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Simultaneous temperature estimation of multiple
gratings using a multi-layer neural network

Martin S.E. Djurhuus, Bernhard Schmauss, Anders T. Clausen and Darko Zibar

Abstract—This paper introduces a method to do simultaneous
temperature estimations of multiple gratings in an FBG array.
The method involves training a multi-layer neural network using
simulated training data. The network is then used to estimate
the temperature changes of multiple gratings simultaneously
using only the experimentally obtained spectrum of the FBG
array. The versatility of the method is seen from the results
of three different setups. That is the broadband lightsource
with OSA, the broadband lightsource with spectrometer, and
incoherent optical frequency domain reflectometry. The method
can estimate the temperature changes with high accuracy and
low root mean squared error (RMSE) for the setups under
consideration. Finally, the method is shown to be capable of
simultaneous estimation of temperature changes for 19 FBGs
using the BLS setup with a maximum absolute error of 6.64 K
and an RMSE of 1.69 K in only 1.74 ms/FBG.

Index Terms—Optical fiber sensors, Bragg gratings, Machine
learning, Neural network, FBG arrays

I. INTRODUCTION

Fibre Bragg gratings (FBG) are commonly used in the
measurement of physical parameters such as strain, vibra-
tion, pressure, and temperature [1] [2]. This is due to their
advantages such as electrical interference immunity, remote
sensing suitability, small size, and multiplexing capabilities
[3]. The FBG structure is a wavelength specific reflector and
is used as a sensor because the centre wavelength shifts if the
physical parameters change [3]. The spectral shift caused by
temperature changes is given by:

∆λB = λB(α+ η)∆T (1)

where λB , ∆T , α, and η is the centre wavelength, the
temperature change, and two material constants [3].

Typically the detection scheme for FBG monitoring consists
of measuring the FBG reflection spectrum. This can be done
with multiple FBGs multiplexed in the same fibre using
wavelength division multiplexing (WDM) and/or time division
multiplexing. The conventional data processing algorithms find
the centre wavelength of the FBG spectrum and compares it
to a reference to find the shift and calculates the temperature
using Eq. 1 for a particular FBG [4]. These algorithms include
centroid detection, Gaussian fitting, and correlation [4]. These
methods are fast due to their simple calculations but the
accuracy of the methods can be compromised due to resolution
issues or non-symmetric reflection spectrum. The Gaussian
fit takes 1.75 ms with a root mean squared error (RMSE)
2 ◦C per FBG for a simulation. Evolutional algorithms such
as the dynamic multiswarm particle swarm optimizer [5] and
the genetic algorithm [6] have also been attempted. They have
the advantage of accuracy and the ability to detect spectrally
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overlapping FBGs at the cost of speed. Recent papers have
attempted to implement this process using machine learning
techniques such as online sequential extreme learning machine
[7], backpropagation neural network [8], and radial basis
function neural network [9]. These implementations of the
methods are accurate but have high processing time.

An issue with all of these algorithms is that because each
FBG is treated separately, the calculation of temperatures for
all the FBGs can have long processing times. This is the
case even if the individual processing time is short as some
arrays can have thousands of FBGs [10]. This makes real-time
monitoring of large FBG arrays difficult.

A multi-peak detection method is described in [11]. But
this method focusses on accuracy instead of speed, is only
tested on four FBGs, and for optical spectrum analyzer (OSA)
measurements. The method’s error is given as a maximum
absolute error (MAE) of 0.03–0.07 ◦C. Another method
described in [12] focusses on solving the problem of spectrally
overlapping FBGs with good accuracy (RMSE of 0.0095 ◦C)
but with a processing time of 0.132 s/FBG. This method is
also only tested on four FBGs and for OSA measurements.

This paper employs a machine learning approach based
on multi-layer neural networks for simultaneous estimation
of the temperature of multiple FBGs. The method is tested
on different setups such as a broadband lightsource with
an OSA, a broadband lightsource with a spectrometer, and
incoherent optical frequency domain reflectometry (iOFDR).
The performance is investigated in terms of MAE, RMSE,
processing time per FBG, and number of FBGs. This paper
differs from our previous paper [13] in four aspects. Firstly the
model is trained from simulated data, Secondly, this model
uses a neural network. Thirdly, this paper looks at multi-
grating estimation. Finally, an iOFDR method [14] has been
added to the measurements. These differences make the new
method more versatile, robust, and fast at the cost of accuracy.

