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A B S T R A C T

Femtosecond-laser-inscribed fiber Bragg gratings (FBGs) have shown great potential for high-temperature 
sensing, yet accurate demodulation under extreme conditions remains challenging. Over a wide temperature 
range, the spectral response of FBGs becomes increasingly nonlinear, which reduces the accuracy of conventional 
fitting models. Sapphire fiber Bragg gratings (SFBGs) can operate at temperatures up to 1900 ◦C, but their 
multimode interference (MMI) effect and strongly nonlinear spectral behavior make high-accuracy temperature 
demodulation more difficult. To address these issues, a deep-learning demodulation architecture based on a 
convolutional attention bidirectional long short-term memory network (CAB-LSTM) is proposed. To build 
spectral training datasets with reliable temperature labels, fiber grating sensors with thermal responses matched 
to that of a thermocouple were designed and fabricated. A geometric tuning method was adopted to optimize the 
sensor packaging, and the package diameters of the FBG and SFBG sensors were controlled at 2.3 and 2.1 mm, 
respectively. This design improved the physical consistency between the spectral measurements and the 
reference-temperature labels under the tested heating conditions. Experimental results show that the standard 
deviation (SD) of the FBG sensor remained within 0.72 ◦C at 700 ◦C. For the SFBG sensor, the SD values were 
1.007 ◦C at 800 ◦C and 1.228 ◦C at 1600 ◦C. With physically aligned training data and the CAB-LSTM archi
tecture, the proposed method provides an effective solution for real-time and high-accuracy temperature 
monitoring in extreme industrial environments. Under the tested 10 Hz acquisition condition, the complete 
update cycle was approximately 98 ms after the initial 3.1 s buffer-filling stage.

1. Introduction

High-temperature measurement is of great importance in critical 
industrial fields, including aerospace propulsion, gas turbines, metal
lurgical processing, and advanced nuclear energy systems. In enclosed 
or obstructed hot zones, in situ monitoring of hot components is 
essential for safe and reliable operation [1]. Although thermocouples 
remain one of the most widely used high-temperature sensors in engi
neering, they often suffer from drift, limited lifetime, and repeated 
calibration problems under ultra-high-temperature, long-term service, 
or corrosive conditions [2]. Infrared thermography has the advantage of 
noncontact measurement. However, it relies on surface radiation 

information and line-of-sight access, which makes it difficult to apply in 
enclosed spaces, obstructed regions, or internal temperature-field mea
surements [3]. Therefore, under enclosed, strong electromagnetic 
interference, and extreme high-temperature conditions, fiber-optic 
sensing technology shows greater application potential because of its 
remote transmission capability, immunity to electromagnetic interfer
ence, and compact size [4]. Owing to these advantages, fiber-grating and 
fiber-interferometric structures have been widely applied to tempera
ture and multi-parameter measurement in diverse environments [5,6].

Femtosecond-laser-inscribed fiber Bragg gratings (FBGs) have 
become an important approach for temperature sensing in harsh envi
ronments because of their high-temperature resistance, small size, and 
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reusability [7]. However, the operating temperature of conventional 
silica-based FBGs is limited by the intrinsic thermal tolerance and 
thermal stability of the material. Their long-term operating temperature 
is usually insufficient for extreme high-temperature applications [8]. 
Even regenerated FBGs can only extend the upper temperature limit to a 
higher but still restricted range [9]. To overcome the temperature limit 
of silica, researchers have further introduced femtosecond laser 
inscription into single-crystal sapphire fibers, leading to sapphire fiber 
Bragg gratings (SFBGs). SFBGs can operate at temperatures approaching 
1900 ◦C and therefore show clear advantages in extreme high- 
temperature measurement [10]. Notably, SFBGs have recently 
advanced from single-point devices toward distributed industrial 
instrumentation. Femtosecond-laser point-by-point inscription has pro
duced large-scale cascaded first-order SFBG arrays with enhanced 
reflectivity and simplified spectral signatures [11], and such arrays have 
been successfully deployed in the submerged entry nozzle of a 
continuous-casting line, providing distributed thermal profiling of 
molten-steel transfer with characterization up to 1600 ◦C and 40-h 
stability under extreme conditions [12]. These results mark an impor
tant step toward practical ultra-high-temperature sensing in real pro
duction environments. However, their lack of a conventional core- 
cladding structure leads to strong multimode propagation, which 
broadens the reflection spectrum, distorts peaks, and increases modal 
interference. These effects make high-accuracy demodulation more 
difficult [13–15].

In high-temperature fiber grating demodulation, increasing tem
perature introduces stronger spectral nonlinearity and degrades the 
stability of conventional center-wavelength extraction methods [16]. 
This problem becomes particularly pronounced above 1000 ◦C, where 
the nonlinear thermo-optic effect and thermal expansion make the 
wavelength-temperature response difficult to describe using linear or 
low-order polynomial models [17]. Moreover, most existing calibration 
methods rely on static measurements at discrete temperature points, 
which cannot capture the continuous spectral evolution and transient 
characteristics during dynamic heating processes [18]. Under extreme 
high-temperature conditions, these effects are coupled together and 
become major limitations to further improvement in demodulation ac
curacy [19].

