Journal of Microwaves, Optoelectronics and Electromagnetic Applications, Vol. 22, No. 3, Set. 2023
DOI: http://dx.doi.org/10.1590/2179-10742023v22i3271067 379

Detection of Eyebolt Faults Using a Random
Forest Ensemble Model Based on Multiple
High-Frequency Electromagnetic Parameters

H. V. H. Silva Filho *" @, R.G. M. dos Santos * ©©, Douglas C. P. Barbosa! %, M. T. de Melo! @, Lauro
R. G. S. Lourengo Novo!
'Federal University of Pernambuco, Recife, Brazil

Abstract—This paper presents an eyebolt structural fault detection
system, based on the analysis of multiple electromagnetic parameters
through a random forest classifier trained by both measurements
and high-fidelity simulated signals. The proposed methodology is
completely noninvasive and does not require the disassembly of the
electrical infrastructure, allowing the live-line working. The
obtained results show that the proposed multi-parameter strategy
achieves high accuracy and increases the system’s capability of
detecting faults, improving the efficiency of the operator’s
preventive maintenance routines and, consequently, increasing the
reliability of the power supply and energy distribution systems.

Index Terms— Anchoring eye bolts, fault detection, random forest algorithm
and transmission lines.

I. INTRODUCTION
Concrete columns and beams are widely used to support aerial electrical cables in voltage classes

below 69 kV for power transmission lines (TL) and 230 kV for substations (SES). In such applications,
anchoring eye bolts are typically used to fix the electric power cables to high voltage insulators on poles
and towers. Fig. 1 (a) and Fig.1 (b) shows typical applications of eye bolts in aerial cable anchorage for
both an urban 69 kV transmission line and Fig.1 (c) show 230 kV substation.

Over time, the effects of the weather, friction, and mechanical stress cause the eye bolts to lose their
desired physical characteristics. The bolt structure can undergo corrosion processes that lead to the
degradation of the metallic material, causing the weakening of mechanical properties such as strength,
elasticity, and ductility, as shown in Fig. 2 [1]-[3]. Corrosion and wear of such elements are problems
that put the electricity supply at risk and expose the operators of the transmission and distribution lines
to financial penalties and sanctions by regulatory agencies in the event of any accident.

The good appearance of the visible part of the eye bolt’s structure does not guarantee the integrity of
the respective embedded parts inserted into the bodies of concrete. Additionally, the lack of inspection
of the eye bolts of TLs and SEs can cause major accidents. For this reason, electrical companies must
maintain constant monitoring of the degradation state of such elements, which has traditionally been

done through visual inspection.
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Fig.1. Applications of eye bolts. a) Dual transmission lines 69 kV; b) Anchoring of insulator chains 69 kV and c) Bay
substation 230kV.
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Fig. 2. Effect of corrosive process in eye bolts

Fig. 3 shows the detailed view of the typical assembly scheme for the cable anchoring system using
eye bolts. In maintenance routines, the visible parts of the eye bolts are relatively easy to inspect with
the naked eye. However, the examination of the embedded parts of the eye bolts that are out of visual
reach requires a different approach. In the traditional maintenance procedure, for the complete visual
inspection of the eye bolts embedded into concrete beams or posts, the entire disassembly of the
anchoring structure is necessary.

The disassembly of a power line or bus will imply either the laying of cables on the ground or the
installation of a temporary anchorage to guarantee the safe release of the inspected anchorage elements
during the assessment of the structure. Such a process implies the temporary electrical disconnection of
the substation transmission line or bus for a considerable time, representing a major operational
inconvenience which entails the increase in direct costs and contractual supply charges to the electrical

companies.
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Fig. 3. Typical 69 kV eye bolt anchoring scheme.

