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Abstract

Multimode optical fibers (MMFs) can be used as sensors due to their high sensitivity to
chemical and physical perturbations, such as temperature and bending. It has been shown
that, by training convolutional neural networks (CNNs) with the speckle patterns captured
at the output of the sensing fiber, higher prediction accuracy for individual perturbations
can be achieved compared to conventional methods as image correlation. In this work,
a two-task CNN trained on experimental data is proposed to predict temperature and
bending simultaneously. Data acquisition is automated via a MATLAB script controlling a
contact heater for temperature and a linear displacement motor for inducing fiber bending
through the displacement of one of its ends. Temperature varies from ~25 °C to 200 °C
twice per linear translation stage across 5 fixed bending values or curvatures, produc-
ing 19,866 specklegram images acquired at the fiber output. For this work we adapted
MobileNet CNN because of its lightweight architecture. The last dense layer has been
modified to produce two outputs from a single specklegram: a continuous regression for
temperature and a classification with five classes for bending, enabling the simultaneous
sensing of both measurands through a single physical sensing mechanism, in contrast
to conventional approaches that require multiple physical sensing methods or sensing
elements. For evaluating the performance of the model, we calculate the coefficient of
determination R? for linear temperature regression and classification accuracy for bending.
The model achieves an R? of 0.9884 for temperature and an accuracy of 100% across the
five bending classes. We found that most of the temperature error of the simultaneous
model is a systematic offset that depends on the bending condition; excluding this offset,
the estimated temperature resolution is about 4.4 °C, while bending is resolved down to the
minimum spacing between classes (0.57 m~!). These results show that the trained model
can simultaneously estimate temperature (R? = 0.988) and classify the bending of a fiber
sensor without errors from a single specklegram.

Keywords: fiber specklegram sensor; MobileNet architecture; temperature and bending

1. Introduction

Multimode optical fibers (MMFs) have been widely studied for sensing applications
due to their sensitivity to external physical and chemical perturbations. Changes in param-
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eters such as temperature [1,2], bending [3-5] or pressure [6] can modify the propagation
conditions of the modes inside the fiber, resulting in changes in the intensity distribution
observed at the fiber output [7,8]. The resulting interference pattern, commonly referred to
as a speckle pattern or specklegram, contains information about the state of the fiber and
can therefore be used as the sensing response.

Beyond their potential for laboratory-based measurements, fiber-optic sensors have
demonstrated significant utility in practical applications where continuous, compact, and
minimally intrusive sensing is required. In structural health monitoring, fiber-optic sensing
technologies have been investigated for infrastructure such as bridges, pipelines, transporta-
tion systems, and other safety-critical structures, enabling the measurement of parameters
such as strain and temperature and supporting tasks including damage detection, local-
ization, and condition assessment [9]. Their immunity to electromagnetic interference,
durability in harsh environments, and multiplexing capabilities further support their use in
complex monitoring scenarios [9]. Similarly, in soft robotics, fiber-optic shape sensing has
been used to obtain high-resolution information about the deformation and configuration
of soft actuators, including their shape, twisting, and tip position, while also enabling
the detection of contact and environmental features [10]. These applications illustrate the
potential of fiber-optic sensing as a versatile platform for monitoring multiple physical con-
ditions in systems where conventional electrical sensors or multiple sensing components
may be difficult to integrate.

Several approaches have been proposed to extract information from fiber speckle
patterns for the detection of physical perturbations [2,11]. Image-based methods combined
with machine learning have demonstrated the ability to identify changes in the speckle
pattern associated with specific perturbations [6,12,13]. Convolutional neural networks
(CNNs) are particularly suitable for this task because they can automatically extract spatial
features from images without requiring manual feature extraction [14,15]. Previous studies
have shown that CNN-based models can achieve high prediction accuracy when trained
to detect individual perturbations, such as temperature or bending, from speckle patterns
acquired at the output of a multimode fiber [16]. However, when multiple perturbations are
simultaneously applied to the fiber, the resulting speckle pattern is affected by the combined
response of these parameters [17]. This introduces an additional challenge because the
model must distinguish the contribution of each perturbation from a single optical response.
Therefore, a model capable of learning the relationship between the speckle pattern and
multiple physical parameters could provide a more suitable approach for simultaneous
multiparameter sensing.