In recent years, machine learning and deep learning have been 
gradually introduced into FBG demodulation and have shown clear 
potential over traditional peak-tracking methods. More broadly, 
artificial-intelligence-driven data processing has recently been scaled to 
engineering-level fiber-optic sensing systems [20]. Deep convolutional 
networks have been used to directly learn the temperature mapping 
from full FBG spectra [21]. Dilated convolutional networks have been 
applied to improve spectral feature extraction [22]. Hybrid architec
tures such as CNN-LSTM and Bi-LSTM further introduce temporal 
modeling to improve demodulation performance under overlapping- 
spectrum or dynamic-spectrum conditions [23,24]. In particular, 
LSTM-based models can map full interferometric spectra directly to the 
measurand and overcome free-spectral-range limitations [25]. In addi
tion, machine-learning methods have been used for temperature-strain 
discrimination, multiparameter decoupling, and calibration compensa
tion in FBG systems [26–28]. SFBG demodulation research has largely 
remained focused on multimode-signal stabilization and conventional 
spectral post-processing. Representative approaches include added 
multimode lead-in fibers for mode stabilization [29], long-wavelength- 
edge detection and cross-correlation for wavelength retrieval, and 
single-mode or other modal-filtering sapphire waveguide designs to 
suppress higher-order modes [30,31]. These methods can improve 
spectral stability, but they remain sensitive to peak splitting, modal drift, 
fabrication-induced loss, and the length constraints of practical single- 
mode structures. A particularly promising route changes the interroga
tion domain altogether. In dispersive microwave-photonic interroga
tion, wavelength is mapped to delay and the Bragg shift is retrieved as a 
time-delay shift, which is inherently robust to multimode-induced 

spectral distortion and yields 0.02 ◦C resolution up to 1050 ◦C without 
a high-resolution OSA [32]. This demonstrates that sensing resolution 
can be decoupled from spectral-acquisition resolution by transforming 
the domain in which the measurement is made. Along this direction, all- 
optical in-sensor computing has further enabled nanosecond-latency, 
multi-parameter fiber sensing [33]. More recently, machine learning 
has been introduced as a data-driven post-processing tool; for example, 
fast and robust demodulation of temperature from sparse sapphire FBG 
spectra has been demonstrated with machine learning [34], indicating 
that ML can compensate for under-sampled spectra and improve vi
bration robustness. However, these demonstrations still depend on 
carefully engineered optical front ends and sensor-specific datasets 
collected at discrete temperatures, so their generalization to continu
ously varying, strongly multimodal spectra under dynamic heating re
mains limited.

This work develops a calibration and demodulation method for high- 
temperature FBG and SFBG sensing. For calibration, the package ge
ometry is selected to match the thermal response time constant of the 
reference thermocouple. Together with timestamp alignment, this 
design allows spectra and reference temperatures to be paired during a 
single continuous heating run from room temperature to the target 
temperature, avoiding repeated equilibration holds at discrete temper
ature setpoints. For demodulation, CAB-LSTM combines a 1D-CNN for 
local spectral feature extraction, an attention module for weighting 
temperature-sensitive features, and a Bi-LSTM for modeling correlations 
across successive spectra. The network uses the resulting features to 
estimate the temperature at the final time step of the input sequence. 
The results show that the method can achieve high-accuracy and high- 
stability temperature demodulation over a wide temperature range.

2. Sensor fabrication and experimental setup

2.1. Sensor fabrication and experimental setup

To meet the measurement requirements of different temperature 
ranges, two types of fiber Bragg grating sensors, i.e., FBG and SFBG, 
were fabricated in this work. Both sensors were inscribed using the same 
femtosecond laser line-by-line writing system. A frequency-doubled 
femtosecond laser amplifier (Pharos, Light Conversion), with a central 
wavelength of 514 nm, a pulse width of 290 fs, and a repetition rate of 
200 kHz, was used as the inscription source. The femtosecond laser 
beam was focused into the fiber using a 100× Leica oil-immersion 
objective with a numerical aperture (N.A.) of 1.25. A three-axis air- 
bearing high-precision translation stage (Aerotech; ABL15010, 
ANT130LZS, and ANT130V-5) was employed to precisely control the 
grating period, and a high-resolution CCD was used to monitor the 
inscription process in real time.