Due to this problem, the goal of this work is to propose a fault detection methodology in eyebolts
with no necessity of disassembling the anchorage of the electrical insulators. This is based on a random
forest classifier in the analysis of multiple electromagnetic parameters [4], [5].Enabling the verification
of the presence or absence of faults in the eyes without the need to turn off or interrupt the power supply,
obtaining a reduction in costs and maintenance time, which improves the performance of operation and
maintenance (O&M) procedures, as problems arise downtime can cost around 1 to 2% of the responsible
company's annual turnover [6], [7]. Thus, this methodology increases the reliability of the anchoring,

as well as the availability and safety of the electrical system.
Il. RELATED WORKS

Approaches of fault detection are abundant in literature for different types of embedded or hidden
metallic structures. In [8] a ground rod corrosion detection technique is presented. Applications of
discontinuity detection in coaxial cables are found in [9] and [10] using frequency-domain reflectometry
and in [11] using time-domain reflectometry. In [1] is presented an application of microwaves for the
characterization of steel corrosion stages. In [13] an application of an RFID sensor for monitoring
corrosion of steel in concrete using the reflection parameter S11 is presented. In [14], is presented an
investigation of the low-frequency stray current induced corrosion on reinforced concrete infrastructure
in high-speed electrified rails.

Several approaches for detecting, classifying, and locating faults in metallic structures used to support
cables of power transmission systems have already been proposed. In [4], [5], [15] and [16], the analysis
of microwave signals of anchor rods using frequency-domain reflectometry is discussed. In [17], a
model based on PSO-SVM is proposed to detect faults in anchor rods of guyed towers of power
transmission lines. The approach presented in [18] provides an anchor bolt fault classification based on
spectral kurtosis and K-means clustering algorithm. On the other hand, machine learning tools are
naturally able to learn the underlying relationships between the inputs and the outputs of a given system
and automatically extract features capable of differentiating patterns. Such feature extraction allows the
machine learning model to perform generalization from the knowledge acquired from a restricted set of
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examples and to predict future situations with a high degree of accuracy [26], [ 27].

In [21], a system for detecting corrosion in grounding systems is presented. In [22], a technique based on neural
networks for detecting corrosion in industrial pipes is proposed. In [23], is discussed a technique for corrosion
detection of metallic structures and substations based on deep learning. In [24], a machine learning model is
presented to locate faults in underground anchor rods through the analysis of the input impedance signals. In
[25], an edge intelligent recognition method based on a deep neural network is proposed to detect faults
on transmission line insulators.

In [4], [5] and [16], there are similar applications for fault detection in anchor rods used in guyed
towers for electric power transmission. In [4], a comparison of different ML classification algorithms
(Logistic Regression, K-NNs Random Forest, SVM and ANN) is presented in the task of detecting
structural failures in anchor rods, in order to define the most suitable one for this task. For This
application, the Random Forest was the algorithm with the best results. In [5], an analysis of multiple
electromagnetic parameters was presented using artificial neural networks as a binary classifier for
detection of failures in anchor rods. It was identified that the use of a classifier (ensemble) for the
association of parameters (|S11|, Phase{S11}, VSWR, | Z |}, obtained a higher accuracy when
compared to the individual results. In [16] he presented a field application system for detecting
structural failures in anchor rods of guyed towers of power transmission lines, based on reflectometry
in the frequency domain. A machine learning framework was developed for the signals of parameter
|S11| measurements of different buried rods to classify them as normal or defective.

In [19] and [20] techniques are presented to measure microwave signals of eye bolts. In [20] he
presented an approach aimed at the design of the eyelet adapter and the study of the sensitivity of this
adapter for six types of samples applied to a simplified system. Concrete was not used as a dielectric
medium, but air, and did not present any system classification. In [19], a more complete approach was
presented than the one presented in [20] for detecting structural failures in eye bolts, a system was
proposed considering the presence of concrete as a dielectric medium and an intelligent system based
on an artificial neural network to process the measured reflectometry signals for the presence or absence
of wear on eyebolts.