Multi-task learning provides a framework for addressing this problem by allowing a
single neural network to perform multiple related tasks using a shared feature representa-
tion. In the context of fiber speckle sensing, as the specklegram serves as a multidimensional
representation of the fiber’s response, a multi-task CNN can extract common features from
it while using separate output layers to estimate different physical parameters [4]. Such
architecture avoids the need to develop a sensing method with a dedicated sensing element,
measurement principle, or sensing configuration for each perturbation [17,18]. This ap-
proach can be used, for example, to perform continuous regression for temperature while
simultaneously classifying discrete bending conditions

In addition to the sensing architecture, the practical implementation of the measure-
ment system is an important consideration for generating the data required to train these
models. Automated data acquisition can provide a controlled and repeatable procedure for
applying temperature and bending perturbations while simultaneously recording the corre-
sponding specklegrams [19]. This enables the generation of large datasets containing the op-
tical response of the multimode fiber under different combinations of physical conditions.
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In this work, a multi-task convolutional neural network trained with experimental
specklegram data is proposed for the simultaneous detection of temperature over an
extended range and several bending conditions in a multimode optical fiber. The data
acquisition process is automated using MATLAB R2022a, which controls a heating block in
contact with the fiber for temperature variation [19] and the linear translation stage motor
for bending is controlled by the Thorlabs software Kinesis V1.14.59. Temperature is varied
from 25~27 °C to 200 °C for five fixed bending conditions, generating 19,866 specklegram
images at the output of the fiber. MobileNet architecture is adapted for this application
due to its lightweight design, with the final layers modified to provide two outputs from a
single specklegram: a continuous regression for temperature and a five-class classification
for bending. The performance of the proposed approach is evaluated using numerical
metrics as the Root Mean Squared Error (RMSE) and the coefficient of determination (R?)
for temperature estimation and classification accuracy for bending. The results demonstrate
the capability of the proposed model to simultaneously estimate temperature and classify
bending conditions from a single specklegram.

2. Methods
2.1. Experimental Data Acquisition

A sensing system was implemented to capture images of the speckle patterns when
the optical fiber is perturbed. The experimental setup includes a light source (HeNe laser),
a multimode optical fiber, a temperature and displacement control system, and a CMOS
camera. Figure 1 shows the experimental setup.

Temperature- Obijective
Laser Lens  controlled : Camera

Heating Block Lens

Linear Translation Stage

Figure 1. Schematic representation of the experimental setup. The red lines represent the laser light,
the dark blue line represents the unbent fiber, and the light blue line represents the bent fiber. The
purple arrows indicate the displacement of the translation stage and the resulting fiber bending.

The experimental setup comprises the following main components, which were se-
lected to enable controlled application of the temperature and bending perturbations and
the corresponding acquisition of the fiber specklegrams:

Multimode optical fiber with a 25 pm core diameter and 62.5 um cladding diameter.
Arduino Mega 2560 for temperature control.

RAMPS 1.4 board for power control.

NTC 100 kO thermistor as the temperature sensor.

12V, 40 W heating tube.

20X Olimpus microscope objective.

Thorlabs USB 3.0 camera.

5 mm focal-length convex lens.

633 nm wavelength laser.

Motorized translation stage with a Z925B servo motor and Thorlabs controller.
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The fiber curvature can be calculated based on the horizontal displacement of one of
the fiber ends using the formula shown in Equation (1).

1 1
c=== , 1
R & 1)
Ly

where L is the length of the fiber curved zone (between the heating block and the fiber
holder before the objective lens) with Ly = 30 cm, and d is the horizontal displacement of
one of the fiber ends. This allows us to have an approximate radius of the fiber’s curvature
based on the horizontal displacement [19].

2.1.1. Image Acquisition System

To register the changes in the specklegram pattern, images were captured with a CMOS
camera, which is located at the end of the optical fiber. They were acquired automatically
using a control system that synchronizes the image capture with the perturbations applied
to the fiber. This allows us to get images with consequent values of temperature and
curvature. The camera was programmed to take an image whenever a change of 0.175 °C
occurs. These images are acquired after some stabilization time to guarantee that the fiber
is in thermal equilibrium with the heating block.

