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rotating machines are significantly high, one way to reduce these costs is to consider some approaches
before any operational work to check for damages in such systems. In this study, a new method is
presented for damage detection of offshore jacket structures in the presence of various uncertainties,
such as modeling errors, measurement errors and environmental noises, based on the simulated model
and intact state of the real model. In the proposed method, real intact structure data is used to update

the simulated model parameters. Some parts of the signal that are not related to the nature of the system  Keywords:

are removed using the complete ensemble empirical mode decomposition method. Frequency data is o qepeo o o L o

extracted from the vibrational signals using the frequency domain decomposition method. A deep auto- .

. . .. Offshore jacket structure
encoder neural network is designed to learn the damage-sensitive features from the frequency data and '
to damage detection of the structure. In order to train the proposed deep network, frequency data of the Model updating

simulated model and real intact state are used; then the frequency data of the real structure is used to test ~Deep neural network

the proposed deep network. The results show that the proposed method is capable for damage detection

of the offshore jacket structure with more accurate results than the other comparative methods.

1- Introduction

Offshore jacket structures are the most general types of
offshore structures and play an important role in shallow and
medium waters in the oil and gas industry. In addition, they
are used as jacket substructure for offshore wind turbines
in deep water (30-60 m). Therefore, damage detection of
offshore jacket structures is highly necessary in order to
ensure their safety.

In recent years, machine learning has been used as an
effective tool for damage detection of mechanical systems.
Artificial neural networks are a set of machine learning
algorithms that are divided into two general categories;
shallow neural networks and deep neural networks. In deep
networks, the features are automatically extracted and the
accuracy of these algorithms is higher than the shallow
networks [1-2].

A new method for damage detection of mechanical
systems is presented in this paper. The first aim of this paper
is to provide a method for damage detection of mechanical
systems in the presence of various uncertainties. One of
the benefits of deep learning is that it can learn damage-
sensitive features from raw data in the presence of various
uncertainties. Accordingly, the second aim of this paper is
to design a deep auto-encoder network to learn the damage-
sensitive features from raw frequency data. Data collection
in industrial environments is difficult and even impossible,
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and generally, only intact data is available [3]. Accordingly,
the third aim of this paper is to train the proposed deep
network based on the frequency data of simulated model
and intact state of the real model, and then to evaluate the
deep network with the frequency data of real model. In
the proposed method, the simulated model parameters are
updated based on the intact data of real model. Some parts
of the vibration signals that are not related to the nature
of the system are removed using the Complete Ensemble
Empirical Mode Decomposition (CEEMD) method [4].
Frequency data is obtained from the vibration signals using
the Frequency Domain Decomposition (FDD) method [5].
An offshore jacket structure model in the laboratory is used
as a case study to evaluate the proposed method.

2- Methodology

In this section, at first, the simulated and laboratory
models of the offshore jacket structure are described. The
proposed algorithm for damage detection of the offshore
jacket structure is then expressed.

2- 1- Finite Element (FE) model of the offshore jacket
structure

An initial three-dimensional finite element model of the
offshore jacket structure is created using Abaqus software,
taking into account the small deformations and linear
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Fig. 1. Finite element model of the offshore jacket structure in
intact state.
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Fig. 2. The laboratory offshore jacket model in intact state.
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Fig. 3. Extracted dynamic responses using 12 accelerometers mounted on the structure.

behavior of the system. The created finite element model in
the intact state is shown in Fig. 1. The dimensions of the
finite element model are created exactly according to the
dimensions of the real structure (Fig. 2). The structure has
five stories, all of which are horizontally braced and two
middle stories are diagonally braced.

