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Abstract. Life cycle optimization, maintenance planning and adaptive control systems in fiber-
reinforced structures such as aircraft wings require the monitoring of loads and stresses during
operation. State of the art systems using strain gauges can measure strains at limited numbers
of discrete points, while systems based on fiber optic time domain reflectometry require complex
and cost intensive evaluation units. A novel sensor based on electrical time domain reflectometry
(ETDR) allows to acquire information about the spatial distribution of strain along a fractured
carbon fiber (CF) embedded in a composite structure. This sensor concept has been investigated
in previous studies with specimens up to 60mm in length. Based on this work, a demonstrator
with an improved sensor layout and two embedded sensors of 1m length is developed. A shallow
feed-forward network and a convolutional neural network are compared regarding their ability
to infer strain profiles from measured ETDR reflectograms. The simultaneous evaluation of two
sensors with a convolutional neural network allowed the inference of strain distributions with a
good generalization ability.

1 INTRODUCTION

Structural health monitoring of highly stressed lightweight structures is key to achieve fur-
ther weight reduction and life cycle optimization, both enabling resource-efficient products [1].
This can be achieved by a continuous in operando measurement of loads and strains, which also
enables active load reduction when evaluated in real time. Commonly used systems are based
on strain measurements, which can be performed using different measurement principles. While
state of the art systems such as strain gauges and fiber Bragg grating allow strain measurements
at a limited number of points, the monitoring of large structures requires numerous measure-
ment points. Optical measurement systems using time domain reflectometry (OTDR) allow a
continuous strain measurement along an embedded optical fiber. A series of probe pulses is fed
into the optical fiber, where various attenuation effects cause a fraction of the light to be guided
back to the launching end. This backscattered light is then detected and processed. It contains

1743

X ECCOMAS Thematic Conference on Smart Structures and Materials
SMART 2023

D.A. Saravanos, A. Benjeddou, N. Chrysochoidis and T. Theodosiou (Eds)

Available online at www.eccomasproceedia.org 
Eccomas Proceedia SMART (2023) 1743-1754 

© 2023 The Authors. Published by Eccomas Proceedia. 
Peer-review under responsibility of the organizing committee of SMART 2023. 
doi: 10.7712/150123.9945.444359



N. Wieja, P. J. Steinbild, T. Ehrig, A. Winkler, P. Kostka, J. Condé-Wolter, N. Modler

information about the properties of the fiber that affect attenuation, such as strain and tempera-
ture, which can be spatially resolved, consindering the signal propagation time [2]. While optical
fibers can be easily integrated into composite structures, the necessary instrumentation is typ-
ically cost intensive and requires significant installation space. This limits current application
mainly to experimental setups, civil structures and geophysical monitoring [3]. Conventional
data processing methods use curve fitting methods to calculate temperature and strain profiles
from the detected backscatter signature of an OTDR measurement. These methods require a
large number of data points, expensive computation, and are sensitive to measurement noise.
Recently, the use of artificial neural networks (ANN) has been adopted for the analysis of OTDR
data, enabling real-time applications and enhancing robustness to noise [4, 5].