As shown in Fig. 1(a), the FBG sensor was inscribed in a standard 
single-mode silica fiber after coating removal. As shown in Fig. 1(a3). Its 
central wavelength, signal-to-noise ratio (SNR), and full width at half 
maximum (FWHM) were 1549.51 nm, 18.34 dB, and 0.783 nm, 
respectively. As shown in Fig. 1(b), the SFBG sensor was inscribed in a 
single-crystal sapphire fiber with a diameter of 100 μm. As shown in 
Fig. 1(b3). Its central wavelength, SNR, and FWHM were 1530.93 nm, 
11.78 dB, and 1.565 nm, respectively. The packaging configurations in 
Figs. 1(a) and 1(b) correspond to the intended operating temperature 
ranges of the two sensors. As shown in Figs. 1(a1) and 1(a2), the silica- 
based FBG was packaged in a ceramic tube for measurements up to 
approximately 1000 ◦C, providing mechanical protection and thermal 
stability. As shown in Figs. 1(b1) and 1(b2), the SFBG was packaged in a 
sapphire tube for measurements up to 1900 ◦C, where the superior high- 
temperature capability of sapphire enables operation in the harsher 
thermal environment.

To ensure that the sensors and the reference thermocouple experi
enced the same thermal field as closely as possible, the packaged sensor 
probes and the thermocouple were placed side by side in the central 
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constant-temperature zone of the furnace. The grating sensing region 
and the thermocouple junction were positioned side by side at the same 
axial location in the center of the furnace, with an approximate lateral 
separation of 1–2 mm. Considering the applicable temperature range 
and high-temperature stability of different thermocouples, a K-type 
thermocouple was used as the reference for the FBG sensor, while a B- 
type thermocouple was used as the reference for the SFBG sensor. 
During the experiment, the reflection spectra of the sensors were ac
quired in real time using an in-house-developed interrogator based on a 
swept-wavelength laser and a photodetector. The interrogator operated 
over 1522–1572 nm with a wavelength accuracy of 5 pm and a raw 
wavelength sampling interval of 20 pm. Its built-in interpolation 

algorithm reconstructed the acquired spectra on a 1 pm wavelength grid 
for subsequent processing. The 1 pm value describes the interpolated 
output spacing and should be distinguished from the wavelength mea
surement accuracy. At the same time, the temperature data from the 
thermocouples were also recorded. Each heating experiment was 
repeated 10 times to improve the stability and statistical reliability of 
the dataset. As shown in Fig. 1(c), thermal-response matching and 
temporal alignment were performed between the spectral data S(t1) 
from the interrogator and the temperature data T(t2) from the thermo
couple. This process enabled the construction of a spectral dataset with 
accurate temperature labels for subsequent CAB-LSTM model training. 
For reference-temperature labeling, the Class 1 K-type thermocouple has 

Fig. 1. Fabrication and experimental setup of the FBG and SFBG sensors: (a) ceramic-packaged FBG sensor, with (a1) a schematic of the FBG encapsulated in the 
ceramic tube (OD = 2.3 mm), (a2) a photograph of the fabricated sensor, and (a3) its reflection spectrum (λB = 1549.51 nm, FWHM = 0.783 nm, SNR = 18.34 dB); 
(b) sapphire-packaged SFBG sensor, with (b1) a schematic of the SFBG sealed in an argon-filled sapphire tube (OD = 2.1 mm), (b2) a photograph of the fabricated 
sensor, and (b3) its reflection spectrum (λB = 1530.93 nm, FWHM = 1.565 nm, SNR = 11.78 dB); (c) schematic of the high-temperature measurement system, 
showing the synchronous acquisition of the spectral data S(t1) from the FBG/SFBG demodulator and the temperature data T(t2) from the thermocouple input module 
in a furnace at 1600 ◦C.
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a standard tolerance of ±1.5 ◦C from − 40 to 375 ◦C and ± 0.004|t| ◦C 
from 375 to 1000 ◦C according to IEC 60584–2 and GB/T 
16839.2–1997. This corresponds to ±2.8 ◦C at 700 ◦C and ± 3.6 ◦C at 
900 ◦C. For the B-type thermocouple, the Class 2 standard tolerance is 
±0.0025|t| ◦C over 600–1700 ◦C, corresponding to ±4.0 ◦C at 1600 ◦C. 
Here, t denotes the temperature in degrees Celsius. These values are 
standard tolerance limits and do not constitute a complete uncertainty 
budget for the measurement system. According to the PR322C furnace 
manual, the axial temperature gradient is no more than 0.5 ◦C per 10 
mm within ±20 mm of the maximum-temperature position, and the 
specified temperature stability is no more than 0.1 ◦C/min and 0.5 ◦C/6 
min.

