Bay Sailing Yacht Symp., St. Petersburg, 1988.

J.Gerritsma, J. A. Keuning and R. Onnink. Sailing yacht
performance in calm water and in waves. Report No. 925-
P, In 12" Int. Symp. on Yacht Design and Construction
HISWA, 1992.

J. Gerritsma, R. Onnink and A. Versluis. Geometry, resistance
and stability of the Delft systematic yacht hull series. Int.
Shipbuilding Progress, 28: 276— 297, 1981.

A. H. Hadad, T. Gedeon, S, Shahbazi and S. Bahrami. A
modified version of Sugeno-Yasukawa modeler. In 3¢k
International CSI Computer Conference, CSICC 2008 Kish
Island, Iran, March 9-11, 2008, 852-856.

G. -B. Huang, and H. A. Babri. Upper bounds on the number
of hidden neurons in feedforward networks with arbitrarily
bounded nonlinear activation functions. [EEE Trans.
Neural Networks, 9: 224-229, 1998.

G. -B. Huang, and L. Chen. Convex incremental extreme
learning machine. Neurocomputing, 70: 3056-3062, 2007.

G. -B. Huang, L. Chen, and C. —K. Siew. Universal
approximation using incremental constructive feedforward
networks with random hidden nodes. IEEE Trans. Neural
Net., 17(4): 879-892, 2006.

G.-B. Huang, Q. —Y. Zhu and C. K. Siew. Extreme learning
machine: A new learning scheme of feedforward neural
networks. In Proceedings of the IEEE International Joint
Conference on Neural Networks (IJCNN2004), 25-29 July,
Budapest, Hungary, 2004, 985-990.

J. E. Kerwin. 4 velocity prediction program for ocean racing
yachts. Report 78-11, Department of Ocean Engineering,
MIT, 1978.

J. A. Keuning and B. J. Binkhorst. Appendage resistance of a
sailing yacht hull. In 73th Chesapeake Sailing Yacht Symp.,
1997.

J. A. Keuning and M. Katgert,, A bare hull resistance
prediction method derived from the results of the Delft
Systematic Yacht Hull Series extended to higher speeds. In
Int. Conf. on Innovation in High Performance Sailing
Yachts, France, 2008.

J. A. Keuning, R. Onnink, A. Versluis, and A. Van Gulik. The
bare hull resistance of the Delft Systematic Yacht Hull
Series. In Int. HISWA Symp. on Yacht Design and
Construction, Amsterdam RAI, 1996.

516

September 12th-16th, 2016, Oulu, Finland



EUROSIM 2016 & SIMS 2016

J. A. Keuning and U. B. Sonnenberg. Approximation of the
hydrodynamic forces on a sailing yacht based on the Delft
Systematic Yacht Hull Series. In Int. HISWA Symp. on
Yacht Design and Construction, Amsterdam RAI, 1998, 99-
152.

E. Kim, M. Park, S. Ji and M. Park. A new approach to fuzzy
modeling. /EEE Transactions on Fuzzy Systems, 5(3): 328-
337,1997.

J. Kim, Y. Suga and S. Won. A new approach to fuzzy
modeling of nonlinear dynamic systems with noise:
relevance vector learning mechanism. [EEE Trans. on
Fuzzy Systems, 14: 222-231, 2006.

E. Lazarevska. Fuzzy modeling of residuary resistance in
sailing yachts. In X7II International SAUM Conference on
Systems, Automatic Control, and Measurements, Nis,
Serbia, November 09th-11th, 2016.

E. Lazarevska. A Neuro-Fuzzy Model of the Residuary
Resistance of Sailing Yachts. In Proceedings of the IEEE
Intelligent Systems 1S’2016, Sofia, Bulgaria, 2016, 173-179.

E. Lazarevska and J. Trpovski. A modification of the famous
fuzzy model by Sugeno and Yasukawa. In Proceedings of
the International Symposium on Applied Automatic Systems
AAS’2000, Ohrid, Macedonia, 2000, 31-35.

