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A fiber Bragg grating (FBG) sensor is a favorable sensor in measuring strain, pressure, vibration, and temperature in different
applications, such as in smart structures, wind turbines, aerospace, industry, military, medical centers, and civil engineering.
FBG sensors have the following advantages: immune to electromagnetic interference, light weight, small size, flexible,
stretchable, highly accurate, longer stability, and capable in measuring ultra-high-speed events. In this paper, we propose and
demonstrate an intensity and wavelength division multiplexing (IWDM) FBG sensor system using a Raman amplifier and
extreme learning machine (ELM). We use an IWDM technique to increase the number of FBG sensors. As the number of FBG
sensors increases and the spectra of two or more FBGs are overlapped, a conventional peak detection (CPD) method is
unappropriate to detect the central Bragg wavelength of each FBG sensor. To solve this problem, we use ELM techniques. An
ELM is used to accurately detect the central Bragg wavelength of each FBG sensor even when the spectra of FBGs are partially
or fully overlapped. Moreover, a Raman amplifier is added to a fiber span to generate a gain medium within the transmission
fiber, which amplifies the signal and compensates for the signal losses. The transmission distance and the sensing signal quality
increase when the Raman pump power increases. The experimental results revealed that a Raman amplifier compensates for the
signal losses and provides a stable sensing output even beyond a 45 km transmission distance. We achieve a remote sensing of
strain measurement using a 45 km single-mode fiber (SMF). Furthermore, the well-trained ELM wavelength detection methods
accurately detect the central Bragg wavelengths of FBG sensors when the two FBG spectra are fully overlapped.

1. Introduction

Fiber optic sensors are important in smart structures, mostly
as a transmission line, as a sensing medium, or a combination
of both. Fiber Bragg grating (FBG) is a favorable fiber optic
sensor to measure strain, pressure, vibration, and tempera-
ture in different applications, such as in smart structures,
wind turbines, aerospace, industry, military, medical cen-
ters, and civil engineering. In addition, applications of
FBG sensors related to bridge monitoring, damage detec-
tion, structural health monitoring, railway transportation
applications, and other harsh environment applications
[1–3]. FBG sensors have the advantages of being immune
to electromagnetic interference, light weight, small size,

highly accurate, longer stability, and capable in measuring
ultra-high-speed events. The sensing characteristics of FBG
sensors involve identifying the variation of the central Bragg
wavelength when it is subjected to physical parameters like
vibration, strain, temperature, and other changes in the prop-
erties of the sensor [4–6]. Multiplexing of FBG sensors is an
effective technology to deliver multipoint measurement
along a single-fiber cable. Multiplexing reduces the operation
and installation costs for quasidistributive strain measure-
ments [7]. Among the various multiplexing techniques,
wavelength division multiplexing (WDM) is an essential
mechanism to recognize the exact central wavelength of each
FBG sensor within the sensor network [7, 8]. In WDM, each
FBG sensor needs a different Bragg wavelength and no
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spectral overlap is allowed. However, the number of multi-
plexed sensors is restricted by both the broadband source
bandwidth and the operating wavelength range required for
each FBG sensor [9].

Recently, researchers have proposed intensity and wave-
length division multiplexing (IWDM) techniques to increase
the number of FBG sensors to be multiplexed [8–10]. IWDM
has the advantage of low complexity. The IWDM scheme
proposed in [9] used tunable fiber ring laser as a light source
and a Fabry–Perot filter to select different wavelengths. How-
ever, this scheme is inappropriate for long-distance environ-
ment sensing, as it does not amplify the FBG signal. In [10],
the authors proposed capacity and capability enhancement of
the FBG sensor system using IWDM technique. However,
IWDM has a problem of unmeasurable gap when two or
more FBG spectra are partially or fully overlapped. Overlap-
ping spectra cause crosstalk among the sensors and induce
errors in central Bragg wavelength detection. Moreover,
IWDM have a restriction on long-distance transmission
when the number of FBG sensors increases. Nowadays, in
addition to increasing the number of FBG sensors using
IWDM, increasing the signal transmission distance is a very
important issue.