2.1.2. Fiber Perturbations

To obtain the experimental data, the fiber was submitted to controlled perturbations
of temperature and curvature. The multimode fiber was in contact with a temperature-
controlled heating system consisting of a heating metal block, an electrical resistance, and
a temperature sensor embedded in it. This way, the temperature could be measured in
real time by a controller developed in Arduino integrated with MATLAB. The system is
programmed to change the temperature with a resolution of 0.175 °C, waiting to assure
temperature stabilization, and then going for the next step, changing temperatures from
25~27 °C to 200 °C up and down twice; this sequence was defined as one epoch.

For generating curvature perturbations, we used a linear translation stage with a
servomotor and a Thorlabs controller giving a displacement resolution of 0.001 mm. For
every temperature epoch, we moved the translation stage to four positions in 5 mm
increments, i.e., from 0 mm to 20 mm, resulting in 5 curvature variations.

2.1.3. Dataset Building

In the MATLAB code, the images were named as shown in Figure 2, where every
image is associated with its corresponding curvature and temperature value.

FSS2_X_EpoX_StepXXXX_DispXXmm_XXX.XXC.tiff

[ xR

Linear translation = Temperature
Decrease/Increase

Epoch

Image Number

Figure 2. Image file naming convention.

When the temperature is rising or descending, this is labeled as Increase or Decrease;
as the temperature goes from ~26 °C to 200 °C up and down twice, each cycle is an
epoch, which is specified in the Epoch parameter (1 or 2). Every time the camera takes
a photo, a number is assigned, this number is in the image file name next to Step. The
linear translation is the distance of translation (0, 5, 10, 15 and 20). In this work, the
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labels used for the bending condition correspond to these displacement values rather
than directly to curvature or radius of curvature. However, based on the geometry of the
experimental setup, these displacement conditions can be expressed in terms of equivalent
radii of curvature of oo, 47.43, 33.54, 27.38 and 23.71 cm (curvatures of 0, 2.11, 2.98, 3.65 and
4.22 m~1) for displacements of 0, 5, 10, 15 and 20 mm, respectively. Finally, the temperature
is the actual temperature of the fiber given by the temperature sensor.

This way;, it is possible to determine the corresponding epoch of the image, and the
temperature ramp direction.

2.2. CNN Training

The speckle images were used to train a model based on MobileNet Architec-
ture, which has shown a high performance among different alternatives while being
lightweight [20,21], allowing us to have a reference model for future applications in em-
bedded systems. For this work, we trained three separate models to compare the effects
of having two labels in the input data and two outputs to predict both perturbations
simultaneously and separately. The characteristics of the models are shown in Table 1.

Table 1. Model architectures.

Parameter Combined Model Independent Temperature Model Independent Curvature Model
Data labels Curvature, Temperature Temperature Curvature
. 2 Dense layers 2 Dense layers 2 Dense layers
Transfer learning 1 Dropout layer
1 Dropout layer 1 Dropout layer
layers 1 Curvature output branch 1 Temperature output layer 1 Curvature output layer
1 Temperature output branch p P y P y
Output Linear regression and Linear regression Classification

Classification

2.3. Performance Metrics and Resolution

Temperature predictions were evaluated with the mean squared error (MSE), the root
mean squared error (RMSE), the mean absolute error (MAE), the maximum absolute error
and the coefficient of determination (R?). For a test set of N samples with prediction error
e; = T'; — T;, the MSE can be split into two terms:

1
MSE = ﬁz e> =b* +0?, )

where b = (%) Y e; is the bias, or mean error, and 02 = (%) Y.(e — l?)2 is the variance of
the error around that mean. Accordingly,

RMSE = /b2 + 02, 3)

The bias describes a systematic offset that affects all readings in the same way and can
be removed by calibration, while o describes the random scatter that remains after such a
correction. For this reason, the temperature resolution was estimated as

Ry =20, (4)

which corresponds to about 95% of the readings for normally distributed errors and,
unlike 2-RMSE, does not include the correctable offset. Bending was treated as a five-class
classification task and evaluated with the classification accuracy; its resolution was taken
as the smallest curvature spacing between adjacent classes that the model distinguishes
without error.
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3. Results
3.1. Acquired Images

The experimental dataset was generated by applying five different bending conditions
to the multimode optical fiber, corresponding to displacement values of 0, 5, 10, 15, and
20 mm. For each bending condition, the temperature varied from room temperature
~26 °C to 200 °C, while the corresponding specklegrams were continuously acquired at the
fiber output.