DOI: 10.3384/ecpl17142511

M. Lichman. UCI Machine Learning Repository
[http://archive.ics.uci.edu/ml]. Irvine, CA: University of
California, School of Information and Computer Science.
2013.

C. R. Rao and S. K. Mitra. Generalized Inverse of Matrices
and its Applications. Wiley. 1971.

M. Sugeno and T. Yasukawa. A fuzzy-logic-based approach
to qualitative modeling. I[EEE Trans. on Fuzzy Syst., 1(1):
7-33,1993.

D. Tikk, G. Biro, L. T. Koéczy, T. D. Gedeon and K. W. Wong.
Improvements and critique on Sugeno’s and Yasukawa’s
qualitative modeling. I[EEE Transactions on Fuzzy Systems,
10(5): 596-606, 2002.

M. E. Tipping. Sparse Bayesian learning and the relevance
vector machine. J. Mach. Learn. Res., 1: 211-244, 2001.

V. N. Vapnik. Statistical Learning Theory. Wiley. 1998.

Proceedings of the 9th EUROSIM & the 57th SIMS 517

September 12th-16th, 2016, Oulu, Finland



	Introduction
	Materials and Methods
	Results and Discussion
	Conclusions
	Introduction
	Calculation formulas
	Calculation of Intra-Ocular Lens for Non-Normal Eyes

	Back ground of studies
	Artificial Neural Network
	Real data
	Collected Data
	Specification of Patients Data Selected for Collection
	Specification of Preprocessing Parameters


	Results
	Objective
	ANN training
	ANN settings
	Results

	Conclusion
	Future work
	Introduction
	Homeostasis, Disturbance Rejection and Set Point Tracking
	Controller Motifs

	Results
	Dynamic Properties of Controller Motifs
	Tuning of Individual Controllers

	Conclusions
	Introduction
	Modelling the pharmacokinetics of propofol
	The 3-compartmental model
	Effect-site concentration model
	Model parameters

	Model verification
	Simulation results
	Propofol inflow
	Plasmatic concentration
	Effect-site concentration
	Evaluation of the predictive quality of the model

	Conclusion
	Introduction
	Modular Model Predictive Control Concept
	Building Setup
	Modular Predictive Control Concept

	Energy Supply Level - ESS - Models
	Linear Models
	Hybrid Models

	Model Predictive Controllers
	Objective Function
	LMPC
	MI-MPC

	Simulation Results
	Simulation Setup
	Demonstration of MPCC Performance
	Comparison between MPCC and RBC

	Conclusion
	Introduction
	Data Properties
	Macro Money Systems in QEs
	Behavior in QE1=(2008m11,2010m06)
	Behavior in QE2+=(2010m11,2012m08)
	Behavior in QE3=(2012m09,2014m10)

	Transmission Path of Housing Price from Reserve to Economic Activity
	Decomposition of M2 into Transaction and Precautionary Money Demands in (1975m10, 2016m03)
	Estimation of Precautionary Money Demand
	The Role of Business Condition u(t)=napm-50 in Transmission Mechanism of QEMP during QE1, QE2+ and QE3

	Conclusion
	Introduction
	Mathematical Model
	Model Parameters and Geometry
	Results and Discussions
	Conclusions
	Introduction
	Field Excitation Control
	Capability Curve
	Classical Control

	Concept and Formulation of MPC
	MPC as Excitation Control
	Modeling and Control Workflow

	Tuning the MPC Controller
	Time Response
	Open Circuit Conditions

	First-swing Angle Stability Enhancement
	Long-term Voltage Stability Enhancement
	Steady-state Voltage Stability
	Power System Simulator
	LTVS Simulations

	Discussion
	Conclusion
	Introduction
	Grid impedance model
	Impedance-based instability studies
	Practical implementation
	Conclusion
	Aknowledgements
	Introduction
	Literature Review
	Circulating Fluidized Bed Boilers
	Characteristics of RDF
	Agglomeration