2.2. Thermal response modeling and geometric optimization

In this work, the transient thermal response of the sensor packaging 
system is modeled based on transient heat-transfer theory. For the 
ceramic and sapphire packaging tubes used in this study, the thermal 
conductivity is relatively high (k > 25 W/(m⋅K)), and the characteristic 
size is on the millimeter scale (D ≈ 2 mm). Under coupled convection- 
radiation boundary conditions, the calculated Biot number is always 
lower than 0.02, that is, Bi≪0.1. Therefore, the lumped-capacitance 
method can be used as a first-order approximation for the packaging 
structure. In this approximation, the temperature inside the package is 
assumed to be nearly uniform, and the internal conductive thermal 
resistance is negligible compared with the external heat-transfer resis
tance at the surface. Under these assumptions, the energy conservation 
equation of the sensor packaging structure can be written as follows: 

ρcpV
dT
dt

= − heffAs(T − T∞) (1) 

where ρ, cp, V, and As denote the density, specific heat capacity, volume, 
and surface area of the packaging material, respectively. T is the 
instantaneous temperature of the package, and T∞ is the ambient tem
perature. The effective heat-transfer coefficient heff accounts for the 
combined effects of convective and radiative heat transfer, and can be 
expressed as: 

heff = hconv + σϵ
(
T2 +T2

∞

)
(T+T∞) (2) 

where hconv is the effective convective heat-transfer coefficient, σ is the 
Stefan - Boltzmann constant, and ε is the surface emissivity. Although 
heff varies with temperature and thus shows nonlinear behavior, the 
objective of this work is not to maintain a strictly constant absolute 
response over the full temperature range. Instead, the goal is to make the 
instantaneous thermal response of the fiber sensor as consistent as 
possible with that of the reference thermocouple under the same thermal 
environment. Since the two sensors are placed together in the constant- 
temperature zone of the furnace and experience similar convection- 
radiation boundary conditions, the difference in their dynamic re
sponses is mainly determined by thermal inertia. In this work, the 
geometric tuning parameter D is defined as the outer diameter of the 
packaging tube. For this slender cylindrical packaging structure, whose 
response is mainly governed by the outer diameter, the characteristic 
length can be approximately written as: 

LC =
V
AS

≈
D
4

(3) 

The time constant is given by: 

τ =
ρcpD
4heff

(4) 

Eq. (4) shows that the thermal inertia of the sensor can be directly 
adjusted through the packaging diameter D. Therefore, matching the 
time constant by tuning the outer diameter of the package can effec
tively reduce the temperature-label deviation caused by inconsistent 

thermal inertia during the dynamic heating process.
The model explicitly includes the inner diameter of the tube (D − 0.5 

mm), the air or argon in the gap between the fiber and the inner wall, 
and axial conduction along the fiber, tube wall, and end cap. Heat 
transfer across the gas gap was calculated directly in the gas domain 
without an assumed contact resistance.

The finite-element model was implemented in COMSOL Multiphysics 
6.4 as a two-dimensional axisymmetric transient heat-transfer model. 
Two assemblies were considered: a 125 μm silica FBG in an air-filled 
alumina (99.5%) tube, and a 100 μm single-crystal sapphire FBG in an 
argon-filled sapphire tube. The tube wall and the closed end cap were 
both 0.25 mm thick, so that the inner diameter was D − 0.5 mm. The 
grating length was 5 mm, with 0.5 mm fiber extensions at both ends and 
a 0.05 mm gap between the fiber tip and the end cap. The outer diameter 
D was scanned from 0.7 to 3.5 mm in steps of 0.2 mm, and the grating 
temperature was taken as the volume average over the 5 mm sensing 
region. The initial temperature was 25 ◦C, and at t = 0 the surrounding 
gas and the effective furnace-wall radiation temperatures were stepped 
to 1000 ◦C. The inward heat flux at the outer surface and the closed end 
cap was 

qin = h
(
Tg − T

)
+ εσ

(
T4

rad − T4) (5) 

where h = 25 W/
(
m2⋅K

)
was taken as an engineering baseline for nat

ural convection around horizontal miniature tubes at atmospheric 
pressure without forced flow, ε is the effective gray-body emissivity 
(0.80 for alumina and 0.30 for sapphire), σ is the Stefan–Boltzmann 
constant, and Tg = Trad = 1273.15 K. The rear cross-section was treated 
as adiabatic to represent the local response within a uniform- 
temperature furnace zone.

Based on the above theoretical analysis, finite element analysis (FEA) 
was further carried out to determine the optimized package sizes of the 
two types of sensors. Fig. 2 shows the relationship between the thermal 
time constant τ and the package diameter D for ceramic-packaged and 
sapphire-packaged sensors. According to Eq. (4), τ is expected to vary 
linearly with D when heff is approximated as a constant. However, the 
FEA results show that the actual τ increases superlinearly with 
increasing D. This is mainly because both the convective heat-transfer 
coefficient and the radiative heat-transfer term vary with geometry 
and temperature in a coupled manner. At the same time, because 

Fig. 2. Calculated thermal time constants τ as a function of packaging diameter 
(D) for ceramic- and sapphire-packaged sensors. Shaded bands represent 
deterministic parameter-scenario envelopes generated from the specified 
thermophysical-property and boundary-condition scenarios. Horizontal dashed 
lines indicate the target time constants of the standard K-type and B-type 
reference thermocouples. Open markers denote the geometrically tuned di
ameters selected in this work: D = 2.3 mm for ceramic-packaged FBG and D =
2.1 mm for the sapphire-packaged SFBG.
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sapphire has a higher volumetric heat capacity (ρcp), the sapphire- 
packaged sensor always shows a larger thermal time constant than the 
ceramic-packaged sensor at the same diameter. This indicates that 
separate geometric optimization is necessary for FBG and SFBG sensors, 
rather than using a unified package size.