A total of 19,866 specklegram images were obtained, corresponding to approximately
3973 images per bending condition. The number of images acquired for each condition is
summarized in Table 2. The datasets corresponding to 0 and 20 mm contained 4001 and
4003 images, respectively, while the remaining three conditions contained 3954 images
each. Therefore, the dataset is balanced across the five bending classes, with each class
representing approximately 20% of the total dataset.

Table 2. Description of the experimental conditions and examples of captured specklegrams.

Displacement Value

Curvature Specklegram Temperature # of Images Temperature Range

0 mm

5 mm

10 mm

15 mm

20 mm

211m™!

298 m!

3.65m!

422 m™1

-1 25.45°C 4001 25.45 °C to 200 °C
27.27 °C 3954 27.27 °C to 200 °C
27.27°C 3954 27.27 °C to 200 °C
26.82°C 3954 26.82 °C to 200 °C
25.45°C 4003 25.45 °C to 200 °C

The initial temperature was not the same for all bending conditions due to variations
in the laboratory environmental conditions and the initial state of the heating system. The
first and last datasets started at approximately 25 °C, whereas the remaining datasets

https://doi.org/10.3390/engproc2026163007
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Predicted Temperature (°C)
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Temperature Prediction

started at approximately 27 °C. Nevertheless, all datasets covered a temperature range
extending to approximately 175 °C, providing a broad range of thermal conditions for
model training and evaluation.

Table 2 summarizes the experimental conditions and the number of specklegrams
acquired for each bending value.

3.2. Simultaneous Temperature and Curvature Prediction

The performance of the proposed multi-task model is shown in Figure 3. The model
receives a single specklegram as input and simultaneously produces two outputs: a contin-
uous temperature estimation and a bending classification.

Confusion Matrix - Radio

* Train
2001
*  Test

Val

350

True
1

-200

- 150

- 100

0 -50

25

7B

Actual Temperature (°C)

| ' "
10 15 20
Predicted

(a) (b)

w-

'
100 125 150 175 200 Y

Figure 3. Training results for the combined model. (a) Linear regression for the temperature output.
(b) Confusion matrix for curvature classification.

Figure 3a shows the relationship between the measured and predicted temperature
values for the test dataset. The predictions follow the general trend of experimental
temperature values over the evaluated range. However, the model tends to underestimate
the temperature, as can be seen by comparing Figure 3a with the independent model
in Figure 4a. Almost all test points lie below the identity line, so the deviation behaves
more like an offset than like random error. An offset of this kind could come from the
experimental setup (for example, from the thermal contact between the fiber and the
heating block), or from the model itself. As discussed in Section 4, the offset changes
with the bending condition, which suggests that part of the bending effect is being read
as a temperature change, and that it can be removed to a grand extent by a class-wise
recalibration. Despite this deviation, the model maintains a strong correlation between the
predicted and experimental values, resulting in an R? score of 0.9884.

The curvature classification results are presented in Figure 3b. The confusion matrix
shows that all samples in the test dataset were correctly assigned to their corresponding
bending class. No misclassified samples are observed for any of the five displacement
conditions, resulting in a classification accuracy of 100%. This result indicates that the
spatial features extracted from the specklegrams contain sufficient information to discrimi-
nate between the five bending conditions, even when the same feature representation is
simultaneously used for temperature regression.
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Figure 4. Independent model results. (a) Linear regression of the model for temperature prediction.
(b) Confusion matrix of the mode for curvature classification.

3.3. Independent Models

To evaluate the effect of performing both tasks simultaneously, independent models
were trained separately for temperature prediction and curvature classification. The results
are presented in Figure 4.

Figure 4a shows the regression results obtained using the independent temperature
model. Compared with the simultaneous model, the predicted temperature values exhibit
a closer fit to the experimental data. The independent model achieves an R? score of 0.9984,
indicating a stronger agreement between the predicted and measured temperatures.

The independent curvature model also correctly classified all samples in the test
dataset. As shown in Figure 4b, the confusion matrix contains no classification errors
among the five bending classes, resulting in an accuracy of 100%. Therefore, both the
simultaneous and independent approaches achieve the same classification performance
for curvature.