In FBG sensor systems, the maximum signal transmis-
sion distance is commonly limited to 25 km due to signal loss
in fiber link and Rayleigh scattering [11–16]. Moreover, sig-
nal loss and Rayleigh scattering induce optical noise and
degrade the transmitted signal quality. Signal amplification
is very important for long-distance transmission and remote
sensing functionality. Among different optical signal amplifi-
cation techniques, Raman amplification is the best amplifier
to increase the transmission distance. Raman amplification
entails generating a gain medium within the transmission
fiber, which amplifies the signal before it reaches the optical
receiver. Raman amplification has the capacity to amplify sig-
nals in any wavelength band using an appropriate pumping
scheme [13–15]. By adding a Raman amplifier to a fiber span,
signal power loss is decreased and it highly improves the
signal-spontaneous beat noise performance. In order to real-
ize a long-distance FBG sensor system, several approaches
are proposed [13–17]. In [13], Raman laser for long-
distance sensing has been demonstrated. However, FBGs
are grouped together in the direction of the end of a long
fiber, and consequently, the dynamic range of the interroga-
tor is not possible to extend as it affects the response time of
the system. Scheme [17] proposed linear-cavity fiber Raman
laser for a long-distance FBG sensor system. The cavity con-
sists of two FBGs connected to a fiber loop mirror. However,
a fiber loop mirror has a limiting factor in system stability
and configuration complexity. In addition, when strain is
applied, the spectra of two FBGs might be overlapped and
cannot address the sensing information of each FBG.
Recently, besides increasing the number of FBG sensors
and increasing the maximum transmission distance, much
attention was focused on wavelength detection of spectrally
overlapped FBG sensors.

In IWDM, central Bragg wavelength detection technique
is a very important issue to detect each FBG central wave-
length even when two or more FBG spectra are partially or

fully overlapped [18]. Previous researchers have proposed
several central wavelength detection methods, such as tabu-
gradient search algorithm [18], filters [19, 20], conventional
peak detection (CPD) [21], radial basis function network
[22], and ADALINE network [23]. In [19], the sensing accu-
racy of FBG sensors was improved using a digital low-pass
filter. However, the filter affects the measurement accuracy
due to noise within the filter. CPD uses a tunable optical filter
to detect the central wavelength of each FBG sensor [21].
However, this technique is inappropriate if the spectra of
two or more FBGs are overlapped because it cannot address
the sensing information of each FBG. All the above central
wavelength detection methods have limitations on increasing
the number of FBG sensors and detecting the central Bragg
wavelength of FBGs when FBG spectra are overlapped.

This paper proposes a novel extreme learning machine
(ELM) based central Bragg wavelength detection scheme
for spectrally overlapped FBG sensors. An ELM accurately
determines the central Bragg wavelengths. Compared to
CPD machine learning methods, such as a neural network
(NN) or support vector machine (SVM) [24], an ELM has
the importance of good generalization and fast learning and
requires less human intervention. An ELM is effective in
real-time applications because it automatically determines
all network parameters [25, 26]. Moreover, we propose
IWDM to increase the number of FBG sensors and we
employ a Raman amplifier to increase the sensing signal
transmission distance and to improve the signal quality.

The rest of this paper is organized as follows. In Section 2,
a brief discussion about operational principles with a mathe-
matical expression is presented. Section 3 presents about an
ELM. In Section 4, the experimental and simulation results
are presented. Finally, we summarize the conclusion part of
this paper in Section 5.

2. Operational Principles and Methods

The schematic diagram of applying IWDM and ELM tech-
niques to a FBG sensor system is explained by using three
FBG sensors as shown in Figure 1. A broadband light source
is emitted from EDFA. The light emitted from the broadband
light sources is injected into FBG sensors through a 2× 2 cou-
pler (50 : 50) and split into two branches (50 : 50). The one
branch of a 50 : 50 coupler comprised a 1× 2 coupler
(30 : 70). The two FBG sensors (i.e., FBG1 and FBG2) are
employed after a 30% and 70% output power ratio of a
1× 2 coupler, respectively. FBG3 is employed after a 50% out-
put power ratio of a 50 : 50 coupler. FBG3 is deployed after a
45 km SMF in order to have a gain medium. The back-
reflected light from each FBG is propagated through the
other arm of a 2× 2 coupler and passes into the Raman
amplifier. The Raman output power can be pumped to the
SMF via a WDM coupler. The Raman amplifier consists of
two laser diodes (LDs) with wavelengths of 1420nm and
1450nm. The polarization beam combiner (PBC) combines
the outputs from the two LDs. The combined outputs from
the two laser diodes are inserted into the Raman pump
through the WDM coupler and the combined light is fed into
a 45 km SMF. The output signal from the Raman amplifier is
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fed into the optical spectrum analyzer (OSA) to show the
back-reflected wavelengths and to measure the central Bragg
wavelengths. Finally, the measured reflected spectra of FBGs
from OSA are sent to a personal computer (PC) for addi-
tional data processing.