The shaded bands in Fig. 2 are deterministic parameter-scenario 
envelopes rather than statistical confidence intervals, and they do not 
imply a 95% confidence level. At each feasible diameter, the envelope 
was generated from three deterministic cases: a nominal case, a fast- 
response case, and a slow-response case. In the fast-response case, the 
convective heat-transfer coefficient, the solid thermal conductivity, and 
the gas thermal conductivity were each multiplied by 1.2, and the solid 
heat capacity by 0.9. In the slow-response case, the corresponding fac
tors were 0.8, 0.8, 0.8, and 1.1. The upper and lower bounds of the band 
are the maximum and minimum time constants obtained from single- 
exponential fits of these three cases. The final optimized package size 
was determined by the intersection between the simulation curve and 
the target time constant of the reference thermocouple. The target time 
constants in Fig. 2 were taken from the measured transient responses of 
the standard thermocouples under the same experimental conditions. 
For the FBG sensor, whose design operating temperature did not exceed 
900 ◦C, the optimized ceramic package diameter was D = 2.3 mm. The 
corresponding thermal time constant was about 0.8 s, which matched 
that of the K-type thermocouple. For the SFBG sensor, whose design 
operating temperature reached 1600 ◦C, the optimized sapphire package 
diameter was D = 2.1 mm. The corresponding thermal time constant was 
about 2.5 s, which matched that of the B-type thermocouple. These 
geometric tuning results made the dynamic responses of the fiber sen
sors more consistent with those of the reference thermocouples during 
transient temperature variation. This also provided the basis for con
structing a physically consistent temperature-labeled dataset in the 
subsequent study.

2.3. Experimental validation of thermal response matching

Based on the previous thermal-response modeling and geometric 
tuning analysis, transient heating experiments were further carried out 
to verify the dynamic response matching between the optimized fiber 

sensors and the reference thermocouples. In the experiment, a high- 
temperature furnace was used to heat the fiber sensors and the ther
mocouples simultaneously, and their transient response signals were 
recorded in real time. To evaluate the effectiveness of the geometric 
tuning strategy at multiple temperatures, transient-response experi
ments were conducted for the FBG sensor at 700 ◦C and 900 ◦C and for 
the SFBG sensor at 1000 ◦C and 1600 ◦C. The same package geometries, 
furnace position, and sensor arrangement were maintained in all tests. 
The validation curves represented controlled continuous-heating con
ditions. As indicated in Fig. 3, the instantaneous heating rate decreased 
as the set temperature was approached, ranging from approximately 120 
to 8 ◦C/min for the FBG tests and from approximately 500 to 25 ◦C/min 
for the SFBG tests.

As shown in Fig. 3, the transient responses of the fiber sensors and 
the reference thermocouples were compared at four representative 
conditions. Figs. 3(a) and 3(c) show the FBG sensor with the K-type 
thermocouple at 700 ◦C and 900 ◦C, respectively, while Figs. 3(b) and 3
(d) show the SFBG sensor with the B-type thermocouple at 1000 ◦C and 
1600 ◦C, respectively. The two signals were aligned under a unified time 
reference. In all four cases, the fiber-sensor and thermocouple responses 
showed close agreement during the main heating stage and the subse
quent approach to the final temperature. No systematic increase in 
response lag or dynamic mismatch was observed at the higher validation 
temperatures. These results indicate that the geometric tuning strategy 
maintained comparable transient behavior over the tested temperature 
points and heating-rate conditions. These experiments do not establish 
exact thermal-response matching at every temperature and heating rate 
across the full operating ranges. They provide validation at four repre
sentative temperature conditions and within the heating-rate ranges 
tested in this study.

3. CAB-LSTM network architecture

3.1. Network design

As shown in Fig. 4, the proposed CAB-LSTM network is used to 
establish the mapping from spectra to temperature. The input is a time- 
series spectral sequence of length 32, and the output is the temperature 

Fig. 3. Experimental validation of thermal-response matching at multiple temperatures and heating-rate conditions. Transient-response comparisons between the 
fiber sensors and the reference thermocouples are shown for (a) the FBG sensor and K-type thermocouple at 700 ◦C, (b) the SFBG sensor and B-type thermocouple at 
1000 ◦C, (c) the FBG sensor and K-type thermocouple at 900 ◦C, and (d) the SFBG sensor and B-type thermocouple at 1600 ◦C. The red and blue curves represent the 
fiber-sensor and thermocouple responses, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.)
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at the last time step of the window. Let the i-th input sample be: 

Xi = [S(ti− 31) , S(ti− 30) ,…, S(ti) ] (6) 

where S(ti) denotes the single-frame spectrum at time ti. Each time step 
corresponds to a 1000-dimensional spectral vector. The network output 
is the temperature label T(ti) at the corresponding time.