	Methodology
	Description of Model
	Mass and Energy Balances
	Hydrodynamics

	Results and Discussion
	Validation
	Agglomerate Prediction

	Conclusion
	Introduction
	Theory
	Stability of Grid-Connected System
	Maximum-Length Binary Sequence

	Implementation in dSPACE
	System Setup
	Experiment

	Conclusions
	Introduction
	Governing Equation for Flow Modeling
	KP Numerical Scheme
	Simulation of the River Flow
	Results and Discussion
	Simulation Results
	Simulation Results for Numerical Stability Analysis

	Conclusion
	Introduction
	Air preparation process
	Fuzzy identification
	Takagi-Sugeno fuzzy model
	Fuzzy clustering

	Data collection
	Structure selection
	Input and output variables
	Representation of the systems' dynamics
	Fuzzy models granularity

	Fuzzy clustering and model validation
	Comments on resulting model performance

	Control experiments
	PID control
	Supervisory logic

	Conclusions
	Introduction
	First step - DES model
	Second Step - Portfolio optimization

	Stochastic DES model through markovian properties
	Product-Form Networks - Convolution algorithm
	Marginal probability
	Mean response time

	Load-haulage cycle
	DES model: Load-haulage system
	Project portfolio formulation
	Conclusion
	Introduction
	Overview of the Method
	Computing the Encounter Probabilities
	Example

	State Transition Matrix
	Projectile with a Single Sensor Fuzed Submunition
	Example
	Projectile with Two Sensor Fuzed Submunitions

	Failure Probability of the System
	Conclusion
	Hydro-pneumatic Accumulator
	Recent Research
	Purpose of This Study

	Logical Structure of Simulation Model
	Physics of Piston Type Hydro-Pneumatic Accumulator
	Nitrogen gas
	Mechanical Structure
	Hydraulic Fluid

	Conceptual Model

	Mathematical Model
	Equations for Nitrogen Gas
	Equations for Piston
	Equations for Friction
	Equations for Hydraulic Fluid
	Equations for Orifice

	Modelling in MATLAB/Simulink
	Calibration and Validation of the Simulation Model
	Testing Setup
	Laboratory Tests
	Validation

	Conclusion
	Introduction
	Contributions
	Setup for the analysis
	Experimental data
	Compressor Map
	Compressor Isentropic Efficiency
	Corrected Mass Flow
	Data Treatment

	 Pressure Losses in Gas Stand
	Pressure Loss in Straight Pipe
	Friction Factor - Laminar Flow
	Friction Factor - Turbulent Flow
	Pressure Loss In Bend
	Pressure Loss in Inlet Nozzle and Outlet Diffuser
	Adjust Measured Data
	Calculate New Compressor Efficiency

	Effect of pressure losses on measured compressor efficiency
	Compressor and Pipes Dimensions
	Case 1: Straight Pipes
	Case 2: Pipes with Diffuser and Nozzle
	Case 3: Pipes with Diffuser, Nozzle and Bend

	Summary and Discussion
	Future Work
	Conclusion
	Introduction
	Traffic Regulation: Stage selection
	Signal Control Schemes
	Pre-timed network control
	Max-Pressure Practical (MPract)

	Modelling and Simulation Overview
	An event-driven approach
	PointQ design

	Case Study-Data description
	From theory to applications
	System Stability
	Trajectory Delay Measurement
	Queue Delay Measurement
	Varying Traffic Conditions

	 PointQ versus AIMSUN Network Performance
	Evolution of phase (137,154)
	Evolution of phase (254,237)

	Conclusion
	Introduction
	Background
	MVB and Master Transfer
	Multifunction Vehicle Bus
	Mastership Transfer

	Model Checking with temporal logic

	System Modelling
	Bus Administrator Modelling
	basic data structure
	finite state machine of Bus Administrator

	Communication and Timing Modelling
	communication mechanism of BusAdmin
	timing mechanism