The traditional WDM requires that each FBG sensor
should have a unique spectral region, which limits the multi-
plexing capability of the sensor system [9]. The proposed
method allows the reflection spectra of two FBGs which are
overlapped when entering into the overlapping region. When
a bandwidth of the full width at half maximum (FHWM) is
larger than the distance between two FBG central wave-
lengths, it is difficult to identify each FBG central Bragg wave-
length [24]. Hence, in our study, the central wavelength
detection of overlapped spectra is converted to a regression
problem. We assume that R λ is the reflected spectra of
FBGs from the OSA and λBi i = 1, 2, 3 are the central Bragg
wavelengths of the ith FBG. The measured spectra from the
OSA are expressed as

R λ, λB = 〠
n

i

Rigi λ, λBi + noise λ , 1

where λB = λB1, λB2, λB3 are the central Bragg wave-
lengths of FBGs, Rigi λ, λBi is the peak reflectivity of

the ith FBG, n is the number of FBG sensors, and noise
λ is a random noise.

If the spectra of FBGs are overlapped, it is very difficult
to determine the central Bragg wavelengths (λBi) from the
spectra R λ, λB using CPD methods. Hence, we use ELM
techniques to detect (identify) the central Bragg wavelength
of each FBG sensor. The proposed ELM is employed to do
multiple-input-multiple-output regression as shown in
Figure 2. ELM is a supervised learning algorithm which
has two different phases, that is, the training phase (offline
phase) and testing phase (online phase). During the train-
ing phase, a number of training data are provided to train
the ELM.

Data = x1, y1 ,… , xk, yk1 ,… , xn, yn , 2

where xk = R λ ∈ Rn is the sampling data from the FBG
reflection spectra generated using (1), yk = λB ∈ Rm are
the corresponding target outputs, n is the number of
wavelengths in the spectra, and m is the number of FBG
sensors in the system.

During the testing phase, only the new measured FBG
reflection spectra from the OSA are fed into the well-
trained ELM model. The well-trained ELM model quickly
detects (identify) the central Bragg wavelengths of each FBG.
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Figure 1: The schematic diagram of the proposed system (EDFA: erbium-doped fiber amplifier; OSA: optical spectrum analyzer; OC: optical
coupler; FBG: fiber Bragg grating; SMF: single-mode fiber; WDM: wavelength division multiplexing; PBC: polarization beam combiner; LD:
laser diode; PC: personal computer).
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Figure 2: The architecture of ELM-based wavelength detection.
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3. Extreme Learning Machine (ELM)

This paper proposes an ELM-based central Bragg wavelength
detection to address the issue of a nonlinear relationship
between FBG and strain factors. Scheme [24] proposed an
ELM for single-hidden layer feedforward networks (SLFNs).
A SLFN structure contains three layers, such as the input
layer, hidden layer, and output layer, which are connected
by neurons, as shown in Figure 3.This method is limited to
feedforward neural networks with a single nonlinear hidden
layer, as this type of network is capable of making a random
close approximation of any continuous nonlinear mapping
[27]. Instead of using traditional gradient-based learning
methods which require several iterations, an ELM has its
input weights randomly generated and uses simple matrix
computations between hidden layers and output layers to
determine the output weights. Solving the regularized least
squares in ELM is faster than solving the quadratic program-
ming problem in the SVM method [25, 26].