II. EXPERIMENTAL SETUP AND DATA COLLECTION

The proposed method introduces a multi-layer neural net-
work to process an FBG array by estimating the temperatures
of multiple FBGs simultaneously. The concept is to teach
the network the relationship between the multi-FBG spectra
and a vector of each FBG’s temperature using simulated data.
Then the model is using experimental data to estimate the
temperatures Tnk based on the combined spectra Rk of the
FBGs as shown in Fig. 1.

Three different setups are used to investigate the perfor-
mance of the method. Setup 1 is a broadband lightsource with
an OSA abbreviated BLO and is seen in the upper part of
Fig. 2. This setup uses an EDFA as a broadband source for
an FBG array. The reflected spectrum is recorded using an
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Fig. 1: The concept behind the proposed method of mapping
the temperatures Tnk from the reflection spectra Rnk where n
represents a specific FBG and k represents a certain tempera-
ture configuration. An example of the simultaneous estimation
of temperatures of multiple FBGs using their reflection spectra
is shown here using five FBGs for simplicity.

OSA. The OSA settings are a 0.05 nm resolution and a 1510-
1590 nm span. The temperature of the FBG array is controlled
using a climate chamber. Setup 2 is a broadband lightsource
with a spectrometer abbreviated BLS and can also be seen in
the upper part of Fig. 2. Here a spectrometer is recording the
spectrum with a wavelength range of 1509.2 to 1595.2 in 512
points. Setup 3 is an iOFDR setup shown in the lower part
of Fig. 2. Here Peltier modules control the temperature. The
light source and detector are a tunable laser source (TLS) and
a photodetector (PD). A Vector Network Analyser (VNA) with
a built-in signal generator is connected to the PD and a Mach-
Zehnder modulator (MZM). The setup modulates the output
of the TLS with an RF signal that changes in frequency from
1 MHz to 2.5 GHz in steps of 1 MHz using the MZM. The
reflected light from the FBGs is detected by the PD and the
VNA records the transfer function of the system. By tuning
the wavelength of the TLS the transfer function at different
optical wavelengths is recorded.

Fig. 2: Sketch of the setups used to acquire the experimental
data. The sketch is split into two with two setups BLO and
BLS in the upper part and the iOFDR in the bottom.

The BLO setup is included in the paper as a performance
baseline. The OSA is often used to measure FBG spectra and it
is therefore of interest to prove that the method works for these
measurements. Furthermore, the OSA spectrum has a lot of

points included which means that more spectrum information
is available compared to more sparsely sampled methods. The
BLS setup is included since the spectrometer makes the fastest
measurements, which makes it the most interesting for real-
time measurements, and is the cheapest detector. The iOFDR
setup is included as this setup makes it possible to increase
the number of measurable FBGs outside the WDM limitations
by adding a spacial dimension to the measurements. This is
also the slowest method as it records an extra dimension.

The FBG array used has 20 FBGs. The FBGs are positioned
from 1512 nm to 1588 nm with a separation of 4 nm, all with
a spectral FWHM width of 0.2 nm and a reflection of 20 %.

For the BLO and BLS setups the temperature changes from
-20 to 80 ◦C in steps of 1 ◦C. For the iOFDR setup the
temperature changes from 10 to 80 ◦C in steps of 1 ◦C. This is
done due to equipment constraints. For each temperatures, the
spectra and temperature are recorded. For the iOFDR setup,
the transfer functions for wavelengths from 1527 to 1573 nm
in steps of 0.1 nm are recorded instead of the spectra.

III. DATA GENERATION AND PROCESSING

In this paper, the training data are simulated and the
test data are experimental. The simulated data are generated
by replicating the shift of the FBG spectra associated with
temperature changes as shown by Eq. 1. The process is as
follows:
1) The temperature changes are chosen. This is done accord-

ing to the data generation method in [15] by drawing
temperature changes from a uniform distribution between
-60 K and 60 K. These are organized into K = 106 vectors
of size N equal to the number of modelled FBGs.