	Property Modelling
	Property Classification
	safety property
	liveness property

	Live sequence charts
	Observer Automata modelling

	Experiments
	Conclusion
	Introduction
	Experimental data
	Modeling
	Compressor
	Turbine
	EGR Blowers
	Auxiliary Blower
	Exhaust Back Pressure
	Combustion Species and Thermodynamic Parameters

	Parameterization Procedure
	Complete stationary parameterization
	Dynamic estimation

	Model Validation
	Conclusions
	Nomenclature
	Introduction
	Fundamentals
	Safe Active Learning
	The high pressure fuel supply system

	Design and Implementation
	Training of the hyperparameters
	The discriminative model
	The risk function
	The path to the next sample
	The algorithm

	Evaluation
	Evaluation in simulation
	Evaluation at a test vehicle

	Conclusion
	Introduction
	Modelling
	Centre of Gravity
	Aerodynamic Forces
	Definition of Angles
	Lever Arms
	Catenary
	Equations of Motion
	Velocities
	Self Stabilisation
	Complete Model

	Model Parameters
	Simulation Results
	Gliding Flight
	Towing Process

	Conclusions
	Introduction
	Context
	Compton scattering tomography (CST)

	Modelling of the new CST modality
	Proposed setup by back-scattering
	Direct problem : Image formation
	The half-space Radon transform (HRT)
	Image formation

	Inverse problem : Object Reconstruction
	Inversion of the HRT
	Filtered back-projection


	Simulation of the new CST modality
	Energy resolution of the detector
	Spatial discretization
	Window functions

	Conclusion and perspectives
	Introduction
	Powertrain model
	Problem formulation
	Tip-in problem constraints
	Boundary conditions for the tip-in problem
	Path constraints during tip-in

	Optimal control problem formulation
	Numerical solution of optimal control problems

	Optimal control results
	Extreme transients
	Compromise between time, Jerk and energy
	Jerk-Energy trade-off
	Efficient state and control transients

	Conclusions
	An Improved Kriging Model Based on Differential Evolution
	1 Introduction
	2 Theory of kriging model
	3 Kriging model based on DE algorithm
	3.1 Theory of DE algorithm
	3.2 Kriging interpolation based on DE algorithm
	3.3 Process of kriging Model based on DE algorithm

	4 An engineering example
	4.1 Setting DE algorithm parameters
	4.2 Data preprocessing
	4.3 Model computation and optimization

	5 Conclusion
	Introduction
	Model for slug flow
	Simulation for slug flow
	State estimation
	Control strategies
	Model predictive control
	PI control

	Simulation results and discussion
	Control structure I
	Control structure II
	Control structure III

	Computational time for MPC
	Maximum valve opening
	Conclusion
	Introduction
	Description of the loading bridge
	Modelling with Modelica
	Package of mechanical components Mechanics
	Package of causal components Blocks
	Structure and components of the overall model
	Model of the loading bridge
	World
	Cart
	Pendulum
	Drive


	Controller in Matlab Simulink environment
	Experiments
	Open loop experiments
	Closed loop experiments

	Conclusion
	Introduction
	MMT - Mathematics, Modelling and Tools
	Structure of MMT
	Usage of MMT

	Maple T.A. - Maple Testing and Assessment
	Structure MTA
	Usage MTA
	Mathapps
	MTA - Moodle Connector

	Case Study
	Conclusion
	Outlook
	Introduction
	Signal processing
	DFT and derivatives
	lp-norms and MIT-indices
	Nadaraya-Watson nonparametric regression

	Measurements and gearbox properties
	Load haul dumper front axle
	Water power station gearboxes

	Calculations from the LHD measurements
	Calculations from the WPS measurements
	Conclusion
	Introduction
	Preliminaries
	Problem Statement
	Vector Smoothing Splines

	Trajectory Planning
	Trajectory between Two Lines
	Centerline and Intermediate Time Instants
	Smoothing Spline Trajectory