Based on [4], [5] and [19], this work presents a more accurate solution to the problem of detecting
structural failures in anchoring eyes for power transmission lines. Because the random forest algorithm
was used, which offers a greater capacity for data interpretation, is less susceptible to overfitting and
outliers compared to the Artificial Neural Networks presented in [19], according to [4]. This article also
proposes a method to evaluate the performance of a machine learning model using the k-fold cross-
validation technique [4] and in addition to accuracy, precision, recall and f1-score were analyzed to
measure the performance of the system. Proposed, unlike [19], presented a more simplified system
without taking into account performance systems for validating the results. A broader database with
different analysis signals is also presented, making it possible to compensate for any mistakes made
when compared to systems. This way, there is only one signal under analysis when compared to the
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system presented by [19]. In addition, it is important to highlight that there is a significant difference

between the anchor rod and the eye bolt, where the screws have a length and a smaller diameter than

the anchor rod, so the connector presented in this article is different from those presented by [4], [5]

and [16].

Thus, the main contribution of this work is to present a more reliable and viable technique to evaluate

the structural condition of the eyes without the need to dismantle the anchoring system as is traditionally

done, allowing the early detection of structural failures in such elements with a high accuracy. Based

on a random forest classifier in the analysis of multiple input parameters, it provides the detection

algorithm with a diversity of representations of the structure under analysis, which increases the

detection performance of the system, when compared to systems with only one input parameter. Table

I presents a comparison of the general characteristics of systems similar to the proposed one.

Table I. General characteristics of similar fault detecting systems.

Ref Structure Objective Signal Parameter ML Algorithm
Logistic
Regression
. . K-NNs
[4] Anchor rod Fault Detection Microwave |S11]
Random Forest
SVM
ANN
S11
[5] Anchor rod Fault Detection Microwave VSWR ANN
Input Impedance
Ground Longitudinal
[8] rod Corrosion detection acoustic guided Pulse-echo None
waves
[9] Coaxial Fault location Microwave Impedance in th_e None
cable frequency domain
Coaxial . . Impedance
[10] cable Fault location Microwave Spectroscopy None
[11] Steel cable Fault location Microwave r (Reﬂe.Ction None
coefficient)
[12] Steel in Characterl_zatlon of steel Microwave IS11] None
Concrete corrosion stages
[13] Steel in Corrosion detection UHF |S11] None
concrete
[15] Apc(): Q or Fault Detection Microwave |S11] None
[16] Anchor rod Fault Detection Microwave |S11] R"Og'St'.c
egression
Signal characteristics
(mean value, peak
value, peak-to-peak
[17] Anchor rod Fault Detection Vibration value, PSO-SVM
standard deviation,
kurtosis, root mean
square value, etc.)
[19] Eye bolt Fault Detection Microwave |S11] ANN
[20] Eye bolt Fault Detection Microwave |S11] None
Proposed SiL
Sygtem Eye bolt Fault Detection Microwave VSWR Random Forest

Input Impedance
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I1l. METHODOLOGY

To approach a transmission line, a low-loss device was designed connecting the eye bolt, the
reference bar and the VNA voltage source. Such a device, called eyelet adapter [20], allows applying a
high frequency wave to the system, measuring a respective reflected one, and thus obtaining a set of
electromagnetic parameters of the presented transmission line [30]. Such parameters are altered by
discontinuities in the medium in which the wave propagates and, therefore, carry information about the
presence of possible failures in the eye bolt structure [13], [31]. As the eye bolt is essentially a metallic
conducting cylinder, it is possible to couple along it a parallel conductor called the reference rod, so
that the system behaves as a transmission Line. Once such approach has been established between the
conductors, the evaluation of the electromagnetic parameters of the structure is made possible by

connecting the N connector port to a Vector Network Analyzer (VNA) [28], [29], as shown in Fig. 4.
! 420 mm

Reference rod

Eye bolt

adapter Eye bolt s ;
N connec:tor|

405 mm |
Fig. 4. Setup of the TL formed by the eye bolt and the reference rod.

The operating principle of the proposed measurement system is based on the transmission lines theory
and multiple reflections for media with different impedances [1], as presented in Fig. 5. An incident
electromagnetic wave that propagates in a physical medium, upon encountering an interface with
another one of different characteristic impedance, undergoes reflection and refraction. The proportion
between how much of the wave is reflected and how much is refracted depends on the specific

characteristics of both media and is given by the reflection coefficient I'.
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(a) (b)
Fig. 5. Operating principle of the proposed multiple reflections detection system. (a) faultless bolt. (b) faulty bolt.
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Where, Z,, represents the characteristic impedance of the eye bolt, Z.. the medium change impedance,
Z; the fault impedance. Zw: and Zy, are the characteristic impedances of the bolt of the sections before
and after failure, even though they are made of the same physical material, they are represented by
different impedances because, due to the geometric changes caused by the failure, they may behave as
different electromagnetic media.

