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Directional Optical Fiber Torsion Sensor With the
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Abstract—A distributed optical fiber torsion sensor assisted by
an artificial neural network (ANN) is designed based on the sin-
gle stress-applying fiber (SSAF)-based Sagnac interferometer and
demonstrated experimentally. A theoretical model is established to
describe the piecewise torsion of the high birefringent fiber in the
Sagnac loop, and the ANN algorithm is employed to demodulate the
distributed torsion signals. The experimental results demonstrate
the ability to simultaneously measure the torsion position and
torsion angle when only one position along the fiber is subjected
to torsion. The average R2 and MAE of three predictions of the
single torsion position are 0.984 and 0.55 cm, and those of the
torsion angle are 0.998 and 1.98° for torsion angles from -120° to
+120°. When two positions along the fiber are subjected to torsion,
the R2 and MAE of the torsion angle are 0.96/11.31° and 0.99/2.17°
for torsion angles between -120° and +120°. The sensing system is
demonstrated to demodulate the torsion of the wrist joint and elbow
joint of the human arm. This promising strategy not only achieves
the highest torsion position resolution and shortest response time,
but also can be used to perform distributed torsion measurement
and torsion direction recognition at the same time in addition to
measuring the torsion at multiple positions, thereby showing great
potential in applications such as robotic arms.

Index Terms—Artificial neural network (ANN) algorithm,
distributed torsion sensor, sagnac interferometer.

I. INTRODUCTION

D ISTRIBUTED torsion sensing is used in various fields,
such as structural health monitoring, aerospace engineer-

ing, and medical applications, by providing the capability of
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monitoring the torsion angle at multiple positions along the
structure [1], [2]. Particularly within the field of robotic arms,
employed in areas like minimally invasive procedures and ma-
chining processes, accurate detection of distributed torsion is
crucial to enhance both the precision and dependability of these
advanced systems [3], [4], [5]. Because optical fibers have the
capabilities of information transmission and sensing, optical
fiber sensors can be used for torsion measurements at arbitrary
positions. In addition, there are advantages such as immunity
to electromagnetic interference, compact size, and exceptional
corrosion resistance [6], [7], [8], boding well for distributed
torsion measurements for robotic arms.

Although optical fiber torsion sensors for single-position
torsion measurements have been widely investigated [9], [10],
[11], there have been few reports about optical fiber distributed
torsion sensing. Researchers have primarily focused on quasi-
distributed torsion sensors, but torsion measurements can only
be conducted at some specific locations. For instance, R. Rama-
lingam et al. [12] have arranged the Fiber Bragg Grating (FBG)
on a parallel plate to measure the torsional stress of the plate
for the quasi-distributed torsional measurement within a torsion
angle range of 30°. V. Budinski et al. [13] have employed a series
of in-line fiber polarizers with integrated semi-mirrors to mod-
ulate the optical power transmission by altering the polarization
direction through torsion. The system consists of nine sensing
segments for the measurement of torsion angles in the range of 0°
- 90° with an angle resolution as low as 0.3°. However, in order
to achieve more precise posture perception, it is insufficient to
solely conduct torsion measurement at specific positions. Hence,
it is necessary to conduct torsion angle measurements at arbitrary
positions.

Researchers have recently used the backscattering technology
for this purpose. G. Yin et al. [14] have designed a distributed
torsion sensor using helical multi-core fibers and optical fre-
quency domain reflectometry (OFDR) on a 1.2 m long-spanning
fiber. This device shows a linear sensitivity at 1.9 pm/(rad/m)
and position-aware resolution is 9.4 mm. C. Chen et al. [15]
have proposed a distributed torsion sensor based on the spi-
ral fiber utilizing frequency scanning phase-sensitive optical
time-domain Reflectometry (ϕ-OTDR) to accomplish a mea-
surement resolution of 1 m for a 136 m long fiber. When the
device is used to measure torsion, each measurement requires
approximately l to 2 minutes. The backscattering technology is
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capable of measuring distributed torsion angles in a relatively
long range such as tens of kilometers. However, most such
applications involve robotic arm posture sensing and shape
reconstruction, consequently requiring high spatial resolution
and real-time operation. The resolution of distributed optical
fiber sensing based on backscattering is often constrained by
the type of fibers and signal processing methods, thus limiting
wider use. Moreover, the real-time performance of distributed
measurements based on backscattering technology needs to be
improved. In this respect, interferometer-based sensors may
overcome these challenges. The interferometer-based sensor
features a straightforward system architecture and signal pro-
cessing process to offer good real-time performance. In the
field of robotic arms, interferometric systems for distributed
measurements have recently gained more interest [16], [17].
In particular, Sagnac interferometer-based sensors provide the
advantages of stable signal transmission and anti-interference
[18], [19]. Therefore, a Sagnac interferometer-based sensing
system can improve the sensing properties of distributed torsion
sensors.