The ELM approach considers the wavelength detection
problem as a regression problem. During the training pro-
cess, the ELM randomly generates input weights wi and bias
values bi. The prediction can be computed only by determin-
ing the activation function and the number of neurons in the
hidden layer. Given the training data by (2), the standard
SLFN for an arbitrary N different samples (xj, t j), where
xj = x1, x2,… , xn T ∈ Rn is the input wavelength spectra

and t j = t1, t2,… , tm T ∈ Rm is the target Bragg wavelength
of FBGs. Standard SLFNs with activation function g x and
N hidden neurons are mathematically expressed as follows:

〠
N

i=1
βig wi ⋅ xj + bi = t j, i = 1, 2,… ,N , 3

where βi = β1, β2,… , βm
T is the output weights con-

necting the ith hidden neuron and output neurons, wi =
w1,w2,… ,wn

T is the randomly chosen input weights con-
necting the input neurons and the ith hidden neurons, N is
hidden neuron number, bj is the random bias connecting

the input layers and the ith hidden layer, and t j is the actual
outputs of input xj .

According to [24], (3) can be rewritten into a matrix form
as follows:

Hβ = T, 4

where

H =
g w1 ⋅ x1 + b1 … g wN ⋅ x1 + bN

⋮ ⋯ ⋮

g w1 ⋅ xN + b1 … g wN ⋅ xN + bN

N ×N ,

β =
βT
1

⋮

βT
N

N ×m,

T =
tT1

⋮

tTN

N ×m,

5

whereH is the output matrix of hidden layers, βi is the output
weight matrix, and T is the target output. In backpropagation
learning algorithm, a user requires specifying the value of the
learning rate and the total error function will not be found.
Backpropagation learning algorithm may overtrain and can
have local minima [28]. To overcome this problem, scheme
[28] proposed the smallest norm least squares solution of H
β = T. Thus, the output weight β can be calculated by the
inner product of the matrix ofH and T as the following [24].

β =H+T, 6

where β is the output weight matrix, H+ is the Moore-
Penrose pseudoinverse (MPPI) of matrix H [29], and T is
the target output. Equation (6) provides the best generaliza-
tion performance with a minimum training error [28].
Finally, once β is obtained, the well-trained ELM can be used
for regression task. When we obtain newly measured
reflected overlap spectra of FBGs from the OSA as a testing
sample data zi, the equivalent outputs of the well-trained
ELM can be mathematically calculated as

Oi = 〠
N

i=1
βig wi ⋅ zi + bi , i = 1, 2,… ,N , 7

where Oi is the output of the ELM which is the detected
(estimated) central Bragg wavelength of each FBG. There-
fore, the well-trained ELM can detect or estimate the cen-
tral wavelengths of the testing sample. Generally, the
algorithm of the ELM network is a learning algorithm
which is given a training set: D = xj, t j ∣ xj ∈ Rnt j ∈ Rmj =
1…N , activation function g w, b, x , and the number of
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Figure 3: Structure of a single-hidden layer feedforward neural
network (SLFN).
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hidden nodes N . The ELM-based learning procedure can be
summarized as follows:

(1) Determine the number of hidden layer neurons, ran-
domly set bias bi, and set weights wi between the
input layer and the hidden layer.

(2) Choose distinguishable activation function and then
calculate output matrix H of the hidden layer for all
the training samples.

(3) The weights bi and the output weight β β =H+T are
calculated, where H+ is the MPPI of the hidden layer
output matrix H.

4. Experimental and Simulation Results

Figure 1 shows the experimental setup of the IWDM-FBG
sensor system using a Raman amplifier and ELM. A broad-
band light source emitted from EDFA is injected into three
FBG sensors. The measured reflection spectra of FBGs are
sampled into 1001 points within a wavelength range from
1545.71 nm to 1550.71 nm. The span width of OSA is set to
be 4 nm and the minimum resolution of the OSA is
0.03 nm. The measured reflection spectra of FBGs from the
OSA are passed to a PC for further data processing. The cen-
tral wavelengths of FBG1, FBG2, and FBG3 are 1547.54 nm,
1547.83 nm, and 1548.21 nm, respectively. The 3 dB band-
widths of the FBG1, FBG2, and FBG3 sensors are 0.24 nm,
0.226 nm and 0.24 nm, respectively. The reflectivity as well
as bandwidth of the FBG sensors changes under different
grating lengths and refractive index changes. We assumed
that the reflection spectra of three FBGs are Gaussian shaped
given by