Thus, as there are different patterns of interaction between the incident and reflected waves that
propagate in the eyebolt for cases with and without failures. The detection can be performed by
analyzing the characteristics of the reflected signals extracted from high frequency and VNA
parameters, such as loss of feedback |S11|, Phase{S11}, input impedance (Zi,) and voltage-wave ratio
(VSWR). Even the parameters are highly correlated and can even be mathematically derived from one
another. However, from the point of view of the machine learning model, they are different
representations of the same measure. Generally, as more diverse representations of the observations are
available to feed the machine learning algorithm (in this specific case, a random forest), more
information can be extracted from the data by the model, allowing for better results. This fact can be
observed when the model simultaneously processes the data of all five analyzed EM parameters and the
measured performance (for example, Precision, F1-Score, Rec, Prec) is superior, when compared to
those obtained for each of the five EM parameters, if analyzed individually [5]. This approach is
possible due to the low computational processing time of the random forest model developed for the

chosen EM parameter data.

A. Eye adapter design and EM simulation for database generation

Initially, the system setup was modeled using an electromagnetic simulation program, Ansys HFSS
2019 [32] to obtain the correct dimensions of the connecting devices and ensure the electromagnetic
coupling between the eye bolt and a 50 Q-port VNA.

The eye adapter has a cylindrical shape in aluminum, so that, only the central pin of the female N
connector has electrical contact with the eye bolt through the adapter's cylindrical surface. For this
reason, a Teflon part and bushings have been designed to isolate it from the external part of the N
connector. The reference rod is characterized by a @ 3/8 " cylindrical bar with a SAE 1020 carbon steel
core covered with a thin copper layer electrolytic, and 420 mm of length in parallel with the bolt. The
eye adapter mechanically connects and electromagnetically couples the eye bolt and the reference rod,
keeping 150 mm of separation between the conductors. The general view of the set-up, including the

concrete block, the typical mounting accessories, and the details of the adapter are shown in Fig. 6.
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Fig. 6. Simulation setup.

A database with 1430 simulated samples was built to provide to the machine learning model a source
of signals corresponding to different types of failures. As shown in Fig. 7, in addition to the faultless
bolt, on each simulation, the length (LE), depth (DE) and distance of the fault to the connection point

(DI) are varied, in the range presented in Table II.
| 390 mm |

Faultless bolt
DE DI
Faulty bolt LE

Fig. 7. Details of the eyebolt simulation model for the faultless and faulty setups.
Table 11. Dimensions of the fault parameters on the simulated bolts.

Parameter Dimensions (mm)
Length (LE) 5, 25, 50, 75, and 100
Depth (DE) 0.1 to 8.0 with step 0.1
9,10, 11,12, and 13
Distance (DI) 75, 100, 125, 150, 175, 200 and 225

B. Measurement system
To perform the measurements with safety, a concrete block with the approximate dimensions of the

beams and columns commonly found in 230 kV and 69 kV substations as well as in 69 kV transmission
lines was used to emulate the concrete structures in which the eye bolts are inserted.

The measurement arrangement has also considered a portable vector network analyzer (FieldFox
9952A), a concrete block, nuts, washers, the eye bolt adapter, and the bolts, as shown in Fig. 8. The
concrete block used in the measurements has the same dimensions as the one used in the simulations

performed.
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For the measurement model, hot-dip galvanized steel eye bolts (AISI / SEA 1045) with a diameter of
15.87 mm (5/8”) and a length of 390 mm were used. The reference rod was built with a central carbon
steel rod with an electrolytic sheath (SAE 1010/1020) with a diameter of 9.52 mm (3/8”) and a parallel
length of 420 mm. A set of 7 distinct eyebolt samples have been prepared for measurements, as shown

in Fig. 9, which dimensions of the interest parameters are presented in Table IlI.