The CAB-LSTM network consists of a 1D-CNN, an attention module, 
and a Bi-LSTM. The 1D-CNN uses two convolutional layers with 16 and 
32 filters and kernel sizes of 5 and 3, respectively, to extract local fea
tures from each spectrum. The attention module adaptively weights 
these features to emphasize temperature-sensitive information. The Bi- 
LSTM contains 64 hidden units and models correlations among the 
spectral features in the 32-frame input window. The output layer maps 
the resulting features to the temperature T(ti) at the final time step. 
Unlike conventional peak-tracking demodulation, the proposed model 
does not require the temperature to be inferred from a single peak 
wavelength. Each input frame is represented by the complete sampled 
spectral vector. Because each input window ends at the latest acquired 
frame, the output associated with this frame uses only the current 
spectrum and the preceding 31 spectra. The bidirectional LSTM operates 
within this available historical window and does not access future 
measurements for the latest-frame output.

3.2. Dataset construction and preprocessing

Separate FBG and SFBG datasets were constructed by collecting 
spectra and reference thermocouple readings during continuous heating 
from room temperature to the respective target temperature. Thermal- 
response matching was used to reduce dynamic temperature discrep
ancies, and timestamp alignment paired the two measurements. Each 
heating run provided calibration data across the temperature range 
without intermediate equilibration holds. Multiple independent runs 
were collected for model training, validation, and testing. The same 
CAB-LSTM architecture was trained and evaluated separately on the two 
datasets.

The FBG dataset contained 10 independent experiments. Each 
experiment lasted 15 min and was sampled at 10 Hz, resulting in a total 
of 90,000 spectral frames. The SFBG dataset also contained 10 inde
pendent experiments. Each experiment lasted 6 min and was sampled at 
10 Hz, resulting in a total of 36,000 spectral frames.

Each spectral frame contained 1000 sampling points. A sliding time 

window with a length of 32 was used to construct the input samples, and 
the temperature at the end of the window was used as the label. The 
dataset was divided into training, validation, and test sets according to 
the experimental runs, with a ratio of 7:2:1. Different subsets corre
sponded to different experimental runs, and no overlapping time win
dows were shared across subsets, so as to avoid temporal information 
leakage. All input spectra were normalized to the range of [0,1] using 
min-max normalization based on the statistics of the training set. In 
addition to the original ten runs per sensor, four new heating runs were 
acquired for each of the same sensors and used exclusively for additional 
testing. For each sensor, the model weights and preprocessing parame
ters determined from the original data were kept fixed. These new runs 
were not used for retraining, fine-tuning, model selection, or updating 
normalization parameters.

3.3. Training configuration

The model was implemented in PyTorch and trained on an NVIDIA 
GeForce RTX 3050 Ti GPU. The Adam optimizer was used, with an 
initial learning rate of 1 × 10− 3. The mean squared error (MSE) was used 
as the loss function. The input sequence length was set to 32, and the 
batch size was set to 32. To reduce overfitting, a dropout layer was 
added after the Bi-LSTM output, with a dropout rate of 0.2. The 
maximum number of training epochs was set to 500. During training, 
learning rate decay and early stopping were adopted. The CAB-LSTM 
model contains 53,248 trainable parameters, corresponding to approx
imately 0.21 MB for FP32 weights (approximately 0.20 MiB). Inference 
was benchmarked with batch size one on an NVIDIA GeForce RTX 3050 
Ti GPU. The 95th-percentile inference time for one 32-frame input 
window was 2.8 ms. Under the same acquisition conditions, the optical 
sweep required approximately 95 ms at the 95th percentile. The com
plete update cycle, measured from the start of the optical sweep to the 
completion of the corresponding temperature output, had a 95th- 
percentile duration of approximately 98 ms, corresponding to a nomi
nal update capacity of approximately 10.2 Hz.

During online operation, the input sequence was processed using a 
sliding-window streaming implementation. The system first collected 31 
frames to form the initial 32-frame window. At a 10 Hz acquisition rate, 
this initialization required approximately 3.1 s. After initialization, each 
newly acquired spectrum replaced the oldest frame in the buffer, and 
one temperature value was generated for the latest frame. Thus, the 
input window provides 3.2 s of historical spectral context, whereas the 

Fig. 4. Schematic diagram of the proposed CAB-LSTM network. (a) Overall architecture of the network, where the input is a time-series spectral sequence and the 
output is the temperature value. (b) Functional illustration of the three core modules, including peak-shape feature extraction by 1D-CNN, spectral weighting by the 
Attention module, and temporal modeling by Bi-LSTM.
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steady-state output rate is determined by the acquisition rate and pro
cessing time rather than by the window length.