A novel sensor principle proposed by Höhne et al. [6] shows the potential to realize a dis-
tributed strain measurement in FRP structures based on a miniaturizable and relatively inex-
pensive technology. The principle, as shown in figure 1, is based on an ultra high modulus
(UHM) carbon fiber (CF) roving that is embedded in a glass fiber reinforced polymer (GFRP)
carrier. In a tensile test, the structure is then deliberately loaded beyond the maximum strain of
the CF roving, resulting in multiple fiber cracks along the CF roving, while the carrier structure
remains intact due to it’s highter ultimate elongation. This process is referred to as ”function-
alization”. The functionalized CF roving shows a high sensitivity of its resistance to applied
strain due to the opening and closing of the fiber cracks. Spatially resolved strain sensing along
the CF-roving can be achieved using electrical time domain reflectometry (ETDR). This is fa-
cilitated by adding a copper strip as a return conductor to the structure to form a transmission
line (TL) with the CF. An ETDR instrument transmits an incident step signal into a TL and
acquire the resulting reflections. The signal propagating along the TL is partially reflected by
impedance variations along the TL. Considering the signal propagation time, incoming reflec-
tions can be spatially resolved. The reconstruction of spatially resolved electrical properties from
ETDR-reflectograms by solving an inverse electromagnetic problem (IEP) has been the subject
of research [7, 8], which identifies high computational cost and lack of robustness to measurement
noise as remaining limitations. In the specific case of the strain sensor described, the stochastic
nature of the fiber cracks and the lack of comprehensive models describing their electric proper-
ties further limit the applicability of conventional processing methods. To overcome this, Höhne
et al. [9] suggested the use of ANNs to derive strain profiles from the measured reflectograms.
The methodology was demonstrated using a GFRP cantilever beam of 60mm length with an
embedded sensor. 136 different load cases were generated through variation of the clamping po-
sition and applied load. A shallow ANN with 32 input neurons, 32 hidden neurons and 8 output
neurons, representing the strain on equidistant points of the cantilever beam, was trained on
126 load cases, with strain profiles calculated analytically. The ANN’s prediction for the test
data agreed well with the calculated strain profiles, though the authors suggest an automation
of training data generation to increase the amount and quality of the training data. The present
article describes a further development of the sensor concept presented by Höhne et al. [9] and
demonstrates its applicability to measuring lengths in the range of one meter, driven by the goal
of an implementation in sailplane wings [10]. Possible load conditions are expanded by a novel
sensor design using two CF rovings on either side of a beam structure to detect bending in both
directions. To generate sufficient training data, a test bench is developed, and the acquired data
is used to train and compare different ANNs with regard to their generalization abilities.
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Figure 1: Principle of the strain sensor and evaluation process described by Höhne et al. [9]

2 MATERIALS AND METHODS

The demonstrator structure presented in this work was developed with the goal of being
able to apply as many load cases as possible without changing the clamping to allow a simple
collection of training data. Since the fractured CF-rovings are mainly sensitive to tensile strain,
CF-rovings were embedded on both sides of a bending beam structure in order to sense bending
in both directions. Target values for the training of ANNs were obtained from the elastic curve
of the beam.

2.1 Design and manufacturing process

The specimen was designed as a flat bar with dimensions of 1200mm length, 30mm width and
2.8mm thickness. To ensure proper clamping, cap strips are applied to each end of the bar. A free
length of 1000mm between the cap strips is used for strain measurement. The sensor elements
are contacted outside the free length to ensure an undisturbed structure. The geometry of the
specimen is depicted in figure 2. The structure was manufactured in an autoclave process using
glass-fiber reinforced epoxy prepreg material (Unidirectional prepreg Krempel GUBD 2506). A
plate with integrated sensor elements was made from 14 layers of prepreg in a stacking sequence
of [0◦/CF/0◦/90◦/90◦/0◦/90◦/0◦/Cu]S, where Cu represents the midplane copper strip and CF
the embedded CF-rovings. The CF-roving was embedded between two 0◦ layers to prevent the
fibre cracks from propagating into the GFRP-carrier. The thickness of 1.2mm between CF
and copper strip was chosen to match the impedance of the TL with the measurement systems
impedance of 50Ω. The type of CF used is Mitsubishi Dialead K13C2U with a filament count
of 2000, the copper foil tape has a width of 6mm and a thickness of 0.035mm. The CF-rovings
were contacted with coaxial cables (type RG 178) at both ends of the specimen using silver-filled
conductive epoxy (MG Chemicals 8330S-21G), the braid of the coaxial cables was soldered to
the copper foil tape that acts as return conductor for both CF-rovings. A plate of the described
laminate was cured at 120 ◦C with an effective pressure of 7 bar. The specimen was then prepared
by waterjet cutting.
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Figure 2: Geometry of the developed specimen (not to scale)