There has been significant advance pertaining to the applica-
tion of machine learning to distributed fiber sensing [20], [21],
[6]. P. Hernández et al. [22] have demonstrated that deep learning
models trained with real seismic data can effectively detect
earthquakes by using optical fiber distributed acoustic sensors
(DAS). L. Yang et al. [23] have proposed a fully connected neural
network with dense and residual connections to mitigate various
complex noises in real DAS data. C Karapanagiotis et al. [24]
have separated the temperature information from the response of
a distributed fiber optic humidity sensor using simple machine
learning to resolve the temperature cross crosstalk. These studies
demonstrate that machine learning plays an important role in
solving problems related to spectral information extraction,
spectral noise suppression, and multi-parameter identification
of distributed sensors [25]. In addition, machine learning can be
combined with interferometric sensing systems to not only real-
ize distributed measurements of torsion angles, but also improve
the position measurement resolution and real-time performance.

Here, we design and demonstrate experimentally a single
stress-applying fiber (SSAF)-based Sagnac interferometer as-
sisted by an artificial neural network (ANN) algorithm for dis-
tributed torsion measurements for the first time. When only one
position along the SSAF is subjected to torsion, both the torsion
position and torsion angle can be measured. The measurement
of torsion angles when multiple positions are under torsion is
validated on both the experimental platform and the human
arm. This promising technique not only achieves the highest
torsion position resolution (0.55 cm) and shortest response time
(0.008 s), but also can be used to conduct torsion angle measure-
ments at any position for torsion direction recognition as well
as simultaneous measurement of torsion at multiple positions.
Therefore, it has myriad potential applications in the field of
robotic arms.

II. SENSOR STRUCTURE AND PRINCIPLE

The distributed directional optical fiber torsion sensor consists
of a Sagnac interferometer in which a segment of SSAF is

Fig. 1. Experimental setup of the distributed directional fiber optic torsion
sensor.

Fig. 2. Diagram of the torsion schemes.

fixed or adjusted with a fixed fixture or moveable rotators. A
polarization controller (PC) is used to adjust the polarized state
of the transmission light, and a 3-dB coupler equally divides
the incident light beam into two beams, as shown in Fig. 1.
A broadband light source (BBS with a wavelength range of
480 nm - 2200 nm (model SC-5-FC, YSL) is connected to the
input of the 3 dB coupler through an isolator. The light E1 from
the BBS is injected into the Sagnac loop through the isolator and
3 dB coupler and then split equally into two light beams. One
beam passes through the Sagnac loop in the clockwise direction
and the other propagates along the anticlockwise direction.
When the two beams converge at the 3dB coupler, interference
occurs. The spectrum for the interference light E2 is acquired by
an optical spectrum analyzer (OSA, model MS9740A, Anritsu)
and transmitted to a PC for analysis.

Two experimental schemes are contrived to measure the single
position and multiple positions torsion, as shown in Fig. 2.
In Scheme 1, by aiming at identifying the torsion at a single
position, the SSAF is placed between one fixed fixture and one
rotator. In Scheme 2, in order to identify the torsion at multiple
positions, the SSAF is held by one fixed fixture and two rotators.
The rotators can be moved along the rail. In order to prevent
breaking at the splice points during the torsion process, both the
fixed fixture and rotators are placed on the segment of SSAF
away from two spice points.

When the torsion angle is changed by twisting the rotator at
different positions along the SSAF, different spectral responses
are produced due to the different torsion position and torsion
angle. Therefore, both the torsion angle and torsion position can
be demodulated in terms of the spectra responses. The torsion on
the SSAF induces changes in both the polarization direction and
cumulative phase difference of the transmitted polarized light,
which can be described by the Jones matrix. The alteration in
the polarization direction of the transmission polarized light can
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be expressed by the Jones matrix:

R (θ) =

(
cos θ sin θ
− sin θ cos θ

)
(1)

where θ is the torsion angle. The cumulative phase difference of
polarized light transmission in SSAF can be expressed by:

J (B,L) =

(
e−jπBL/λ 0

0 ejπBL/λ

)
(2)

where L is the length of fiber, B is the birefringence of SSAF,
and λ is the optical wavelength. When the rotator is moved
to different positions of the SSAF and torsion is applied by
twisting the rotator in the experiment, the sensing system can
be conceptualized as dividing the SSAF into multiple cascaded
sections. As shown in Scheme 1, it can be envisioned as three
cascaded SSAF sections: Section I spanning from fusion point
1 to a fixed fixture with a length of l1, Section II spanning
from the fixed fixture to a rotator with a length of l2, and
Section III from the rotator to fusion point 2 with a length of
l3. When the torsion angle at the rotator is altered, only Sec-
tion II experiences significant torsional stress, while Sections I
and III remain virtually untwisted due to the free state. Therefore,
the transmission matrices of the Sagnac loop in the clockwise
direction (CW) Mcw and counterclockwise direction (CCW)
Mccw can be expressed as:
⎧⎨
⎩
Mcw = R(θ2)J (B0, l3) J (B1, l2)R(Δθ)J (B0, l1)R (θ1)
Mccw = R (−θ1) J (B0, l1)R (−Δθ) J (B1, l2)

×J (B0, l3)R (−θ2)
(3)

where R(θ1), R(θ2), and R(Δθ) are the Jones matrixes of PC,
fusion points, and torsion, respectively, J (B0, l1), and J (B0, l3)
are the Jones matrixes of Sections I and III, respectively, and J
(B1, l2) is the Jones matrixe of Section II with a birefringence B1

that is composed of both the intrinsic birefringence and torsion-
induced birefringence.

As shown in Scheme 2, it can be conceptualized as four
cascaded sections of SSAF. When the torsion angles of both
rotators A and B are adjusted, Sections II and III undergo torsion,
while Sections I and IV experience negligible torsional effects
due to the free state. The transmission matrix for the clockwise
direction (Mcw) and counterclockwise direction (Mccw) in the
Sagnac loop can be expressed as:

⎧⎪⎪⎨
⎪⎪⎩

Mcw = R (θ2) J (B0, l4) J (B3, l3)R (Δθ2)
J (B2, l2)R (Δθ1) J (B0, l1)R (θ1)

Mccw = R (−θ1) J (B0, l1)R (−Δθ1) J (B2, l2)
R (−Δθ2) J (B3, l3) J (B0, l4)R (−θ2)

(4)

where R(θ1) and R(θ2) are the Jones matrices of PC and fusion
points, respectively, R(Δθ1) and R(Δθ2) are the Jones matrices
of the torsion on Sections II and III, J (B0, l1), and J (B0,
l4) are the Jones matrices of Sections I and IV, J (B1, l2)
and J (B2, l3) are Jones matrices of Sections II and III, and
B2 and B3 are the birefringence under torsion for Sections II
and III, respectively. According to the transmission matrices in
the Sagnac loop analyzed above, the transmitted light field E2

Fig. 3. (a) Simulated spectra for different torsion angles and (b) dip wave-
lengths for different torsion angles in the two states.

can be expressed as:

E2 = (Mcw −Mccw)E1/2. (5)

Therefore, transmission can be expressed as:

T = (Mcw −Mccw)
2/4. (6)

Based on the aforementioned theory, the transmission spectra
of different torsion angles at different torsion positions are
calculated based on Scheme 1. θ1 and θ2 are 30°, the inherent
birefringence B0 of SSAF is 2.5×10-4, l1 is 1 cm, andΔθ ranges
from 10° to 50° in increments of 10°. The movement of the
torsion position causes simultaneous changes in l2 and l3. To
simulate this process, two states are defined in the analysis. In
state 1, l2 and l3 are 10 cm and 44 cm, respectively and in state
2, l2 and l3 are 20 cm and 34 cm, respectively. Compared to state
1, state 2 corresponds to a 10 cm shift of the rotator along the
direction away from the fixed fixture.

The spectra of the two states are calculated. Fig. 3 depicts
transmission spectra and dip wavelengths as the torsion angles
are changed from 30° to 50° for both states. Fig. 3(b) shows
that the dip in the transmission spectra shifts toward shorter
wavelengths with increasing torsion angles in both states 1 and
2. The torsion angle sensitivity is -0.09 nm/° and -0.31 nm/°
of state 1 and state 2, respectively. Therefore, the sensitivity of
the torsion angle is different when the twisting is performed
at different positions. In theory, the torsion position can be
demodulated by the difference in the torsion sensitivity.