3.4. Quantitative Comparison

The choice of performance metrics was determined by the nature of each prediction
task and the architecture of the evaluated models. The temperature-related task is for-
mulated as a continuous regression; therefore, MSE, MAE, RMSE, maximum error, R?,
bias and o were calculated to quantify the magnitude and distribution of the prediction
errors and the goodness of fit. Accuracy was not considered appropriate for temperature
estimation because temperature is a continuous variable rather than a set of discrete classes.
In contrast, bending is formulated as a five-class classification problem, for which accuracy
provides a direct measure of the proportion of correctly classified bending conditions.

For the first model, which simultaneously performs temperature regression and bend-
ing classification through two output layers, the corresponding metrics for both tasks were
calculated and reported. For the second and third models, which independently address a
single sensing task, only the metrics corresponding to the task performed by each model
were calculated. Therefore, regression metrics were reported for the temperature-only
model, whereas accuracy was reported for the bending-only classification model. This
metric selection ensures that each model is evaluated using measures appropriate to its
specific prediction task.

https:/ /doi.org/10.3390/engproc2026163007
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The quantitative performance of the models is summarized in Table 3. The simulta-
neous model achieves an RMSE of 5.3977 °C and an R? score of 0.9884 for temperature
prediction. For bending classification, the model achieves an accuracy of 100%.

Table 3. Model metrics.

Model Simultaneous Model = Independent Temperature Model * Independent Curvature Model **
MSE 29.1355 3.9438 NA
MAE 4.9249 1.5680 NA
RMSE 5.3977 1.9859 NA
Maximum 159115 12.7614 NA
R? score 0.9884 0.9984 NA
Bias —4.9200 —0.7760 NA
o 2.2200 1.8280 NA

Accuracy 1 NA 1

* In the temperature model, the Accuracy metric is not calculated; ** in the curvature model, the only
metric calculated is the Accuracy.

In comparison, the independent temperature model provides lower regression errors,
with an RMSE of 1.9859 °C, and an R? score of 0.9984. The MAE is approximately 86%
lower than that of the simultaneous model, while the RMSE is approximately 63% lower.
Similarly, the MSE is approximately 68% lower for the independent model. These results
confirm the visual differences observed between the regression plots in Figures 3a and 4a.

Using Equation (2), the MSE of the simultaneous model (29.14 °C?) is dominated by
the bias term (b? = 24.21 °C?, 83%), with a smaller random component (02 =4.93°C?). In the
independent temperature model, the bias accounts for only 15% of the MSE (b% = 0.60 °C?,
02 = 3.34 °C?).

For curvature classification, both approaches achieve an accuracy of 100%. This
indicates that introducing the temperature regression task into the same network does not
negatively affect the classification of the five bending conditions.

4. Discussion

Other works have similar approaches to this work, using transfer learning from a
CNN architecture, allowing for a comparison using the metrics presented. Table 4 shows
this comparison.

As shown in Table 4, models trained with simulated data achieved lower tempera-
ture prediction errors than those trained with experimental data. However, the results
obtained in this work should be considered in the context of the simultaneous analysis
of two different perturbations and the classification of the displacement applied to the
fiber. The independent temperature model achieved an RMSE of 1.9859 °C, compared
with 0.45 °C and 0.94 °C reported for the SE-ResNet and MobileNet models, respectively.
Although the proposed model presents a higher temperature error that those reported
for models trained with simulated data, such as the SE-ResNet and MobileNet models,
which achieved RMSE values of 0.45 °C and 0.94 °C, respectively, the proposed approach
addresses the additional challenge of simultaneously processing temperature and bending
from the same experimental specklegram. These results demonstrate the feasibility of using
a lightweight multi-task CNN to extract information from a single specklegram under
simultaneous perturbations.

https://doi.org/10.3390/engproc2026163007
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Table 4. Metrics comparison.

Model Data Source MSE MAE RMSE Maximum Error R? Score
Simultaneous model Experimental 29.1355 4.9249 5.3977 159115 0.988400
Independent temperature Model =~ Experimental 3.9438 1.5680 1.9859 12.7614 0.998400
MobileNet [16] Simulated 12.9000 3.0500 3.5900 10.3000 0.989385
VGG-Reg [2] Simulated 2.0164 1.3100 1.4200 2.95 0.998000
Correlation coefficient [2] Simulated 10.3041 2.4500 3.2100 9.0800 0.992000

SE-ResNet [3]

Simulated 0.2100 0.3700 0.4500 1.1500 -

Compared with previous studies on multimode fiber specklegram sensing for temper-
ature and bending, the present work extends the experimentally investigated temperature
range from ~26 to 200 °C, providing a broader operating range than the 0-120 °C range
considered in previous work, where a nonlinear response of the speckle correlation was
observed above 120 °C [3]. In addition, this study relies exclusively on experimentally
acquired data for model development and validation, while simultaneously enabling the
prediction of both temperature and fiber curvature from a single specklegram. Finally,
the use of lightweight MobileNet architecture, instead of the deeper SE-ResNet employed
in [3], provides a more compact deep-learning solution while maintaining the capability of
performing simultaneous multiparameter sensing.