2.2 Functionalization

In order to achieve a distribution of fiber cracks in the CF-rovings along the entire length
of the specimen, the structure was sectionally loaded in a 4 point bending test. A load span
of 27mm and a support span of 81mm were chosen in accordance with ISO 14125 [11]. The
specimen was segmented into 35 sections of 27mm length that were loaded in both directions
to a deflection of 5.65mm which corresponds to a strain of approximately 0.95% in the CF
roving. For each section and both directions, the load was applied cyclically with a test speed of
10mmmin−1 in the first cycle and 100mmmin−1 in following cycles. The test setup is depicted
in figure 3a. During the functionalization, the resistance of both CF-rovings was measured
using a custom ohmmeter. Figure 3b shows an example of the resistance of both rovings during
a functionalization cycle of Roving B (tension). Roving A (compression) has previously been
functionalized in the corresponding section. The resistance of each roving is referred to the base
resistance R0 of 23.7Ω (Roving A) respectively 20.2Ω (Roving B) measured at the beginning
of the test. The roving loaded with tension shows a nonlinear increase of its resistance with
the applied force, while the resistance of the roving experiencing pressure load shows a negative
change at the beginning of each cycle but does not change with a further increasing load.

Extensometer Load pinsSpecimen

Support pins

a) Setup used for functionalization of the
specimen

b) Measured resistance of the CF-rovings
during functionalization

Figure 3: Test setup and measured resistance during functionalization
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The functionalization process led to fiber cracks with a spacing of approx. 1-2mm, surrounded
by light discoloration, most likely due to local delaminations. A section of a CF roving after
functionalization is shown in Figure 4. Fiber cracks in the CF-roving are visible between lighter
discolorations, one of the visible fiber cracks is marked as an example. Note that the visible
white lines are caused by surface imperfections due to the manufacturing process.

CF-RovingFiber crack GFRP-carrier material

2mm

Figure 4: Fracture pattern of a CF-roving after functionalization with one fiber crack marked
as an example

2.3 Acquisition of Training Data

In order to obtain training data for a wide range of load cases, a test bench that allows the
setting of different bending conditions by applying bending angles at both ends of the structure
was developed. The test bench is depicted in figure 5. A floating bearing was realized by a
linear guide to eliminate longitudinal loads. Bending angles can be set using detent bolts on
both sides. The resulting elastic curve of the specimen is optically captured with a camera and
fitted with a spline function in the xy coordinate system of the image. The curvature κ is then
calculated by solving the differential equation [12]

κ =

d2y

dx2(
1 +

(
dy

dx

)2
)3/2

(1)

numerically. Using

l(x) =

∫ x

0

√
1 +

(
dy

dx

)2

dx (2)

the curvature is transformed to the longitudinal coordinate l of the specimen [13]. Furthermore,
ε = d · κ is assumed for the relation between the curvature κ and the strain ε at an offset d to
the neutral axis.

ETDR measurements were performed with a Sympuls D-TDR 3G-500 instrument. It allows
dual channel measurements with a resolution of 500 sampling points at a frequency of 1000Hz.
One end of the sensors was connected to the instrument using SMA connectors and the other
end of each sensor was terminated with a 50Ω resistor. A total of 746 load cases were generated
by gradually changing the bending angles on both sides. Due to friction in the linear guide, two
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Figure 5: Test bench used to generate training data

load cases with slightly different elastic curves were generated for each combination of detent
bolt positions. Additional 171 load cases were generated by applying transverse load at various
positions along the free length of the specimen using a lashing strap. For each load case applied,
500 dual channel ETDR measurements with a resolution of 500 sampling points were performed,
and an image of the bend specimen was captured. The acquired data was separated into four
sets for the training and testing of ANNs according to the scheme in figure 6. The first 672
signal recordings generated by gradual changes of the bending angels were used in the training
process of ANN for training (90%) and validation during the training process (10%). Load cases
generated by further changes of the bending angles were used as a first level test data. Due to
the gradual change of the bending angles, the elastic curves in this data set differ systematically
from the training data. The 171 load cases generated with an additional transverse load were
used as second level test data. For the training of ANNs, the curvature κ at 50 equidistant points
along the specimen’s longitudinal coordinate l was used as target values. The 500 measurements
per channel acquired for each load case were averaged to achieve a low noise signal and were
normalized to [0, 1] before training.

test data level 2test data level 1

gradual change of bending angles additional transverse load

90% training data

10% validation data

672 74 171

Figure 6: Scheme for the split of the acquired data for training, validation and testing
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2.4 Description of the studied ANN