BO B1 B2 B3 B4 B5 B6

(a) ' (b)

Fig. 9. Configurations of the measured bolts: a) Side view b) Top view

Table 111. Dimensions of the fault parameters of the measured bolts.

Bolt Length (LE) Depth (DE) Distance (DI)
(mm) (mm) (mm)

BO Faultless sample

Bl 50 8 70

B2 25 8 110

B3 50 2 110

B4 50 8 110

B5 100 8 110

B6 50 8 250

Each bolt sample was measured several times in a series of data acquisitions so that the signal
variations such as inherent errors related to the measurement process, bad connections, and noise were
eliminated by the classifier. A total of 580 measurements were performed with the 7 bolt samples. They
were divided into 220 measurements of the normal bolt and 60 for each one of the 6 faulty bolt samples.

The same frequency range and resolution points used in the simulations were adopted in the
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measurements to ensure the full compatibility between the data acquired on both setups.

IVV. BINARY CLASSIFICATION BASED ON RANDOM FOREST ALGORITHM

Samples obtained from the m eye bolts are organized in a parameter matrix X,,, ,  , Where each line
xi = (i, xby e, x5 ) (6B, xB0 oo x2)| e | (x5, x5, .o, x5,) CONtAINS an input vector composed by the
concatenation of data referring to the following EM parameters: magnitude of S11, phase of S11, the
real part of Zi,, the imaginary part of Zi,, and VSWR (Voltage Standing Wave Ratio), referring to the
ith bolt. Each EM parameter is sampled at equally spaced n = 501 points in a frequency range from 200
to 600 MHz for both simulation and measurement data. This frequency range was chosen because it
allows the observation of at least one point of resonance, has a low frequency shift between the
measured and simulated signals and the development of a both electromagnetically coupled and
mechanically robust connector to be used in the experimental arrangement. The general format of the

database is shown in Fig. 10.

Vector Input Output
Parameters|Mag {S11}|Pha {S11}| Re{zin} Im{Zin} VSWR Status
Array Xvagis11) | Xpha(siy) XRe{zin} Ximziny Xvswr Y

Dimension | mx 501 | mx501 | mx501 | mx501 | mx501 m X1

Type Real value [Real value| Real value |Real value| Real value | Binary value
Eye bolt 1 Y1

Eye bolt 2 | Data: 501 samples in frequency from 200 MHz to 700 Y2
MHz for each of the 5 parameters.

Eye bolt m Ym

Fig.10. Structure of the electromagnetic parameters database.

The output of the system is one out of two classes: faulty or faultless, regarding the structural
condition of the eye bolts assessed. The minimum threshold that delimits the classes boundaries
corresponds to a fault on its initial stage of damage, with length 5.0 mm and depth 0.1 mm.

Additionally, to allow the supervised training of the model, a column vector Y, «; =
V1, V2, ¥m)T of m binary labels is defined. Each element y; is the classification label of the bolt
corresponding to the ith row of matrix X, being assigned the value 1 if the signal x; comes from a faulty
bolt, and 0, otherwise.

The complete database comprises a total of 2010 elements, being 580 of them from measured bolts
and 1430 from simulated bolts. The use of a hybrid database has the advantage of providing a greater
number of examples to improve the generalization of the classifier through simulated samples that are
easier to obtain. At the same time, the measured samples introduce into the classifier effects that are
difficult to obtain by simulation, such as noise, interference, physical imperfections of equipment and
materials, as well as variations inherent to the measurement process itself.

The proposed system was designed and trained to detect structural faults in eye bolts of power

distribution networks inserted into concrete-made posts, beams, or columns. Although all measured
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signals used to build the database have been taken from the same distribution network, once the physical
dimensions of the eye bolt under test are the same considered to train the classifier, and it is inserted in
a concrete structure, from the point of view of the electromagnetic wave, the propagation medium will
be similar to that of the distribution network from which the training samples were obtained. This makes
it possible to expand the application of the proposed system for any distribution network, independently
of its specific location.