Regarding resolution, most of the temperature error of the simultaneous model comes
from a systematic underestimation (bias = —4.92 °C, 83% of the MSE), while the random
component is ¢ = 2.22 °C. In the independent model, the bias is much smaller (—0.78 °C,
15% of the MSE), but the random component can be considered close to the value of the
simultaneous model with a value ¢ = 1.828 °C. In both cases there is a bias, which suggests
that part of the bending effect is interpreted as a temperature change, especially when
both tasks share the same representation. Because this offset changes with the bending
class, it could in principle be removed by a class-wise recalibration, which would bring
the resolution of the simultaneous model closer to that of the independent one. Even
without this recalibration both models reach similar resolutions, 20 = 4.4 °C (2.5% of the
174.6 °C range) for the simultaneous model and 20 = 3.7 °C (2.1% of the 174.6 °C range)
for the independent model. The multi-task formulation therefore affects accuracy rather
than resolution.

For bending, the models achieved an accuracy of 1.00, all 3973 test samples were
correctly classified by both models (95% lower confidence bound: 99.9%). Therefore, the
system was able to reliably distinguish the experimentally defined bending conditions.
However, classification accuracy alone does not establish a continuous bending resolution;
the minimum distinguishable bending variation is constrained by the separation between
the discrete bending conditions included in the dataset. So the demonstrated resolution
is the smallest spacing between classes, 0.57 m~! (15 to 20 mm); finer values cannot be
claimed without testing intermediate curvatures.

Since the train—test partition was random, these values describe interpolation within
the acquired temperature ramps. A more detailed analysis, including resolution across the
temperature range, hysteresis, repeatability between acquisition cycles and a class-wise
recalibration of the bending-dependent offset, will be presented in future work.

5. Conclusions

In this work, a multimode fiber specklegram sensor was used for the simultaneous
detection for temperature and bending using a multi-task convolutional neural network.
An experimental dataset of 19,866 specklegrams was generated by automatically varying
the temperature from approximately 25~27 °C to 200 °C under five different bending
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conditions. The data acquisition process was controlled through MATLAB using a contact
heater and a linear displacement motor, allowing the optical response of the fiber to
be recorded under combined perturbations. A lightweight MobileNet architecture was
adapted to process each specklegram and provide two outputs: temperature regression
and bending classification.

The proposed model achieved an R? score of 0.9884 for temperature estimation and
100% accuracy for the classification of the five bending conditions. Although the inde-
pendent temperature model achieved lower prediction errors, R? score of 0.9984 and an
RMSE of 1.9859 °C, the simultaneous model successfully performed both sensing tasks
from a single specklegram. The lower errors of the independent model come mainly from a
systematic offset that depends on the bending in the simultaneous model, which accounts
for 83% of its MSE. Excluding this offset, the estimated temperature resolutions (20) are
4.4 °C and 3.7 °C for the simultaneous and independent models, respectively, showing a
closer performance than the RMSE values suggest. The bending resolution corresponds to
the smallest spacing between classes, 0.57 m~1.

Overall, the results show that the multi-task approach can successfully extract suffi-
cient information from the specklegram images of a fiber with two different perturbations
using a single lightweight neural network. A smaller offset dependent of the bending is
also present in the independent temperature model, which suggests that the specklegram
itself carries some cross sensitivity between both perturbations, and that sharing the feature
representation between the two tasks makes it considerably stronger, so that part of the
bending effect is read as a temperature change. Future work will therefore address a
class-wise recalibration of this offset, as well as changes to the multi-task architecture and
training strategy that reduce the interference between tasks while keeping the observed
bending classification performance. A continuous estimation of curvature through regres-
sion, instead of classification, is also proposed, which would allow the bending resolution
to be assessed beyond the spacing between the current classes.
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