2) A base spectrum is chosen. This consists of a spectrum
containing the peaks of N FBGs for a known temperature.
A experimental reference spectrum is found to be a good
base spectrum. For the BLO results, the base spectrum is
downsampled by a factor of 10 to prevent memory issues.

3) The shift is simulated using a Fourier transform, multi-
plying a phase and using an inverse transform. The phase
is φ = exp

(
−(i2πc∆λBt)/λ

2
0

)
where c is the speed of

light, t is the time axis after the Fourier transform, λ0 is the
spectrum centre wavelength and ∆λB is the shift calculated
from Eq. 1 where appropriate material constants are found.

4) Finally, to prevent over-fitting, white Gaussian noise is
added to the resulting spectrum Rk of size M .

The resulting data set consists of the spectra and
their corresponding temperature changes denoted D =
{R1k, ..., RMk, T1k, ..., TNk|k = 1, ...,K}. The spectra are K
vectors of size M . The N FBG peaks are shifted separately
and normalised to be between 0 and 1. The temperatures are
K vectors of size N of temperature changes.

The experimental data processing starts after the data acqui-
sition. The data consist of temperatures and the corresponding
spectra. Due to equipment limitations, all of the FBGs have the
same temperature. As the iOFDR method does not measure
spectra but transfer functions a conversion is needed. The
iOFDR data consist of one transfer function for each step
of the TLS per temperature measured. Therefore the transfer
functions are Fourier transformed to give the impulse response
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of the system for each optical wavelength measured. The
resulting spacial dimension of the impulse response is used
to select an area of interest. This area is summed to elimi-
nate the spacial dimension and create a spectrum equivalent
corresponding to the measured temperature. The BLO spectra
are again downsampled by a factor of 10. From here the data
processing is the same for all setups. It proceeds as follows:
1) The spectra are limited to the N modelled FBGs. This is

done to mirror the base spectrum used for the training data.
2) The spectra are normalized to remove the effects of the

amplitude by scaling the spectra to run between 0 and 1.
This is done for each FBG by splitting the spectra into 4
nm pieces centred around an FBG peak. The pieces are
then scaled and put back into the spectrum. This results in
a spectrum where all FBG peaks have the peak value 1.

3) The temperatures are converted into temperature changes
using the base spectrum temperature and put in appropriate
N sized temperature vectors.

The resulting test and training data are given to a multi-layer
back-propagation neural network model. The model consists
of three hidden layers with 64 nodes in each and the activation
functions tanh, sigmoid and tanh. Convergence was achieved
after 50 epochs with a training RMSE of 0.79 and a validation
RMSE of 1.15. The computer used for data processing has an
intel Xeon 3.6 GHz CPU and 16 GB RAM.

IV. RESULTS AND DISCUSSION

In Fig. 3a, 3b and 3c the estimated temperature changes
are plotted for the measured data. The temperature changes
of five FBGs are simultaneously estimated for each setup
under consideration. The estimated temperature changes for
each of the FBGs are plotted against the measured temper-
ature changes. The ideal estimation where the measured and
estimated temperature changes are the same is shown as a
dashed line. The RMSE of the test set is in the plot title and
the correlation coefficients r for each FBG are in the legend.

From Fig. 3a it is seen that the simultaneous estimation of
temperature changes for the five FBGs does not significantly
deviate from the ideal line. This is also seen from the correla-
tion coefficients between 0.9991-0.9993. The MAE is 3.46 K

and the RMSE is 1.77 K. The estimations all deviate together
which could be calibration errors where the FBG temperature
and the recorded temperature differ. The processing time for
one spectrum with five FBGs is 0.1306 s with downsampling
and 0.042 s without.

From the plots in Fig. 3b it is seen that the estimated
temperature changes are closer to the ideal line than for the
BLO case. This is backed up by the correlation coefficients
between 0.9997-0.9998. The RMSE of 1.3 K is also lower than
the BLO case. The MAE is 3.76 K. The better performance
compared to the BLO case is due to the lower number of input
dimensions caused by a more sparsely sampled spectrum. This
means that less data are needed to train the model. Finally, the
deviations around -50 K seen in estimations are the same for
all the FBGs. This could again indicate calibration errors. The
processing time for one spectrum with five FBGs is 0.031 s.