5746 JOURNAL OF LIGHTWAVE TECHNOLOGY, VOL. 42, NO. 16, AUGUST 15, 2024

Fig. 4. (a) Experimental spectra for different torsion angles and (b) dip
wavelength changes with torsion angles at different torsion positions.

Experiments are performed to verify the distributed torsion
sensing performance of the system. Considering the use dis-
tributed torsion sensing by robotic arms, the length of the SSAF
is 55 cm. The fixed fixture is positioned on the SSAF 2 cm from
the fusion point 1. The rotator is adjusted from 18 cm to 21 cm
away from the fixed fixture by steps with increments of 1 cm, thus
producing four positions. At each position, the spectra of torsion
angles from -120° to 120° are acquired by steps of 10°. The
torsion angle in the clockwise direction is positive but negative
in the counterclockwise direction. The experimental spectra for
different torsion angles at a single torsion position at a distance
of 21 cm away from the fixed fixture are shown in Fig. 4(a). The
dip at an initial wavelength of 1546 nm is selected for tracking,
and the variations of the dip wavelengths with torsion angles
for different torsion positions are presented in Fig. 4(b). The dip
wavelengths shift toward shorter wavelengths when the torsion
direction is clockwise but to longer wavelengths when the torsion
direction is counterclockwise. Therefore, the sensor can discern
the torsion direction. The sensitivity of the torsion response at
the four positions are analyzed. Fig. 4(b) shows the variations
of the dip wavelengths with torsion angles at different torsion
positions. Linear fitting reveals that R2 is 0.967 because of the
nonlinear torsion characteristic [26], indicating that linear fitting
is not accurate enough. There is a small difference in the torsion
sensitivity for different torsion positions, and the maximum
torsion sensitivity difference at the four torsion positions is only
0.018 nm/°. Considering these two factors, large errors may be

generated by the dip tracking method to demodulate the torsion
position and torsion angle simultaneously.

III. DISTRIBUTED TORSION ANGLE DEMODULATED BY ANN

A. ANN Algorithm

The artificial neural network (ANN) algorithm is a compu-
tational model that emulates the functions of the nervous sys-
tem, enabling it to perform various intricate learning processes
[6]. Here, the ANN algorithm is employed to demodulate the
torsion position and angle simultaneously. Fig. 5 overviews the
demodulation process utilizing the ANN algorithm. This process
includes three main steps: data acquisition and pre-processing,
ANN model training and testing, as well as prediction and
evaluation.

The first step involves data acquisition and pre-processing
of the spectral response, as shown by the red dotted line box
in Fig. 5. Initially, dataset 1 and dataset 2 are established for
Scheme 1 and Scheme2, respectively. Dataset 1 is set up by
capturing the spectral responses of torsion at twenty positions.
The position of the rotator is adjusted from 2 cm to 21 cm away
from the fixed fixture by a step of 1 cm. At each position, the
spectra of torsion angles are acquired from -120° to 120° in steps
of 5°. Each spectrum serves as a sample in dataset 1, resulting in
a total of 980 samples. On the other hand, dataset 2 is constructed
by acquiring the spectral responses of torsion at two positions.
The distances between fusion point 1 and the fixed fixture are
20 cm, and the same distance of 8 cm is selected between the
fixed fixture and rotator A as well as rotator A and rotator B.
Rotator A undergoes torsion from -120° to 120° at a 10° interval,
while at each angle for rotator A, rotator B also twists from -120°
to 120° at a 10° interval. The corresponding spectra are recorded
for each combination of torsion angles between rotator A and
rotator B, producing a total of 625 samples in dataset 2. Each
spectrum consists of 2001 output power values spanning the
wavelength range from 1350 nm to 1750 nm with a resolution
of 0.2 nm. These power values serve as features for each sample
in both datasets. There are two labels in each dataset. In dataset
1, the labels assigned to each sample correspond to the respective
torsion position and angle. In dataset 2, the labels assigned
represent the corresponding torsion angles for both rotator A
and rotator B. Dataset 1 corresponds to Scheme 1 shown in
Fig. 2, while dataset 2 corresponds to Scheme 2. To enhance
the generalization ability in each scheme, linear normalization is
applied to both feature sets and label sets. Finally, the normalized
dataset is divided into two subsets, in which 75% of the data are
selected randomly to be the training set and the remaining 25%
form the testing dataset.