	Numerical Examples
	Path with Piecewise Linear Boundaries
	Path in Obstacle Avoidance Problem

	Concluding Remarks
	Introduction
	Literature Review
	Dynamic multi-workstation model based on electrical components

	Simulation Model with a PI Controller
	Test and Results
	Final Remarks
	Introduction
	Related Work
	Methodology
	DataSet

	Semantic Identification Through Multiple Classifiers
	Global Feature Extraction through Wavelet Decomposition
	Deep Learning of Neural Network

	Image Retrieval
	Performance Analysis
	Conclusion
	Motivation
	Related work
	Data set and pre-processing
	Defining the curvature of a steel plate
	Experiment
	Discussion
	Conclusion
	Introduction
	New Evolutionary Computation
	Island model parallel distributed in NN-DEGA
	Self-adaptive using Neural Network
	Reconstruction of differential vector
	Elite strategy

	Numerical Experiments
	Benchmark Functions
	Experiment Results
	Comparison for Robustness

	Conclusion
	Introduction
	Classical RF Prediction
	Fuzzy Clustering Prediction
	Analysis
	Conclusion
	Introduction
	Dynamic Artificial Neural Network 
	Back Propagation Through Time (BPTT)
	Real Time Recurrent Learning (RTRL)
	Extended Kalman Filter Learning (EKF)

	Experimental Set-up
	Results
	Simulation Study
	Experimental Study

	Conclusion
	Introduction
	Overview of Toolbox
	DANN Main
	Uploading data set
	Division of data set
	Validation check
	Bias
	Learning algorithm
	Learning parameters
	Past inputs and outputs
	Additional parameters

	Parameter Tuning
	Plot Menu
	Performance plot
	Regression plot
	Prediction plot
	Parameter plot
	Error plot

	Additional information
	Installing the MATLAB DANN toolbox

	Case Studies
	Case I: BPTT learning algorithm for flow measurement
	Case II: EKF learning algorithm for temperature measurement
	Case III: RTRL learning algorithm for mortality prediction

	Conclusion
	Modeling and Simulation of Train Networks Using Max-Plus Algebra
	1. Introduction
	2. Max-plus algebra
	3. Scheduled max-plus linear systems
	4. Timetable stability
	4.1 Delay sensitivity analysis
	4.2 Dynamic Delay Propagation
	4.3 Recovery Matrix

	5. Conclusion
	Introduction
	Construction of DBN metamodels
	Utilization of DBN metamodels
	Example analysis - simulated operation of air base
	Conclusion
	Introduction
	Metastable liquids

	Model for two phase flow and phase transition
	The van der Waals equation of state

	Solver
	Stiff pressure relaxation
	Stiff thermodynamic relaxation

	Experiments
	Simulation set-up
	Results and discussion
	Conclusion
	Introduction
	ParModelica
	Previous Research on PDEs in Modelica
	Partial Differential Equations (PDE)
	Explicit Form

	Numerics
	Discretisation
	Runge-Kutta with Variable Step Length

	General-Purpose Computing on Graphics Processing Units (GPGPU)
	PDEs in Modelica
	Algorithmic Modelica and ParModelica
	Solver Framework
	User Defined State Derivative and Settings
	Types Used by the Solver
	Solvers

	Use Case — Heat in Plane
	Poor Insulation and Constant Temperature
	Constant Temperature Depending on Location

	Performance Measurement
	Pros & Cons of Solver Written in Modelica
	Conclusions
	Blood Flow in the Abdominal Aorta Post 'Chimney' Endovascular Aneurysm Repair
	1 Introduction
	2 Methodology
	2.1 Governing Equations
	2.2 Anatomical Model
	2.3 Numerical Model
	2.4 Numerical Discretization

	3 Results
	3.1 Validation
	3.2 Flow Patterns
	3.3 Flow Regime

	4 Discussion and Conclusions
	Introduction
	Spin-Image Algorithm
	The Proposed Parallel Spin-Images Algorithm
	Results and Analysis
	Platform Specification
	Experimental Data
	Results