Two ANNs with different architectures were studied for the evaluation of the acquired ETDR-
data: A shallow, fully connected feed-forward network (FNN) similar to the ANN used by Höhne
et al. [9] to evaluate CF-Strain sensors and a convolutional neural network (CNN). In both cases,
the ANNs were designed to perform a regression for the curvature κ at 50 equidistant points
along the specimen, each represented by one output neuron. The architecture of both ANNs
is depicted in figure 7. To compare the performance of different ANNs, the root mean square
error (RMSE) between the target values and the ANN predictions for the respective data sets
is considered.

a) Schematic of FNN-1200 b) Schematic of CNN-64-256

Figure 7: Schematic depiction of the studied ANNs

2.4.1 FNN-1200

The studied FNN was designed with a 1000 neuron input layer. The measurements from both
channels were concatenated and fed into the FNN. The effect of the number of neurons in the
hidden layer on the performance of the ANN was evaluated in several iterations, and an optimized
number of 1200 neurons with hyperbolic tangent (tanh) activation function was chosen. The
output layer was designed with 50 neurons representing the curvature of the specimen at 50
equidistant points. The described architecture is depicted in figure 7a. This neural network
(referred to as FNN-1200) was trained using the Adam algorithm [14] implemented in Matlab
R2022a, with an initial learning rate of 0.002, which was reduced by half every 50 epochs. The
training data was processed in mini-batches of 32 load cases, and the training was terminated
once the mean squared error for the validation data set did not improve after 1000 iterations.

2.4.2 CNN-64-256

The studied CNN was designed with two convolutional layers, each followed by a max pooling
layer. The measured values were fed into an 500 × 2 input layer. The first convolutional layer
was designed with 64 filters of kernel size 31× 2, the second convolutional layer with 256 filters
of kernel size 15 × 1. Both layers were designed with stride 2 and ReLU activation function
and followed by a 3 × 1 max pooling layer. The convolutional layers are followed by one fully
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connected layer with 1000 neurons and tanh-activation and an output layer with 50 neurons.
The described architecture is depicted in figure 7b. This ANN (referred to as CNN-64-256) was
trained using the Adam algorithm with an initial learning rate of 0.001, which was reduced by
half every 80 epochs. As with FNN-1200, a mini-batch size of 32 was used, and the training was
terminated once the mean squared error for the validation data set did not improve after 1000
iterations.

3 RESULTS

3.1 Evaluation of the signal sensitivity to homogeneous strain distribution

The beginning and the end of the sensor in the time domain were determined from the
reflectograms of the unloaded sensors, as shown in figure 8. Characteristic elements of the
obtained TDR signal such as the signal generator (a), the SMA connectors on both sides of the
specimen (b, d) and the contact between the coaxial cables and the sensors elements (c) can be
located in the reflectogram. A signal propagation time of 15.5 ns over the length of the specimen
was determined.

Figure 8: Measured ETDR-Signal for the test setup with unloaded specimen. a) Signal genera-
tor, b) SMA connector, c) contact between cable and sensor, d) SMA connector with terminating
resistor

The influence of strain on the obtained ETDR-signal of Channel A is shown in figure 9. To
generate the reflectograms, the specimen was loaded with a constant strain by applying identical
bending angles on both sides. This was repeated to achieve tension and compression loads of the
same roving. The measured reflectograms are compared with the the unloaded roving. Both,
tension and compression strains appear to affect the resulting ETDR signal, with compression
reducing the signal level and tension increasing it. At the applied strain magnitude of 0.25%,
the shift due to compression is less than that observed during tensile loading. This corresponds
to the change in resistance during the functionalisation cycles shown in figure 3b.
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Figure 9: Variation of the obtained ETDR signal of one CF-roving in the evaluated time span
at constant tension and compression load

3.2 Evaluation of reflectograms with artificial neural networks

The achieved RMSE of FNN-1200 and CNN-64-256 for the different data sets are summarized
in table 1. While FNN-1200 shows a smaller RMSE of 0.183m−1 compared to CNN-64-256
(0.224m−1) for the training data, both ANNs perform similar on the validation data with a
RMSE of 0.263m−1 and 0.269m−1. However, for both levels of test data, CNN-64-256 showed a
significantly lower RMSE of 0.949m−1 and 1.377m−1, compared to 1.907m−1 and 2.201m−1 for
the predictions of FNN-1200. The difference between the RMSE for the training and validation
data sets observed for FNN-1200 indicates the ANN’s tendency to overfit the training data.
Accordingly, it showed higher RMSE for the test data sets. CNN-64-256 on the other hand
produced slightly higher RMSE for the validation and especially the training data but clearly
outperformed FNN-1200 on the test data sets, which indicates a better generalization ability. To
illustrate the relation of the RMSE-values and its effect on the measured curvarures, figure 10
shows exemplary predictions of both ANNs for selected load cases from the validation and test
data sets. Especially for level 2 test data, FNN-1200 generates an erratic output, while the
estimated curvature of CNN-64-256 appears smoother.