The second step involves the training and testing of the ANN
model as shown by the blue dotted box in Fig. 5. The samples
from the training dataset are utilized to train the ANN model
using the ANN algorithm. Generally, the ANN model comprises
the input layer, hidden layer, and output layer. In this case, since
each sample contains 2001 data points and both schemes have
two labels, there are 2001 nodes in the input layer and 2 nodes
in the output layer. The number of hidden layer nodes and layers
is artificially determined and will be discussed later. During



CAO et al.: ANN-ASSISTED DISTRIBUTED DIRECTIONAL OPTICAL FIBER TORSION SENSOR WITH THE SSAF 5747

Fig. 5. Schematic diagram of the demodulated process for the distributed torsion measurement.

network training, various activation functions and weight values
are applied to process the data.

In the experiment, Relu serves as the activation function. In
the training process, the normalized mean square error (MSE)
between the predicted values and actual values represents the
loss function to evaluate the model parameters, as it captures
the discrepancy the between predicted and actual values more
effectively. MSE is defined in the following [27]:

MSE =
1

n

n∑
i=1

(yi − ŷi)
2, (7)

where yi is the average actual value, ŷi is the predicted value
of the ANN algorithm, and n is the number of samples. In
predicting the two labels, the overall mean square error (MSE)
is determined by averaging the MSE values for both labels. The
model parameters (weight and bias associated with each node)
are optimized by the back-propagation (BP) algorithm during
multiple epochs of training to achieve minimum MSE. This
minimum MSE demonstrates that the model delivers superior
prediction performance for this specific parameter combination,
thereby confirming successful training.

The model hyperparameters, including the number of hidden
layers, nodes in each hidden layer, learning rates, and epochs,
are optimized. The evaluation standard is set as the minimum
MSE achieved during the training process. Fig. 6 illustrates the
minimum MSE of ANN model for different hyper-parameter
settings. Fig. 6(a) shows the training minimum value of MSE
when there are 1, 2, 3, and 4 hidden layers for a learning rate
of 0.00001 and epochs of 3000. Additionally, for each fixed
number of hidden layers mentioned above, the number of nodes
in each hidden layer varies as follows: 100, 300, 500, 700, and
900. It can be observed that increasing from one to two hidden
layers decreases the minimum value of MSE, but further increase
in the number of hidden layers does not significantly reduce in
minimum MSE anymore. Hence, it is determined that two hidden
layers yield the optimal characteristics. Furthermore, when the
number of hidden layers is fixed, the minimum MSE value
decreases gradually with the number of hidden layer nodes. The
decreasing rate of MSE slows when the number of hidden layer
nodes is greater than 500. However, more nodes lead to a longer

Fig. 6. Minimum value of MSE of ANN model for different numbers of hidden
layers and nodes in the hidden layer(a) and MSE of different learning rates and
epochs(b).

training time and therefore, the number of nodes per layer is
selected to be 500.

Fig. 6(b) shows the change of MSE with different learning
rates of 0.01, 0.001, 0.0001, and 0.00001 for two hidden layers
in which each layer contains 500 nodes. The model is trained
for a total of 3000 epochs. The MSE decreases gradually as
the number of epochs increases until it reaches the minimum.
A higher learning rate facilitates faster decent toward the min-
imum MSE, thereby reducing the required number of training
epochs. However, a bigger learning rate also results in stronger
oscillations of MSE during the training process. Notably, when
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the learning rate is 0.00001, the MSE remains relatively stable
throughout the training iterations and hence, this value is chosen
as the optimal learning rate. Since it takes 3000 training epochs
to reach the minimum MSE, the number of epochs to be trained
is 3000. It is evident that the conditions of 2 hidden layers,
500 nodes in each hidden layer, learning rate of 0.00001, and
3000 epochs exhibit the best training effect. Consequently, this
hyperparameter combination is selected for the trained optimal
ANN model to predict the outcome.