R λ, λBi = Ipeak exp −4 ln 2 ∗ λ − λBi
ΔλBi

2
, 8

where λ is the wavelength, Ipeak is the FBG maximum peak
reflectivity, λBi is the peak wavelength of FBGs, and ΔλBi is
the full width at half maximum. Typically, when the distance
between three central Bragg wavelengths is smaller than the
bandwidth of the full-width half maxima (FWHM), it is hard
to directly distinguish each peak wavelength. The peak reflec-
tivity of each FBGmust be different to identify each FBG cen-
tral Bragg wavelength from the overlapping spectra.

In the FBG sensor system, the maximum signal transmis-
sion distance is commonly limited to 25 km due to signal loss
in fiber link and Rayleigh scattering. Signal loss and Rayleigh
scattering induces optical noise and degrade the transmitted
signal quality [11–16]. Therefore, we use a Raman amplifier
to increase the transmission distance (long-distance sensing)
and to compensate for the signal losses in long-distance
transmission. As shown in Figure 1, FBG3 is deployed after
45 km SMF for long-distance signal transmission or for
remote sensing up to 45 km. Figure 4(a) shows the measured
spectra of three FBGs when the Raman pump is turned off.
As shown in the figure, the power of FBG3 wavelength is very
small and even disappears when the Raman pump is turned
off. Hence, after 45 km transmission, it is very challenging
to detect the central Bragg wavelength of FBG3 without
employing a Raman amplifier. Therefore, by adding a Raman
amplifier to a fiber span (FBG3), signal power loss is
decreased and it highly improves the signal-spontaneous beat
noise performance. Signal propagating along the fiber will be
attenuated, but as it moves toward the fiber end where the
Raman pump is located, it will start to experience some
gain from the Raman pump wavelength. The higher power
in the signal thus increases the signal-to-noise ratio (SNR),
which enables longer fiber span, higher capacity and spec-
tral efficiency, and longer distance. On the other hand,
FBG1 and FBG2 have not been positioned in long distance
compared to FBG3 as shown in Figure 1. Hence, FBG1
and FBG2 can sense signals below 25km. As shown in
Figure 4(a), the measured spectra of FBG1 and FBG2 are
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Figure 4: The measured spectra of three FBGs (a) before the Raman pump (b) after the Raman pump.
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visible and can detect the central Bragg wavelength even
when the Raman pump is turned off. Because of this, we
do not need any Raman amplification in the FBG1 and
FBG2 sensors. Figure 4(b) shows the measured spectra when
the Raman pump is turned on. As shown in the figure, the
sensing signal quality of FBG1 and FBG2 is the same with
when the Raman pump is turned off. But, the sensing signal
of FBG3 is significantly improved when the Raman pump is
turned on because the Raman pump compensates for the sig-
nal loss of a long-distance fiber. After 45 km SMF transmis-
sion, the gain medium value of FBG3 before and after the
Raman amplifier is 4 dB, which is adequate to compensate
for the signal losses.

IWDM technique can increase the number of FBG sen-
sors to be multiplexed by keeping the same dynamic range
for each FBG sensor [8]. However, as the number of FBG
sensors increases, the spectra of two or more FBGs are par-
tially or fully overlapped. Hence, we use ELM to accurately
determine the central Bragg wavelengths of each FGB when
the spectra of two FBGs are overlapped. We develop a sim-
ulation environment using MATLAB to verify ELM-based
central Bragg wavelength detection techniques when the
spectra of FBGs are overlapped. The simulation runs on a
PC, which has Intel Core i7-4790 3.60GHz CPU and
20.48GB RAM. The simulation of ELM-based central
wavelength detection is conducted with three FBG sensors.
Assume that the reflected spectra of three FBGs are Gauss-
ian shaped [30]. The reflected spectra of three FBGs are
added with random noise using (1) to simulate in a bad
environment. During the simulation, the central Bragg wave-
length of FBG1 is shifted from 1547.54 nm to 1548.662nm by
applying a changing strain to FBG1, while the Bragg wave-
lengths of FBG2 and FBG3 are fixed at 1547.83 nm and
1548.21 nm, respectively. The strain applied to FBG1 is
increased by ~75μɛ at each step. If a strain is applied to
FBG1, the central Bragg wavelength will shift because the
refractive index changes. Hence, the detected wavelength

of FBG1 also shifts. The center Bragg wavelength shift of
FBG1 according to the axial strain applied to a fiber grating
is described as