	Conclusions and future work
	Introduction
	Overview of Python API
	Goal
	Installing the OMPython Extension
	Status
	Description of the API
	Python Class and Constructor
	Utility Routines, Converting Modelica  FMU
	Getting and Setting Information
	Operating on Python Object: Simulation, Optimization
	Operating on Python Object: Linearization


	Use of API for Model Analysis
	Case Study: Simple Tank Filled with Liquid
	Model Summary
	Modelica Encoding of Model
	Use of Python API
	Basic Simulation of Model
	Parameter Sensitivity/Monte Carlo Simulation

	Discussion and Conclusions
	Introduction
	Related Work
	Virtual Testing of Open embedded Systems
	Simulator Coupling for Network Simulation
	Network Fault Injection Testing
	Case Study
	Conclusions and future work
	Validation Method for Hardware-in-the-Loop Simulation Models
	1 Introduction
	2 Validation Methods
	2.1 Open-Loop Operation
	2.2 Independent Closed-Loop Operation
	2.3 Compensated Closed-Loop Operation

	3 Related Work
	3.1 Example Circuit
	3.2 Simulation Models

	4 Simulation Results
	4.1 Models with Different Switching Delays
	4.2 Discrete-Time Models
	4.3 Fixed-Point Models

	5 Conclusion
	Introduction
	Control Engineering: The Teacher's Challenge
	New Curriculum For Teaching Automatic Control
	Luma Activity
	Conclusion
	Introduction
	The Activated Sludge Process
	Mass balances and expression for the sludge age
	The settler

	ASP with ideal settler model
	Steady-state solutions
	Substrate input-output relationship for constant sludge age

	ASP with DZC settler model
	Steady-state solutions
	Substrate input-output relation for constant sludge age

	An approximation for S* given 0
	Numerical example
	Theorem 1
	Theorem 2

	Conclusions
	Introduction
	Materials and Methods
	Gaussian Mixture Models
	GMM based fault detection criteria

	Case Study: Monitoring a Secondary Settler
	Results 
	Discussions
	Conclusions
	Introduction
	Industrial Process Description
	SIAAP Waste water and sewage Sludge Treatment Process
	Incineration Process
	The Furnace
	The Heat Exchanger


	Identification Process Overview
	Sludge Incineration sub-models: Input-output interaction.
	Identification Strategy

	Validation Methods
	Absolute Criteria
	Relative reference-model criteria

	Results and Discussions
	Relative Reference-Model Criteria Results

	Conclusion
	1 Introduction
	2 Modelling
	2.1 Basic Process Components
	2.2 Boiler Evaporator Loop
	2.3 Test Model

	3 Simulation Tests
	3.1 Comparison of Numerical Solvers
	3.2 Effects of Initial State and Parameters

	4 Conclusions
	Introduction
	TCP-100 solar field description
	Mathematical modeling of TCP-100 solar field
	 Optical and geometric efficiencies
	Characteristics of the heat transfer fluid
	Thermal losses

	Simulations
	Conclusion
	Introduction
	Description of a Basic Gas Turbine Model
	Compressor
	Combustion Chamber
	Turbine Module

	Computational Causality And Conditions for Numerical Convergence
	First Principles Compression and Expansion Maps
	Compression Case
	Expansion Case

	Simulation Results
	Conclusion
	Appendix
	Introduction
	Modelling methodology, libraries and tools
	Plant Description
	Innovative aspects
	OTSG topology

	Device modelling
	Re-used components
	Custom component models
	Separator
	Feedwater heater
	Deaerator
	MS fluid model


	Plant modelling
	OTSG model
	Turbine model
	Feedwater preheaters train
	Plant control system
	Complete plant model