4. Results and discussion

To evaluate the temperature demodulation performance of the pro
posed CAB-LSTM network, 1D-CNN, DNN, and LSTM were selected as 
comparison models. The evaluation metrics were the root mean square 
error (RMSE) and the coefficient of determination 

(
R2). In this study, 

RMSE represents the root mean square difference between the model 
prediction and the corresponding reference thermocouple reading. 
Because the same reference thermocouple measurements were used for 
the proposed method and the comparison methods, RMSE provides a 
consistent measure for relative method comparison. The reported RMSE 
represents prediction error relative to the reference thermocouple rather 
than an independently established absolute temperature uncertainty. 
Fig. 5 shows the regression results of different models on the FBG dataset 
over the range of 25–900 ◦C. The RMSE values of 1D-CNN, DNN, and 
LSTM were 2.74 ◦C, 3.45 ◦C, and 3.95 ◦C, respectively. The corre
sponding R2 values were 0.9981, 0.9970, and 0.9968, respectively. In 
comparison, the RMSE of CAB-LSTM was reduced to 0.89 ◦C, and the R2 

was increased to 0.9998. These results show that relying only on local 
spectral features, or only on temporal modeling, is not sufficient to 
achieve optimal demodulation performance. CAB-LSTM combines con
volutional feature extraction, spectral attention weighting, and bidi
rectional temporal modeling, and therefore can more fully represent the 
nonlinear mapping between the FBG spectrum and temperature. Fig. 6
shows the residual analysis results of the FBG over the range of 

25–900 ◦C. The mean residual over the full temperature range was 
− 0.0003 ◦C, and the standard deviation was 0.4976 ◦C. The 95% limits 
of agreement ranged from − 0.9755 ◦C to 0.9750 ◦C. At three repre
sentative temperature points, namely 25 ◦C, 400 ◦C, and 700 ◦C, the 
residual standard deviations were 0.413 ◦C, 0.617 ◦C, and 0.720 ◦C, 
respectively. These results show that the CAB-LSTM maintained an error 
distribution with nearly zero bias over the FBG operating temperature 
range, while the residual dispersion remained at a low level.

Fig. 7 shows the regression results of different models on the SFBG 
dataset over the range of 25–1600 ◦C. The RMSE values of 1D-CNN, 
DNN, and LSTM were 6.24 ◦C, 7.54 ◦C, and 7.90 ◦C, respectively. The 
corresponding R2 values were 0.9983, 0.9978, and 0.9975, respectively. 
The RMSE of CAB-LSTM was further reduced to 1.80 ◦C, and the R2 was 
improved to 0.9996. The SFBG RMSE of 1.80 ◦C was calculated as the 
root mean square difference between the CAB-LSTM predictions and the 
corresponding B-type thermocouple readings over the test dataset. It 
therefore represents prediction error relative to the reference thermo
couple rather than an independently established absolute temperature 
uncertainty at 1600 ◦C. Compared with FBG, SFBG faces a wider tem
perature range, stronger multimode interference, and more pronounced 
nonlinear spectral changes. Therefore, its demodulation is more diffi
cult. These results demonstrate that CAB-LSTM enables high-accuracy 
temperature demodulation from spectra acquired at a raw wavelength 
sampling interval of 20 pm. Fig. 8 shows the residual analysis results of 
the SFBG over the range of 25–1600 ◦C. The mean residual over the full 
temperature range was − 0.04 ◦C, and the standard deviation was 
0.98 ◦C. The 95% limits of agreement ranged from − 1.97 ◦C to 1.89 ◦C. 
At three representative temperature points, namely 25 ◦C, 800 ◦C, and 

Fig. 5. Comparison of temperature prediction performance for the FBG sensor over the range of 25–900 ◦C: (a) 1D-CNN; (b) DNN; (c) LSTM; (d) CAB-LSTM. The 
enlarged plots on the right show the prediction details in the high-temperature region.
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1600 ◦C, the residual standard deviations were 0.765 ◦C, 1.007 ◦C, and 
1.228 ◦C, respectively. These results show that the CAB-LSTM main
tained an error distribution with nearly zero bias over the SFBG oper
ating temperature range, while the residual dispersion remained at a low 
level.

For comparison, when the previously reported conventional peak- 
tracking method [30] was applied to the same SFBG test dataset under 
identical acquisition conditions, the demodulation error was approxi
mately 5–6 ◦C. In contrast, the proposed CAB-LSTM method reduced the 
error by approximately 65%, demonstrating stronger robustness against 

Fig. 6. Error distribution and residual analysis of the FBG sensor over the range of 25–900 ◦C: (a) Distribution of prediction residuals versus reference temperature 
over the full temperature range. The mean, standard deviation (SD), and 95% limits of agreement (95% LoA) are also given; (b) Residual histograms and Gaussian 
fitting results at three representative temperature points, namely 25 ◦C, 400 ◦C, and 700 ◦C.