2- 2- Laboratory model of the offshore jacket structure

In this study, an offshore jacket structure model (Fig. 2)
was designed and installed in the Tabriz University Modal and
Vibration Analysis Laboratory. A shaker is used to produce an
artificial excitation force. The shaker is connected to one of
the vertical columns in the middle section of the third story
using a ring-type fixture [6]. 12 Accelerometers are mounted
on the structure to extract the dynamic responses. Fig. 3 shows
the dynamic responses extracted using the 12 accelerometers
mounted on the structure.
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2- 3- The proposed damage detection algorithm

The major procedure of the proposed damage detection
algorithm is listed as follows (see Fig. 4):

(a)  Extracting the dynamic responses corresponding to
different states of finite element and laboratory models.

(b) Data preprocessing and Finite element model
updating [7].

(¢) Selecting the Proper Intrinsic Mode Functions )
IMFs) using CEEMD method and signal reconstruction.

(d) Generating raw frequency data from dynamic
responses using FDD method.

(e) Dividing the data into three parts, namely training
data based on finite element model and the intact state of the
laboratory model, validation data and testing data based on
laboratory model.

(f) Designing a Deep Auto-Encoder (DAE) neural
network in order to learn the damage-sensitive features from
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Fig. 4. The block diagram of the proposed algorithm.
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Fig. 5. The FE models for different damage states.

raw frequency data of the finite element model and the intact
state of the laboratory model.

(g) Investigating the performance of the proposed deep
network for damage detection of the laboratory structure.

3- Results and Discussion

The results of the proposed algorithm for damage detection
of the offshore jacket structure are presented in this section.
In order to evaluate the accuracy of the results of the finite
element model, the mean values of the natural frequencies
of the intact structure for both finite element and laboratory
models are obtained using FDD method and compared with
each other (see Table. 1).

After ensuring that the finite element model is accurate,
the frequency data of the reconstructed signals of the finite
element model and intact state of the laboratory model are
used as the training data of the proposed deep network for
extracting the damage-sensitive features. Then, the frequency
data of the reconstructed signals of the Laboratory model is
used for evaluating the proposed deep network. This study is
based on 5 states in 3 scenarios for both finite element and
laboratory models. The created finite element models for
different damage states of the structure are shown in Fig. 5
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Fig. 6. Confusion matrices of the proposed algorithm (a) Scenario
of 2-Class; (b) Scenario of 3-Class; (c) Scenario of 5-Class.

which the braces marked with red color are removed in each
damage state. Also, the confusion matrix [8] of the proposed
algorithm is shown in Fig. 6.

4- Conclusions

This paper presents a new damage detection method based
on the finite element model and the intact state of the real
model, in the presence of different uncertainties using deep
network. The finite element model parameters are updated on
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Table 1. Comparison of the mean values of the natural frequencies for the intact structure using different methods before and after

updating.
Natural Frequency (Hz) Error (%)
Mode FE Model compared with
No. Laboratory Model FE Model Laboratory Model
Based on FDD FDD-FDD
Based on FDD Before updating  After updating Before updating After updating
1 14.25 14.98 14.46 5.1% 1.5%
2 - - - - -
3 51.36 53.93 52.10 5.0% 1.4%
4 80.13 80.84 80.36 0.88% 0.29%
5 - R - - -
6 104.33 103.56 104.15 0.73% 0.17%

the basis of real intact state. Some parts of the signals which
are not related to the nature of the system are removed using
the CEEMD method. To train the proposed deep network, only
the frequency data of the finite element model and the real
intact state are used. After that, the frequency data of the real
model is used to evaluate the proposed network. Frequency
data is extracted from vibration signals using FDD method.
An offshore jacket structure in the laboratory environment
is used to evaluate the proposed algorithm. The results show
that, the proposed deep network is able to detect the damages
of the real structure using the finite element model data and
the real intact state.
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Fig. 2. The laboratory offshore jacket model in intact
state.
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Fig. 1. Finite element model of the offshore jacket
structure in intact state.
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Fig. 3. Location and direction of mounted accelerometers on the 4 columns of the structure
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Fig. 4. Extracted dynamic responses using 12 accelerometers mounted on the structure.
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Fig. 6. Auto-Encoder network architecture.
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Fig. 7. The block diagram of the proposed method.