ΔλB = λB 1 – Pe ε, 9

where ΔλB is the central Bragg wavelength shift, λB is the
central Bragg wavelength, Pe is the elastic-optical constant
(Pe≈ 0.22), and ε is the applied strain to FBG1. If we
know the central Bragg wavelength shift of FBG1 at each
applied strain value, we can calculate the central Bragg
wavelength of FBG1 at each applied strain value by using
the following equation:

λB = ΔλB
1 – Pe ε

10

Therefore, we can change the central wavelength of FBG1
at each applied strain value using (1) and then the reflection
spectra of FBGs are calculated by (1) using MATLAB simula-
tion. The measurements are repeated for 14 different strain
values (steps). Figure 5 shows the reflected spectra of three
FBGs when a strain is applied to FBG1 corresponding to
strain steps 0, 2, 4, 6, 8, 10, 12, and 14. As shown in the figure,
it can be seen that the spectra of three FBGs are distinct at
strain step 0, step 12, and step 14. But, the spectra of
FBG1 and FBG2 are partially overlapped at strain step 2
and fully overlapped at strain step 4. Similarly, the spectra
of FBG1 and FBG3 are partially overlapped at strain step 6
and step 10 and fully overlapped at strain step 8. As shown
in Figure 6, the overlapping FBG spectra causes crosstalk
and unmeasurable gaps between FBG sensors, which is
why it is difficult to determine the exact central (peak)
wavelength using the traditional CPD technique (without
using ELM techniques).
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Figure 5: The reflected spectra of three FBG sensors using simulation when strain is applied to FBG1 corresponding to strain steps 0, 2, 4, 6, 8,
10, 12, and 14.
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Figure 6 shows the unmeasurable gaps of three FBG sen-
sors when the spectra of two FBGs are overlapped. We apply
a strain within the range from 0με to 1052με to FBG1, and
this causes its central wavelength to shift from 1547.54 nm
to 1548.662nm. When the applied strain to FBG1 is between
150με and 450με, the spectra of FBG1 and FBG2 are over-
lapped and we cannot detect the central wavelengths of the
two FBG sensors using CPD technique. The range that can-
not detect the central wavelength of FBGs is called unmea-
surable gaps. When the applied strain to FBG1 is greater
than 450με, the spectra of FBG1 and FBG2 are separated
but the spectra of FBG1 are overlapped with FBG3. Applying
a strain to FBG1 within the range of 450με–900με will create
unmeasurable gaps for both FBG1 and FBG3. Hence, we can-
not detect the central wavelengths of FBG1 and FBG3 using
CPD techniques. We can directly detect all the three FBG
central Bragg wavelengths using CPD technique only if the
applied strain is less than 150με or greater than 900με.
When the applied strain is between 150με and 900με,
unmeasurable gaps will be created for at least in the two
FBG sensors. Because of this, we have proposed ELM to solve
the overlapping or unmeasurable gap problem subsequently.
For each applied strain value, the well-trained ELM can accu-
rately detect the central Bragg wavelengths of three FBGs
using (8) even when the spectra of FBGs are within the over-
lapping or unmeasurable gap range.

The proposed ELM techniques is demonstrated and
tested by using MATLAB simulation to verify the feasibility
of an ELM for wavelength detection mechanisms. In order
to train an ELM, the training dataset are generated using
(1), which is the reflection spectra of three FBGs by applying
a changing strain to FBG1. The measurements are repeated
for 14 different strain values (steps), and the reflection
spectra of FBGs are calculated by (1) using MATLAB simula-
tion. Figure 5 shows the reflection spectra of three FBGs
when we apply different strains to FBG1.The training dataset
has inputs and corresponding targets. The inputs are the
reflection spectra of three FBGs at each applied strain value
to FBG1, and the corresponding targets are the central