	Simulation objectives - methodology
	Simulation performance
	Conclusion
	Introduction
	Formal Problem Statement and SVM
	SVM by Set-Valued Training Data
	A Modification of the AdaBoost
	Imprecise Updating Weights of Robots
	Conclusion
	Introduction
	Methodology
	Power grid connection
	Electrolyser
	Interim gas storages
	Methanation
	MEA CO2 capture
	CH4 compression

	Control sequences
	CH4 compression
	Start-up
	Power grid connection
	Methanation reactor
	Electrolysers
	Interim gas storages
	CH4 compression

	Shutdown
	Methanation reactor
	CH4 compression
	Interim gas storages
	Electrolysers


	Results
	Conclusion and future work
	Acknowledgment
	Introduction
	Mathematical Model
	Assumptions
	Development of Model
	Material Balance
	Energy Balance
	Heat Exchanger


	Simulation Results and Discussion
	Simulation Results
	Comparison with Previous Work

	Conclusions
	1 Introduction
	2 Herding behavior of rhinos
	2.1 A synoptic model of space use
	2.2 Population size updating model

	3  Rhino herd (RH) algorithm
	3.1 Synoptic model
	3.2 Population size updating model
	3.3 RH algorithm

	4 Simulation results
	5 Discussions and conclusions
	Acknowledgements
	References

	Introduction
	Structure and Kinematics of the Double-Spiral Mobile Robot
	Structure
	Forward kinematics
	Gripper positions
	COG

	NESM
	Numerical Case Study
	Conditions and methods
	Results

	Discussion
	Conclusion
	Introduction
	Data analysis
	Nonlinear scaling
	Interactions
	Uncertainty
	Natural language

	Recursive analysis
	Scaling
	Interactions
	Fuzzy logic
	Smart adaptive systems

	Temporal analysis
	Trend indices
	Fluctuations
	Changes of operating conditions

	Conclusion
	Introduction
	MOEA/D
	Algorithm
	Focused Issue

	Proposed Method: Chain-Reaction Initial Solution Arrangement
	Aim and Concept
	Method

	Experimental Settings
	Results and Discussion
	Search Performance at Final Generation
	Search Performance over Generations

	Conclusions
	Introduction
	Modeling demand-side management
	Markets
	Actors
	Other elements

	Controlling consumption
	Optimizing scheduling
	Controlling (via) frequency

	Discussion and conclusions
	Introduction
	Components and Parameters of Musical Expression
	Learning Support System of Musical Representation
	Generation of Example of Musical Expression
	Construction of Kansei Space
	Image Estimation
	Parameter Values Estimation using Fuzzy Inference
	Interactive Modification of Musical Expression

	Comparison of Parameter of Musical Expression
	Advice for Parameter of Musical Expression

	Range of Learner's Musical Expression on Kansei Space
	Estimation of Range of Musical Expression
	Advice about Impression


	Experiment
	Results and Discussions

	Conclusion
	Introduction
	Formulating the GA Optimization
	The Problem Encoding
	The Objective Function (Fitness)
	Selecting The GA Operators
	Tuning the GA Parameters

	FPGA Implementation
	GA's HDL Entities
	Fitness
	Selection
	Crossover
	Mutation
	Generating Pseudo Random Sequences
	Replacement

	Performance Evaluation
	Functional Verification
	Fitness
	Selection
	Replacement
	Crossover
	Mutation
	LFSRs
	Comparator


	Integrating GA into the SoC
	Interfacing GA with the HPS
	Controlling GA from the Linux host

	Conclusion and Future Work
	Introduction
	Related Work
	Earthmoving Simulator
	Workspace Subdivision with Scoop Area
	High Point and Zero Contour Methods
	Simulation Results and Discussion
	Conclusion and Future Work
	Introduction
	SDNized Wireless LAN Testbed
	 Central Manager
	 Aggregator and Transport Network
	 Network Edge
	 Android Measurement Application
	Experiment Automation

	Mobility Management - A Use-Case Scenario Implementation
	Mobility Handling in Developed Testbed
	Logging 
	Running the Experiment
	Parsing and aggregating results


	Conclusion