Fig. 3c shows the estimated temperature changes for
the iOFDR setup. Here the correlation coefficients between
0.9992-0.9998 are slightly worse than the BLS case. The MAE
is 3.38 K. From the RMSE of 1.03 K it is seen that the
performance is even better than the BLS case. In this case, the
source is coherent making the noise of the iOFDR data lower
than the BLS data. The deviation from the ideal increases
below -20 K because the Peltier modules have problems
cooling the fibre creating a difference between the measured
temperature and the temperature of the FBGs. This is also the
reason that the correlation coefficients are worse than the BLS
case. The processing time for one spectrum with five FBGs is
3.705 s due to the Fourier transforms used.

The results presented in these three figures show that
the use of the proposed method to simultaneously estimate
temperature changes of multiple FBGs from their spectrum
using experimental data is possible with good accuracy. The
BLS results are seen to be the fastest from the processing
time. This combined with the short measurement time of the
spectrometer shows a possible use in real-time measurement
applications. If similar results are possible when more FBGs
are modelled, it would seriously bring down the processing
time per FBG.

To show the performance for an increased number of

(a) BLO setup results. (b) BLS setup results. (c) iOFDR setup results.

Fig. 3: Plot of the estimated temperature changes using simulated training and experimental test data. The dashed line is the
ideal result while the others are the estimated results for five FBGs measured experimentally.
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gratings, 19 FBGs from the spectrometer data are used. 19
FBGs are used since the 20th FBG shifts outside the recorded
spectrum for certain temperatures. The spectrometer data are
used since it is the fastest measurement method. Furthermore,
the iOFDR data have 12 FBGs recorded due to source limi-
tations and the BLO data have memory issues if 13 or more
FBGs are modelled, which means that similar plots using these
data could not be generated. The simultaneously estimated
temperature changes of 19 FBGs are shown in Fig. 4. The
estimated temperature changes for each of the 19 FBGs are
plotted separately against the measured temperature changes.

Fig. 4: Plot of the estimated temperature changes using sim-
ulated training and experimental test data. The dashed line is
the ideal result while the others are the estimated results for
19 FBGs measured experimentally using a spectrometer.

The r values in Fig. 4 show that the estimated temperature
changes for most of the 19 FBGs are quite close to the
ideal line. Compared to the experimental five FBG results,
the result is worse than the BLS and iOFDR but better than
the BLO case. This is not surprising due to the curse of
dimensionality [16]. As such with the number of training
points kept constant a decrease in the performance is to be
expected. The performance compared to the BLO case is better
because the BLO results have an even lower training points to
input dimension ratio. This performance is seen from both the
low RMSE of 1.69 K and the high r values, which are lower
and higher than the BLO case. The deviations increase with
distance to 0 K could be due to a wrong estimate of the slope
in Eq. 1. The MAE is 6.64 K. From the r values FBG 1516,
1520 and 1588 nm have a lower r value than the other FBGs.
These FBGs peaks were closer to the noise floor due to source
limitation. As such the results are not that surprising. Due to
these issues in further works a wider source could be useful.
The processing time for one spectrum with 19 FBGs is 0.033
s which is 1.74 ms/FBG.

From these results, it is seen that the method can be used
for practical applications for at least 19 FBGs. As described
earlier real-time measurement applications should be possible
due to the short processing time of 1.74 ms/FBG as long
as an error of 6.64 K can be tolerated. Compared to the
conventional method the Gaussian fit, the RMSE is 0.31

K lower and the processing time is the same [4]. Finally,
as equipment limitation prevented the FBGs from having
different temperatures, a numerical analysis using test data
with 19 gratings and arbitrary temperatures generated with
the same process as the training data was carried out and gave
a RMSE of 1.32 K. This shows that the method should be
applicable even when the FBG temperatures are different from
each other.

V. CONCLUSION
This paper has proposed an experimentally tested method

for simultaneous estimation of temperature changes of multi-
ple FBGs. The versatility of the method has been shown from
the results of three different experimental setups. These results
show that the proposed method can simultaneously estimate
the measured temperature changes of five FBGs with RMSE’s
of 1.77, 1.3 and 1.03 K. Finally, the method is shown to be
capable of simultaneous estimation of the temperature changes
for 19 FBGs using the BLS setup with an MAE of 6.64 K
and an RMSE of 1.69 K in only 1.74 ms/FBG.
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