wavelength of each FBG at each applied strain value to
FBG1. The generated training data can be preprocessed and
prepared to be used for training an ELM based on (2). The
sample size of training data is 15000. ELM is trained for 30
times with the training datasets using feedforward neural
network algorithms. During the training phase, we have
adjusted the number of neurons, number of epochs, and
the number of hidden layers to get the best generalization
performance of the ELM. The best performance of the well-
trained ELM is obtained when the number of neurons is
2000 and the number of epochs is 1000. The training and
testing accuracy increases when the number of neurons
increases. The test dataset is generated from the reflection
spectra of three FBGs measured by an OSA using an
experimental method. During the experiment, strain is
applied to FBG1 to shift the central Bragg wavelength from
1547.54 nm to 1548.662 nm, while the central Bragg wave-
lengths of FBG2 and FBG3 are fixed. To apply a strain to
FBG1, FBG1 is mounted on a translation stage (TS). Then,
by manually tuning the TS, a strain is applied to FBG1. This
manual tuning of the TS in the fiber grating leads to a shift in
the central Bragg wavelength of FBG1. When the central
Bragg wavelength of FBG1 shifts, an overlap occurs between
FBG1 and FBG2 and between FBG1 and FBG3 at a different
time. The shift in the central Bragg wavelength of FBG1 is
observed and obtained from an OSA. The applied strain to
FBG1 at each step is ~75μɛ. The strain (ε) is related to the
displacement (ΔL) of the translation stage by ε=ΔL/L, where
L is the total fiber length under strain. After the strain is
applied to FBG1, the reflection spectra of three FBGs are
measured by using an OSA. The measurements are repeated
for 14 different strain values (steps). For each applied strain
value, three measurements are carried out within a period
of 3 minutes. The sample size of testing data is 2000.
Figures 7(a) and 7(b) show the reflection spectra of three
FBGs generated by the OSA for some typical applied strain
values (steps) to FBG1 corresponding to strain steps 4 and
8, respectively. During the test phase, we have taken new fully
overlapped spectra from the OSA, as shown in Figures 7(a)
and 7(b), to test the well-trained ELM model. The well-
trained ELM model can accurately detect or determine the
central Bragg wavelengths of FBG1, FBG2, and FBG3 by (8).

Figures 7(a) and 7(b) show the reflected spectra of three
FBGs measured by an OSA by applying a strain to FBG1 cor-
responding to strain steps 4 and step 8, respectively. As
shown in the figure, the two FBG sensor spectra are over-
lapped, which is why it is difficult to identify the central Bragg
wavelength of each FBG using traditional CPD techniques.
Therefore, we use ELM techniques to solve this problem.
For each applied strain, an ELM achieved to obtain the exact
central Bragg wavelengths of FBG1, FBG2, and FBG3 in all
independent test runs. Figure 8 shows the simulation output
of the detected central Bragg wavelengths of three FBGs
using the well-trained ELM model when the spectra of
FBG1 and FBG2 are fully overlapped at strain step 4 (see
Figure 7(a)). The absolute value of the difference between
the predicted central wavelength value and actual central
wavelength values is calculated as the detection error,
expressed as detection error = |predicted central wavelength
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value− actual central wavelength values|. The detection error
of the proposed ELM model when FBG1 and FBG2 spectra
are overlapped is 0.018, which is a very small error. This indi-
cates that we can accurately identify the central Bragg wave-
lengths of FBG1 and FBG2 even though the input spectra of
the two FBG sensors are fully overlapped. Similarly, Figure 9
shows the simulation output of the detected central Bragg
wavelengths of three FBGs using the well-trained ELM when
the spectra of FBG1 and FBG3 are fully overlapped at strain
step 8 (see Figure 7(b)). The detection error of the proposed
method when FBG1 and FBG3 spectra are overlapped is
0.021, which is a very small error. Because the central wave-
lengths of FBG2 and FBG3 are fixed (constant), we can easily

identify which central wavelength is for FBG1, FBG2, and
FBG3 when the well-trained ELM detects (identify) the cen-
tral wavelengths of three FBGs (see Figures 8 or 9). Only the
FBG1 central wavelength varies during wavelength shift or
overlap. Therefore, Figures 8 and 9 indicate that the well-
trained ELM model can accurately detect the central Bragg
wavelengths of FBG1, FBG2, and FBG3 even though the
input spectra of the two FBG sensors are fully overlapped.