The third step is to predict and evaluate the torsion position
and torsion angle, as shown by the yellow dotted line box in
Fig. 5. The R2 coefficient and the mean absolute error (MAE)
are used to evaluate the accuracy of the predicted values versus
actual values. Specifically, R2 as an indicator of the prediction
accuracy for our model is defined as follows:

R2 = 1−
∑

i (yi − ŷi)
2

∑
i (yi − ȳ)2

, (8)

where y is the average of the actual values. The closer R2

approaches 1, the more accurate the ANN model is. To represent
the prediction error more intuitively, the mean absolute error
(MAE) is also introduced as expressed below:

MAE =
1

n

n∑
i=1

|ŷi − yi| (9)

B. Single Position Torsion Demodulation

Dataset 1 is employed to train and test the ANN model
to predict the torsion position and torsion angle of the single
position torsion. To assess the generalization ability of the ANN
model, dataset 1 is split randomly into a training dataset and
testing dataset three times, and the resulting training and testing
datasets are used to train and test the ANN model, respectively.
The corresponding predicted results are denoted as Random0,
Random1, and Random2. Fig. 7(a) and (b) present the scatter
plots illustrating the predicted values of the torsion position
and torsion angle versus the true values. Ideally, these data
points should align perfectly along the y = x curve (indicated
by the solid line) in both figures. R2 and MAE for the torsion
position are 0.984/0.56 cm, 0.985/0.53 cm, and 0.984/0.55 cm
and those for the torsion angle are 0.9987/1.79°, 0.9979/1.98°,
and 0.9973/2.17° for the three random splitting method of
dataset 1, respectively. For the prediction results of the three
times splitting dataset, the average R2 and MAE of the torsion
position prediction is 0.984/0.55 cm and that of the torsion
angle prediction is 0.998/1.98°. Therefore, the ANN model
can accurately predict the torsion position and torsion angle of
single position torsion. Additionally, the maximum difference
of the predicted MAE of the torsion position is 0.03 cm, and
the maximum difference of the predicted MAE of the torsion
angle is 0.38°, which demonstrate that the ANN model has good
generalization ability.

The effects of the position sampling interval on the prediction
accuracy are investigated. By increasing the position sampling
intervals to 2 cm and 3 cm, two new datasets are constructed
by recording the spectral responses in the torsion angle range

Fig. 7. Predicted torsion positions with respect to the true torsion positions
(a) and predicted torsion angles with respect to the true torsion angle (b).

from -120° to 120° at an interval of 5° for each torsion position.
Therefore, the datasets with the position sampling intervals of
1 cm, 2 cm, and 3 cm contain 980, 490, and 343 samples, re-
spectively. These datasets are utilized to train the ANN models to
predict both the torsion position and torsion angle. The predicted
results are summarized in Table I which shows that the variation
in the position sampling interval has minimal impact on the
prediction accuracy of the torsion position and angle. Specifi-
cally, when the position sampling intervals are 1 cm, 2 cm, and
3 cm, the maximum difference in MAE for the torsion position
predictions is only 0.09 cm. Similarly, concerning the torsion
angle prediction, the maximum difference in MAE is merely
0.21°. Therefore, it is possible to increase the position sampling
interval without compromising the prediction accuracy, thereby
reducing the workload required for the dataset establishment.

The impact of the angle sampling interval on the prediction
accuracy is analyzed. Two new datasets are constructed with a
position sampling interval of 1 cm and angle sampling intervals
of 10° and 20°, respectively. The torsion angle measurement
range is kept between -120° and 120°. Therefore, the datasets
for angle sampling intervals of 5°, 10°, and 20° contain 980, 500,
and 260 samples, respectively. These datasets are then utilized
to train ANN models to predict the torsion position and torsion
angle as shown in Table II. According to Table II, the prediction
accuracy of the torsion angle decreases gradually with increasing
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TABLE I
PREDICTED RESULTS FOR DIFFERENT SAMPLING INTERVALS OF TORSION POSITIONS

TABLE II
PREDICTED RESULTS FOR DIFFERENT SAMPLING INTERVALS OF TORSION ANGLES

angle sampling intervals, but the increase in the angle sampling
interval has only a small effect on the prediction accuracy of
the torsion position. Therefore, a decrease of the angle sampling
interval in the dataset can improve the torsion angle prediction
resolution of the ANN models.