The selection of the random forest as the machine learning model used in the classifier was based on
the analysis already presented in [14] that compared 05 different ML algorithms (Logistic Regression,
KNN, SVM, Neural Networks and Random Forest) on the detection of faults in anchor rods through
the processing of electromagnetic parameters. According to the results presented in [14], the
performance of the random forest algorithm outperforms other approaches for the type of application
on which the proposed in this work was based.

The random forests algorithm is a supervised learning model that uses the decision tree prediction
method, in which each learned parameter is represented by an individual decision tree [33]. The
classification of random forest is based on ensemble methods [34], which combine different models to
achieve a unique result. Thus, the selection of the final prediction follows the majority voting scheme,
meaning that the output chosen by most decision trees becomes the final output of the system [35]. Such
a strategy is used to improve the predictive accuracy of the model and avoid overfitting [36].

To evaluate comparatively the performance of the diagnostic system as a function of each
electromagnetic parameter used as input, a solution was developed in Python language [37], consisting
of a set of independent binary classifiers based on a random forest algorithm composed by 50 decision
trees that has been chosen to evaluate the classifier performance [33]-[35]. Such hyperparameters have
been chosen to balance both the accuracy and the processing time of the classifier.

Each one of the individual classifiers is independent of the others and receives as input a vector
containing the pre-processed samples of one specific electromagnetic parameter. In addition to the
individual classifiers associated with each of the 5 parameters assessed, an extra classifier containing
the concatenation of all parameters, called an ensemble, was also proposed. Thus, as can be seen in Fig.

11, a total of six distinct classifiers were analyzed.
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Fig. 11. The architecture of the proposed binary classifier for the evaluation of electromagnetic parameters.

A 10-fold cross-validation method has been used to evaluate the performance of the model in the
detection of faults in eye bolts. Such a method consists of randomly splitting the available samples of
the database into ten folds, in which, on each iteration, nine of them are used for training and the
remaining one is reserved for testing [38]. The overall system performance is calculated using the
average of the performances achieved on each iteration.

To analyze and compare the performance of the proposed system with similar approaches available
in the literature, the parameters accuracy, precision, recall, and fl-score, will be evaluated. Such
parameters are defined in Table IV in the function of the true positives (tp), true negatives (tn), false
positives (fp), and false negatives (fn) observed in the predictions performed by the model [4], [38],
[39].

Table I1V. Definition of performance parameters.

Accuracy Precision (Prec) | Recall (Rec) F1-Score
ty+t, ty ty _ Prec - Rec
thttnthth ty+fp tp+ fu Prec + Rec

V. RESULTS AND ANALYSIS
Taking as a reference the case of the bolt BO (faultless bolt sample), the Pearson correlation method

[40] was applied to evaluate the similarity between the measured and simulated signals for each
electromagnetic parameter evaluated, as shown in Table V. It was observed a strong correlation between
the measured and simulated signals for all parameters, enabling the use of a hybrid database using both
measured and simulated samples to train the machine learning model [41].

Table V. Correlation between the measured and simulated signals for the B0 eye bolt
EM Parameter Mag.{S11} | Phase {S11} Im{Zin} Re{Zin} | VSWR
Pearson Correlation 0.948 0.997 0.992 0.904 0.909

Fig. 12 and 13 shows the comparison between simulated (SIM) and measured results (MEAS)
respectively of the five electromagnetic parameters under analysis for two examples of bolts, where one
is in the faultless bolt BO, and the other is the faulty sample B5. There are naked-eye observable
variations between the normal and defective bolt signals for the five analyzed parameters, making it
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possible to differentiate between faultless and faulty bolts. However, it can also be noted that the
variations between the signals are subtle and nonobvious. This aspect suggests using a machine learning
tool to extract the proper classification features of the signal, and accurately identify the presence or

absence of faults in the eye bolt.
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Fig. 12. Comparison of simulated results for eye bolts BO and B5: (a) Magnitude of S11, b) Phase of S11, c) Real part
of Zin, d) Imaginary part of Zin, and e) VSWR.
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Fig. 13. Comparison of measured results for eye bolts BO and B5: (a) Magnitude of S11, b) Phase of S11, ¢) Real part
of Zin, d) Imaginary part of Zin, and e) VSWR.