Figure 10 shows the output of the well-trained ELM
model, which is the detected central Bragg wavelengths of
three FBGs at each strain value (steps). When the central
Bragg wavelengths of two FBGs are partially or fully over-
lapped (from strain step 2 to step 12), the proposed ELM
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Figure 7: The reflected spectra of three FBG sensors from OSA (a) when the spectra of FBG1 and FBG2 are fully overlapped at strain step 4
(b) when the spectra of FBG1 and FBG3 are fully overlapped at strain step 8.
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can determine the central Bragg wavelengths of three FBGs
even in the overlapping wavelength range. The performance
of the ELMmodel can be described in terms of training time,
testing time, and root-mean-square error (RMSE) values of
the testing result. An ELM has an enormous advantage in
training time and learning speed. When the number of hid-
den neurons is 2000, the training time of the ELM is 12 s
and the testing time of the ELM is 0.10 s. Both the training
time and testing time increase when the number of hidden
neurons increases. Since an ELM model can directly deter-
mine the central Bragg wavelengths of FBG sensors, an
ELM is much simpler and greatly reduces the training time
and testing time than CPD techniques. RMSE can evaluate
the central Bragg wavelength detection performance of the
well-trained ELM when two or more FBG spectra are par-
tially or fully overlapped. RMSE values can be calculated by
the following equation:

RMSE = ∑n
i=1 Pi − Ai

2

n
, 11

where Ai is the actual central Bragg wavelength, Pi is the pre-
dicted (detected) central Bragg wavelength, and n is the num-
ber of test data. The central Bragg wavelength detection
accuracy of the well-trained ELM model in terms of RMSE
throughout the operation strain range (from 0 to 1052με)
is 0.3 pm.

Figure 11 shows the well-trained ELM central Bragg
wavelength detection errors (i.e., RMSE) against 14 strain
steps. As shown in the figure, the RMS error is very high
when the two FBG spectra is fully overlapped (when strain
step =4 and step=8) which means that the detection accu-
racy decreases when the two wavelength spectra are over-
lapped. When the two central Bragg wavelengths fully
overlapped (at strain step= 4 and step= 8), an ELM can
identify the central Bragg wavelengths of three FBGs.
The RMS error in strain step 4 and step 8 is 1.25 pm
and 1.28 pm, respectively. Figure 12 shows the RMS errors

with epochs. The detection performance of an ELM is sta-
ble when the number of epoch increases, but it tends to
become worse when too few epochs are used. As shown
in the figure when the epoch number is 1000, the RMS
error becomes around 0.25 pm which is very small. There-
fore, experimental and simulation results show, using the
well-trained ELM, that the central Bragg wavelengths of
FBGs are identified with definite accuracy, even if the
reflected spectra of FBGs are fully overlapped. The central
Bragg wavelength detection accuracy achieved by an ELM is
0.3 pm, which has better generalization performance than
CPD techniques [19–23].

5. Conclusion

This paper introduces an IWDM-FBG sensor system using a
Raman amplifier and ELM. FBGs are favorable sensors in dif-
ferent applications and have the advantages of being immune
to electromagnetic interference, light weight, flexible, stretch-
able, small size, highly accurate, longer stability, and capable
in measuring ultra-high-speed events. A Raman amplifier is
used to increase the sensing signal transmission distance
and optimize the quality of the signal. Increasing the Raman
pump power increases the transmission distance and the
sensing signal quality. The experimental result revealed that
a Raman amplifier can compensate for the signal losses and
can provide a stable sensing output even beyond a 45 km
transmission distance. Moreover, we achieve a remote sens-
ing of strain measurement at a remote location of 45 km.
We employed IWDM to increase the number of FBG sen-
sors and to allow FBG spectra to overlap. The proposed
ELM can address the problem of the unmeasurable gaps
that have been faced in IWDM techniques. ELM is much
simpler, greatly reduces the training time and testing time,
and improves the detection accuracy than convolutional
wavelength detection techniques. The RMSE of the pro-
posed system is 0.3 pm which is possible to accurately
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detect the central Bragg wavelengths of each FBG even if
the spectra of FBGs are fully overlapped.
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