Table 1: Comparison of the RMSE of FNN-1200 and CNN-64-256 for the different data sets

ANN RMSE in m−1

Training Validation Test Level 1 Test Level 2

FNN-1200 0,183 0,263 1,907 2,201
CNN-64-256 0,224 0,269 0,949 1,377

The networks training, as well as the resulting RMSE for the different data sets, were obtained
by averaging 500 ETDR measurements before feeding the resulting reflectogram into the ANNs.
Since the measurement rate of ETDR devices is limited, it is necessary to process reflectograms
averaged from fewer individual measurements to further increase the strain measuring rate. This
consequently results in a higher level of input noise for the ANNs. The input noise sensitivity of
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Figure 10: Exemplary illustration of curvatures predicted with FNN-1200 and CNN-64-256

FNN-1200 and CNN-64-256 was studied by evaluating their performance for input data averaged
from different numbers of individual measurements. The previously described data sets with
their particular loadcases were used, but the number of averaged ETDR measurements for each
loadcase was varied from 1 to 500. The resulting RMSE are depicted in figure 11. The values
shown for 500 averaged measurements reflect the values in table 1. As the noise increases, the
resulting RMSE for the load cases in the training data set is increased, but is still lower than for
the test data sets. The RMSE of the validation data set decreases to the level of the training
data when the number of averaged measurements is reduced to 250 and shows equivalent values
to the training data set with further increasing noise levels. The errors for the test data remain
at a constant level, except when single ETDR measurements are used as input data. Overall,
the performance of the ANNs decreases with increasing input noise, especially for the training
and validation data sets. This decrease is more prominent for FNN-1200 than for CNN-64-256,
which can be attributed to the better generalization ability of the latter.

Figure 11: Input noise sensitivity of FNN-1200 and CNN-64-256
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4 CONCLUSION

Spatially resolved strain sensors based on fractured CF-rovings and ETDR were first described
in [6]. In this work the authors propose and evaluate a sensor design and a corresponding
manufacturing process that allow strain measurement along a structure of one meter length.
The use of two sensors embedded in the structure allows the measurement range to be extended
to load cases with positive and negative curvature. The functionalization of the CF roving
presents a major challenge when the sensors exceed the dimensions of typical specimens, since
tensile tests are typically limited in length. The proposed method using a four-point bending
test allows the functionalization of long structures by applying the load sectionally.

In this work, a shallow FNN and a CNN were developed, trained, and tested for their suitabil-
ity to infer strain profiles. Especially for strain measurements with long sensors, a wide range of
load cases must be covered within the training data to represent the loads that will occur during
operation. ANNs with good generalization capabilities increase the robustness of the measure-
ment to loads outside the range of the training data. Tests with load cases that differ from the
training data as well as with noisy input data showed a better generalization ability of the CNN
compared to the FNN. This makes the CNN more suitable for the inference of strain profiles
from ETDR reflectograms. Furthermore, its ability to process noisy input data allows to increase
the measurement rate of the system by reducing the number of ETDR measurements required
per inference. For the CNN, it was found that a number of five averaged ETDR-measurements
was sufficient to achieve errors similar to an input of smooth ETDR-measurements. Based on
the ETDR system used, this allows measurement rates of up to 200Hz.

The acquisition of sufficient training data and the training of ANNs for individual structures is
a time consuming process, and the feasibility is strongly dependent on the ability to apply loads
adequate to the expected loads in the field, while at the same time obtaining high-quality target
values for the training of ANNs. Next steps in the development of CF-strain sensors for a broad
applicability should therefore focus on a reproducible fabrication process of pre-functionalized
sensor elements to reduce the need for individual training data.
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