The subsequent investigation focuses on the prediction ac-
curacy of the different measurement regions on the SSAF. The
position near the fixed fixture is referred to as the near end, while
the position far away the fixed fixture is labeled as the distal end.
To ensure comprehensive training of the ANN model, the dataset
is created by packaging the spectral data of 15 torsion positions
with a position sampling interval of 1 cm. For comparison, six
datasets are constructed using spectral data from positions 1 to
15, 2 to 16, 3 to 17, 4 to 18, 5 to 19, and 6 to 20, respectively.
The near-distal characteristic of each dataset is denoted as d.
Correspondingly, the values for d for these six datasets are
1, 2, 3, 4, 5 and 6, respectively. The smaller the value of d,
the closer it is to the fixed fixture. Fig. 8 shows the predicted
results of the torsion position and torsion angle for different ds.
With increasing d, the MAE of the torsion position prediction
decreases gradually with R2 being above 0.967, proving that the
prediction accuracy increases gradually. However, the maximum
difference between the predicted MAE of different datasets is
0.215 cm, which accounts for 1.08% of the whole measurement
range (20 cm). In addition, with increasing d, R2 and MAE of the
torsion angle prediction show small fluctuations. The maximum
difference between the predicted MAE of different datasets is
0.939°and R2 is above 0.984, thus accounting for 0.39% of the
entire measurement range (240°). This implies only a slight
change in the prediction accuracy of the torsion position and
torsion angle at the near and distal ends.

Finally, the impact of SSAF length on the distributed torsion
prediction accuracy is investigated using the ANN model with
a 65 cm long SSAF inserted into the Sagnac interferometer.
Fig. 9(a) displays the spectra of the sensor with the 65 cm long
SSAF and 55 cm long SSAF. The FSR values for the 55 cm

Fig. 8. Variations of the predicted (a) torsion positions and (b) torsion angle
for different d.

and 65 cm long SSAF are measured to be 18.9 nm and 15.3 nm,
respectively. The dataset is constructed by applying torsion to the
65 cm long SSAF in the same manner as the 55 cm long SSAF
for a position sampling interval of 1 cm and angle sampling
interval of 10°. Based on this dataset, the ANN model is trained
for the prediction of the distributed torsion and Fig. 9 presents
the predicted results revealing that R2 and MAE of the torsion
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Fig. 9. Predicted torsion positions with respect to the true torsion positions
(a) and predicted torsion angles with respect to the true torsion angle (b) for the
50 cm SSAF and 65 cm SSAF, respectively.

position prediction for the sensor with the 65 cm long SSAF are
0.952 and 0.928 cm, while R2 and MAE of the torsion angle
predicted results are 0.993 and 3.34°, respectively. Compared
with the predicted results of the 55 cm long SSAF, the prediction
accuracy based on the dataset of the sensor with the 65 cm long
SSAF decreases slightly for both torsion position and torsion
angle. This can be attributed to the longer fiber lengths resulting
in smaller FSR which may lead to spectral overlap in the spectral
shift consequently reducing the prediction accuracy.

C. Verification Experiment of Universality

To validate the widespread applicability of our method, the
experiment is carried on the Panda polarization maintaining
fiber-based Sagnac interferometer. A 50 cm length of Panda
polarization maintaining fiber is inserted into the Sagnac loop.
For the experimental dataset, the spectral responses to torsion
at thirty-six different positions are recorded by moving the
rotator in 1 cm increments. At each position, the spectra of
torsion angles from 0° to 180° are acquired by steps of 30°.
Each captured spectrum is included as an individual sample in
the dataset, amassing a total of 259 samples. The predictive
performance of ANN algorithm based on the Panda polarization
maintaining fiber dataset is illustrated in Fig. 10. The R2 and
MAE for the torsion position are 0.967 and 1.46 cm, and those
for the torsion angle are 0.994 and 3.2°, respectively. Although
the prediction accuracy of Panda polarization maintaining

Fig. 10. Predicted torsion positions with respect to the true torsion positions
(a) and predicted torsion angles with respect to the true torsion angle (b) for the
panda polarization maintaining fiber, respectively.

fiber-based interferometer is slightly less than that of SSAF-
based interferometer, it is still considered to be at a relatively
high level. Moreover, the predicted accuracy can be improved
by reducing the angle sampling interval and optimizing the
hyperparameters of ANN model. Therefore, the ANN algorithm
is proven to be adaptable to predict torsion angles and torsion
position of various types of high birefringence fibers-based
interferometer.

D. Multi-Position Torsion Demodulation

The ANN model is trained and tested based on dataset 2 to
predict the torsion angles at multiple positions simultaneously
as shown in Fig. 11. The scatter plot illustrates the alignment of
the predicted values with the true values for the torsion angles
at position A and position B, showing a close alignment with
the y = x curve. The prediction performance for torsion angles
at position A is reflected R2 of 0.96 and MAE of 11.31°, while
for torsion angles at position B, R2 of 0.99 and MAE of 2.17°
are observed. The results provide evidence that the ANN model
can achieve torsion angle demodulation at multiple positions.