08 55 3y M aS c(silo i cslollas Al ilises glacalas
it iy 9 e Al )b 5 OIS (gl i el ol ySne
by JBlasas gl bl Sloyje,0 g adgl sgame oylall Jae (sla yiol b
aalllas 3 sl (gyg s (ABly Jho sboodly by (gileJae glas
e oIS 8l oLl S o syl Jse il
M (gam Jolpe > Casdosds Sloyjgn il Wl Jas
olyear Ll gl Juo 5 01l lojoar Jao ) eadel sl
g oo o3liil aBiolos]l Jho Lgae aud (sl (Bjge) (slaodld
Sl 4 Sb Joo 9 JB s b dgazee ol Jao Sla)jgse

Lo pl8 )3 L dgaoe Glodl gl Jae (onubs (sl uilS 5 48 295 o0 ploe]
el e 31 oolital 1l anls cilbe alKislojl o Jae s
b (S Jao Coro 4 w0sdgilwdd ooy Wgi (gl dgdze
Gl dylslinl (gilwains wuysS G5l ealaw] b dgase ol e
las (3,508 shaiod Bun @l 298 oo (Slu)jgyds Mo dlivne 4 J>

¥Yay

oS Cuslorsplonl alBisle] g dgue ladl Jdo 93 yo (lys 9oyl ¥ )
(D) pg> a2 5l ooz 4l y9o (o2 aloo Bl ells o £ ol
5o sy Ao Bl (D2) pgd deg Jl pgus il 50 (o5 Ao Bl
g il pge dib g (B A Bl 9 (D3) o axg il p)lor aii
adosdl) \ gk 15 e cilisea (slogy i A5b_e (D) pgu
US55 e cilizes slacdls (gl g15xe lall (sl e el 2 05Mle
B30 Geyd 5y b ol yasuie (uby srale a5 Cuolods edly lis A
Je 5l edlds oyl 5> (galpiuiy gy 50 gus oo Bl 0jlw jl e s
g Uojeel sy (glp el WJlo clls g o5l dgae bl

3 n ozl o) (slmodls (el _alKutulej] oo

oaly oy ey g dg9ae el Jao Sluyje,a —V Y
sbcdl 5l S ol (3l i o (ooleidy by 5
(IS Habas [Yo] cusl ons o3dle s P Z-SCOTE (ygul jillo y bawgs s

pe s 4 (Aly 5 dgue plall sladde (Solis sla Shy om

1 Normalization of Z-score



YA+A G YVAY axbn MY oo JL.: & b):vs D)La.af: LY 0,93 ‘)..S)ml t.i.:;&n L;»A.‘.Q(c 4.3).“;

s Al glagy L ) Jgaa

Table 1. Different scenarios of damage.
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Fig. 8. The FE models for different damage states.
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Fig. 10. Training process of the proposed deep neural network.
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Fig. 12. Frequency response functions for 12 accelerometers mounted on the 4 columns of the lab-scale intact
model. a) Column I. b) Column II. ¢) Column III. d) Column IV.
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Fig. 13. Frequency response functions for different damage states.
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Table 2. Mean values and standard deviations of the natural frequencies for different states using frequency
response functions of all accelerometers.
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Table 3. The obtained natural frequencies from numerical modal analysis based on eigenvalues method.
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Fig. 14. sample of normalized vibration signal of finite element and Lab-Scale offshore jacket model for different
damage states using frequency domain decomposition method.
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Table 4. Comparison of the mean values of the natural frequencies for the intact structure using different meth-
ods before and after updating.
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Fig. 15. Comparisons of permutation entropy mean values of all samples for IMF1 to IMF12 of the FE offshore
jacket model and lab-scale intact state.
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Table 5. The accuracy of the proposed method for damage detection using the first and second stages.
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Table 6. The accuracy of the proposed method for damage detection using the first and second stages.
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Fig. 16. Confusion matrices of the proposed algorithm (a) Scenario of 2-Class; (b) Scenario of 3-Class;
(¢) Scenario of 5-Class.
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