Fig. 7. Comparison of temperature prediction performance for the SFBG sensor over the range of 25–1600 ◦C: (a) 1D-CNN; (b) DNN; (c) LSTM; (d) CAB-LSTM. The 
enlarged plots on the right show the prediction details in the extreme high-temperature region.
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multimode-induced spectral distortion and nonlinear spectral evolution 
at high temperatures.

The test results of both sensors show that the CAB-LSTM significantly 
outperformed the comparison models under wide temperature-range 
conditions. Its performance improvement comes from the combined 
effect of three complementary modules. The 1D-CNN is used for local 
peak-shape feature extraction and multimode interference suppression. 
The Attention module is used to enhance temperature-sensitive spectral 
features. The Bi-LSTM is used to model the temporal dependence caused 
by thermal inertia and to reduce dynamic lag errors. It should be 
emphasized that the performance improvement comes not only from the 
network architecture itself, but also from the physically consistent 
labeled dataset constructed by the geometric tuning and temporal 
alignment strategies described above. Together, these two aspects sup
port the high-accuracy temperature demodulation capability of the 
model under wide temperature ranges, strong nonlinearity, and high- 
noise conditions.

To further evaluate run-to-run robustness, four independent held-out 
heating runs were performed for each sensor using the fixed model 
weights and preprocessing parameters. No retraining, fine-tuning, 
model selection, or normalization update was performed using the 
held-out data. Each point in Fig. 9 represents the RMSE calculated from 

one independent heating run. The mean run-wise RMSE was 0.92 ◦C 
with a standard deviation of 0.05 ◦C for the FBG sensor and 1.84 ◦C with 
a standard deviation of 0.18 ◦C for the SFBG sensor. The dashed lines 
indicate the mean RMSE values, and the shaded regions indicate the 
mean ± standard deviation across the four independent runs.

5. Conclusion

In this work, a high-accuracy temperature demodulation method 
combining geometric tuning and a CAB-LSTM network is proposed to 
address nonlinear response, multimode interference, and label deviation 
caused by thermal inertia in FBG and SFBG temperature demodulation 
under high-temperature and extreme high-temperature conditions. 
Based on transient heat-transfer theory and finite element analysis, the 
package sizes matching the thermal responses of the reference thermo
couples were determined. The outer diameter of the ceramic package for 
the FBG was 2.3 mm, and the outer diameter of the sapphire package for 
the SFBG was 2.1 mm. The effectiveness of the thermal-response 
matching strategy was further verified by transient heating experi
ments at four representative temperature conditions, including the high- 
temperature endpoints of 900 ◦C for the FBG sensor and 1600 ◦C for the 
SFBG sensor. On this basis, a physically consistent spectrum- 

Fig. 8. Error distribution and residual analysis of the SFBG sensor over the range of 25–1600 ◦C: (a) Distribution of prediction residuals versus reference temperature 
over the full temperature range. The mean, standard deviation (SD), and 95% limits of agreement (95% LoA) are also given; (b) Residual histograms and Gaussian 
fitting results at three representative temperature points, namely 25 ◦C, 800 ◦C, and 1600 ◦C.

Fig. 9. Run-wise RMSE obtained from four independent held-out heating runs for the FBG and SFBG sensors. Each point represents one independent heating run. The 
dashed lines indicate the mean RMSE, and the shaded regions indicate the mean ± standard deviation across the four runs. The model weights and preprocessing 
parameters were fixed before these evaluations, and no retraining or fine-tuning was performed using the held-out data.
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temperature labeled dataset was constructed, and a CAB-LSTM 
demodulation model composed of 1D-CNN, Attention, and Bi-LSTM 
was established. Experimental results show that, on the FBG dataset 
over 25–900 ◦C, the model achieved an RMSE of 0.89 ◦C and an R2 of 
0.9998. On the SFBG dataset over 25–1600 ◦C, it achieved an RMSE of 
1.80 ◦C and an R2 of 0.9996. Residual analysis further shows that the 
standard deviation of the FBG remained within 0.72 ◦C at representative 
temperature points, while the standard deviations of the SFBG were 
1.007 ◦C and 1.228 ◦C at 800 ◦C and 1600 ◦C, respectively. Four addi
tional independent heating runs per sensor, evaluated without model 
retraining, yielded mean RMSEs of 0.92 ± 0.05 ◦C for FBG and 1.84 ±
0.18 ◦C for SFBG (mean ± SD across runs). These results show that the 
proposed method can effectively improve the accuracy and stability of 
fiber grating temperature demodulation over a wide temperature range.
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