To demonstrate the practicality of the sensing system, the
torsion angles of the wrist and elbow joint are simultaneously
measured by placing the SSAF on the human arm. As shown
in Fig. 12(a), the SSAF is securely affixed to the arm by tape at
position A near the elbow joint and position B near the wrist joint
with one end of the two rods fixed at the elbow joint and wrist
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TABLE III
COMPARISON OF DISTRIBUTED TORSION SENSORS

Fig. 11. Predicted torsion angles with respect to the true torsion angles at
multiple positions.

joint, respectively, while the other end of the two rods points to
an angle plate adhered on the wall in order to determine torsion
angles of positions A and B, respectively. The wrist joint is
twisted from 0° to 40° at 10° intervals. Meanwhile, for each
torsion angle of the wrist joint, the elbow joint is also twisted
from 0° to 40° at a 10° interval. The dataset is constructed by
collecting the spectral responses for all combination of the two
torsion angles of the wrist and elbow joints. In order to increase
the sample size of the dataset, the spectrum corresponding to
each twist angle combination is recorded five times and a total
of 125 samples are collected for the dataset. Similarly, we
randomly allocate 75% (93 samples) as the training dataset and
the remaining 25% (32 samples) as the testing dataset. The ANN
model has two hidden layers and each hidden layer consists of
500 nodes. The learning rate is to 0.00001. Owing to the limited
number of samples available in this particular dataset compared
to previous datasets in our experiments, the epochs are set to be
1000. The prediction results are shown in Fig. 12(b).

The scatter plot in Fig. 12(b) shows the predicted values versus
true values of the torsion angle at position A and position B. Each
scatter dot is in line with the y= x curve, with R2 value and MAE
for the torsion angles at position A being 0.88 and 3.77° and
position B being 0.9 and 3.3°, respectively. The results show
that the sensor can indeed be used to measure the distributed
torsion of the human arm. However, limited by the experimental
condition, the sampling interval of the torsion angle is 10°. In
future applications, higher prediction accuracy can be achieved

Fig. 12. (a) Schematic and (b) predicted results of the test of the sensing
system.

by reducing the angle sampling interval making this strategy
more suitable for robotic arms.

To illustrate the advantages of the system, we compare with
other distributed torsion sensing systems in terms of the res-
olution, distribution type, and directionality, whether multiple
points can be measured at the same time, and the required time.
The results are listed in Table III. This ANN algorithm-assisted
SSAF-based Sagnac interferometer shows a high torsion posi-
tion resolution (0.55 cm) in the distributed torsion measurement.
Although the torsion angle resolution is not the highest, it
can be improved by reducing the angle sampling interval. In
addition, compared to other distributed torsion measurement
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methods such as backscattering, this method shows the shortest
response time (0.008 s) thus facilitating real-time monitoring.
More importantly, this method can be used for distributed tor-
sion measurement and torsion direction recognition at the same
time in addition to simultaneous measurement of the torsion
at multiple positions. It thus has great application prospects in
various fields such as robotic arms.

IV. CONCLUSION

The ANN assisted distributed optical fiber torsion sensor is
designed based on the SSAF-based Sagnac interferometer and
demonstrated experimentally. Simultaneous measurement of the
torsion position and torsion angle can be achieved when only
one position along the fiber is subjected to torsion. The average
R2 and MAE values of three predictions of the single torsion
position are 0.984/0.55 cm and those for the torsion angle are
0.998/1.98°. The effects of the position sampling interval and
angle sampling interval on the prediction accuracy of the torsion
position and torsion angle are discussed. Experimental results
demonstrate that the variation of the position sampling interval
has minimal impact on the prediction accuracy of the torsion
position and torsion angle. The variation of the angle sampling
interval has a small effect on the prediction accuracy of the
torsion position, and the prediction accuracy of the torsion angle
decreases gradually with larger angle sampling intervals. When
torsion is applied to the near and distal ends of the sensor, the
prediction accuracy at the near end and distal end show only
small changes. When two positions along the fiber are subjected
to torsion, the R2 and MAE values for the predicted torsion
position and angle are 0.96/11.31° and 0.99/2.17°, respectively.
Furthermore, the system can be deployed on the human arm to
achieve simultaneous prediction of the torsion angle of the wrist
joint and elbow joint. The system can measure the distributed
torsion measurement and recognize the torsion direction at the
same time, besides the simultaneous measurement of torsion at
multiple positions. It thus has great potential in many applica-
tions such as robotic arms.
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