Table VI presents the observed performance of the random forest model for the different
electromagnetic parameters, which demonstrates high accuracy, and a good balance between false

positives and false negatives in all cases tested.

Table VI. Performance achieved by the random forest model regarding the EM parameters.

Parameters Accuracy F1-Score Rec Prec
(%) (%) (%) (%)

[S11] 96.76 98.13 95.08 99.94
Phase {S11} 96.61 97.88 96.53 99.82
VSWR 96.31 98.24 95.97 99.88
Re{Zin} 96.41 97.39 96.08 99.88
Im {Zin} 95.12 97.23 94.13 99.82
Ensemble 97.41 98.36 97.31 99.94
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Using a Windows 10 64-bit computer; Processor Intel 15 Dual Core 2.5 GHz; 8 GB RAM, the
proposed system took in average only 0.63 s to perform a single detection. Such a relatively fast
detection makes it possible to obtain an almost immediate assessment of the integrity of the eye bolts
in field measurements through a common laptop. On the other hand, using the same hardware and
considering a database composed of 2010 samples of the 5 electromagnetic parameters assessed, the
average duration of the training procedure of the random forest classifier was 312 seconds. However,
despite this relatively long time, the system is usually required to be trained once. A new training
procedure is only performed as a new database is available to upgrade the system.

Fig. 14 presents graphically the accuracy values achieved by the proposed system for each of the 6
parameters analyzed, in addition to 3 baselines of other similar fault detection methods based on
machine learning applicable to eye bolt-like structures. The system proposed in [14] achieved an
accuracy of 96.14% for the detection of faults in anchor rods of power transmission lines through the
analysis of the magnitude of S11 parameter by a random forest algorithm. In [17], an accuracy of
93.33% was obtained in the recognition of anchor rods damage task by a model based on PSO-SVM.
The approach presented in [18] obtained an accuracy of 90.11% for an anchor bolt classification based
on spectral kurtosis and the K-means clustering algorithm.

It is possible to observe that, for all the parameters except for the imaginary part of Zin, the proposed
system achieved values of accuracy superior to the baselines. Comparatively, the ensemble parameter
presented the highest accuracy value of 97.41%, and the imaginary part of Zin the lowest, 95.12%. The
superior performance of the ensemble model can be explained by the higher amount of information that
is provided to the machine learning model by the ensemble data. As the ensemble data is the
combination of all the 5 parameters assessed, different representations of the same reflected signal are
available to the model, increasing the possibilities of extraction of the set of features that best separates

the data from faulty and faultless eyebolts.
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Fig. 14. Comparative performance of the proposed fault detection system.
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VI. CONCLUSION
This work proposed a system to noninvasively detect structural faults in eyebolts used for anchoring

electrical insulators of substations and power transmission lines. The system is based on the acquisition
of multiple electromagnetic parameters related to the reflected high-frequency wave that propagates in
the bolt structure. The extraction of features from the signals that allow the identification of normal and
faulty bolts is performed automatically by a machine learning algorithm.

The results indicate that using the ensemble database, the random forest model was able to detect
structural faults in the bolts with an accuracy of 97.41%. A relatively small misclassification of 2.59%
is indeed expected in the system, however, such average error rate is still acceptable for a typical and
real field application. With such reliability, it is possible to apply the proposed system to detect the
presence of faults in eye bolts safely, without the need dismantling of the anchoring system. This
strategy reduces the maintenance costs, the time dedicated to the evaluation of the bolts, and provides
a risk reduction in possible financial losses to the power distribution companies.

Future improvements in the system should include the expansion of the database through field
measurements, the embedding of the entire system as portable case, and the implementation of an
intuitive HMI, to provide the easy acquisition, processing, and analysis of data in the field by
maintenance teams. Alternative approaches for fault detection such as the time-domain analysis of the
residues of the electromagnetic signals compared to a well-defined pattern of faultless eye bolt response

may also be investigated.
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