IOSR Journal of Mechanical and Civil Engineering (IOSR-JMCE)
e-1SSN: 2278-1684,p-1SSN: 2320-334X, Volume 20, Issue 1 Ser. | (Jan. — Feb. 2023), PP 27-36
www.iosrjournals.org

Prediction of Bolt Loosening Using Vibrational Analysis
and Machine Learning

Srinath Reddy G' Yamini Devi Kadiyam®* Bhumika Munuga®

Santhosh Kumar K* Mallika Alapati °

1234 UG students, Department. of Civil Engineering, VNR Vignana Jyothi Institute of
Engineering & Technology, Hyderabad, India.
® Professor and Head, Dept. of Civil Engineering, VNR Vignana Jyothi Institute of Engineering & Technology,
Hyderabad, India

Abstract:

Bolted connections are widely used in almost every structural system due to the added flexibility of assembly
and disassembly of sub-systems for inspection, replacement, and routine maintenance. A bolted connection often
constitutes the weakest link in the design; in many cases, the bolted connection can be responsible for
determining the overall reliability and safety of an entire system. Preloading the bolt in a bolted connection
would allow the transfer of various service loads through the clamped connection: either directly or through
increased frictional resistance at the interface surfaces of the joint. Bolted joints possess a key advantage over
other types of joint types such as riveted and welded joints, they can be dismantled. Although this is an
important benefit, it can also cause potential problems if the bolt loosens as a result of operational conditions.
Often this loosening occurs as a result of vibrational forces. The major causes of bolt loosening fall into the
categories of spontaneous loosening (from vibration, shock, and dynamic loads), and slackening (from creep,
settlement, and relaxation).Bolted joints are often designed and installed with proper analysis in advance to
ensure they function optimally and for the long term without loosening or failure. Bolt testing and bolt loosening
analysis are essential to ensure the reliability of bolted joints and prevent loosening in the field and further the
failures.
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I.  Introduction:

Connections form an important part of any structure and are designed more conservatively than
members. The connections provided in steel structures can be classified as riveted connections, bolted
connections and welded connections. Among the three, Bolted joints are critical to the safe operation of many
types of equipment in a wide range of applications, including power generation, manufacturing, mining, and
transportation, and also in the structure which one subjected to dynamic forces. These bolted connections often
suffer issues of accumulated damages due to continuous application of loads and deterioration from age or
environmental factors.

Damage detection in overlapped beam components by loosening of bolts is a key step in determining
the structure condition.Assessing the state of a structure can be identified by either manual inspection or
experimental techniques such as NDT (Acoustic emission, ultrasonic check, and magnetic particle inspection).
Which are used to avoid causing destruction or influences to structural operation. Vibration analysis is a process
that monitors the levels and patterns of vibration signals within a component, machinery or structure, to detect
abnormal vibration events and to evaluate the overall condition of the test object. The data collected from
vibration analysis on beam components by loosening of bolts, are introduced in the Machine learning based
algorithms for training and testing to predict the accuracy of the model.

Many researchers have done research on bolt-loosening monitoring framework using an image-based
deep learning and graphical model. Hai Chein Pham et.at investigated a novel idea using synthetic data to train a
deep learning model for bolt-loosening detection. Firstly, a bolt-loosening monitoring framework using an
image-based deep learning model trained by computer graphics was presented. Secondly, the feasibility of the
proposed idea was evaluated via the bolt-loosening monitoring of a lab-scaled bolted connection. Thirdly, for
the in-situ applicability, the proposed idea was evaluated on a historical truss bridge in Danang, Vietnam which
resulted in the conclusions that Both the laboratory and field tests showed that the deep learning model trained
by the synthesized images can provide good bolt recognition and bolt angle estimation. The laboratory test
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demonstrated the feasibility of the proposed idea of training a deep learning model on graphical data for
loosened bolt detection. The estimation error of bolt loosening increased along with the perspective angle; the
error was ignorable for small perspective distortions and 1.25° + 0.8° for the perspective angle of 40°. The
number of pixels of the image of a single bolt should not be less than 22.9 K to ensure the accuracy of the bolt
angle calculation. The field test results evidenced the practicality of the proposed framework using deep
learning and a graphical model for large joint monitoring. The as-of-now bolt angles of the representative bolted
joints were estimated with high accuracy. Lastly, the study also opened an alternative strategy to synthesize
training databanks with saved times and costs. The graphic model can be easily reconfigured to generate
additional high-quality images for a new training task. Besides, the results of this study further demonstrate the
use of deep learning models trained on the graphical dataset to work with a real dataset. The presented
methodology is promising to be integrated with the devices carrying digital cameras (e.g., drones, robotic
cameras, and smartphone cameras) to carry out a vision-based bolt-loosening assessment on real-world
structures.

Yang Zhang et.al studied machine vision-based structural health monitoring is gaining popularity due to
the rich information one can extract from video and images. However, the extraction of characteristic
parameters from images often requires manual intervention, thereby limiting its scalability and effectiveness. In
contrast, deep learning overcomes the aforementioned shortcoming in that it can autonomously extract feature
parameters (e.g. structural damage) from image datasets. Therefore, this study aims to validate the use of
machine vision and deep learning for structural health monitoring by focusing on a particular application of
detecting bolt loosening. First, a dataset that contains 300 images was collected. The dataset includes two bolt
states, namely, tight and loosened. Second, a faster region-based convolutional neural network was trained and
evaluated. The test results showed that the average precision of bolt damage detection is 0.9503. Thereafter,
bolts were loosened to various screw heights, and images obtained from different angles, lighting conditions,
and vibration conditions were identified separately. The trained model was then employed to validate that bolt
loosening could be detected with sufficient accuracy using various types of images. Finally, the trained model
was connected with a webcam to realize real time bolt loosening damage monitoring.

Prediction of bolt fastening state using structural vibration signals was carried out by Seong-Pil Jeong
and Jung Woo Sohn for predicting the bolt fastening condition using time domain structural vibrational signals.
They have made this experimental analysis in two ways, by using laser displacement sensor and piezoelectric
film sensor for non-contact type and contact type respectively. After extracting the respective data for both
conditions with different states of fastening, Mean Absolute Value of the measured vibration signal was
calculated and K-NN classifier was adopted. The classification accuracy was identified based on the k value and
distance function. They finally concluded that the classification accuracy was more for non-contact type and
difference in classification accuracy can be reduced by using some other features like natural frequencies.

Gyungmin Toh et.al presented a novel method to measure clamping force by using the vibration of
bolts. The resonance frequency of the bolt increases in line with the clamping force during the tightening
process. These characteristics were measured and utilized in the k-means clustering algorithm. Bolt specimens
were fastened to the load cell using a nut runner for verification of the proposed method. The precisely
measured clamping force was labelled. The labelled data was used to predict the clamping force from the
vibration responses. To use the proposed method in assembly of actual parts, an accelerometer was attached to
the nut runner for vibration measurements. This enabled continuous monitoring of the clamping force without
influence on the parts. The estimated clamping force was compared with those from the torque method. When
the vibration of a bolt was transmitted through the nut runner, loss of high-frequency vibration energy occurred.
The resonant frequency band vibrations of the bolt were preserved to determine the fastening force. The
components in the low frequency band were excluded using a band-pass filter. The clamping force of the bolt
used in the vehicle’s lower arm and the link was also evaluated precisely. By using the proposed method, it is
possible to continuously monitor variations of the clamping force during the manufacturing process.

Il.  Numerical study
2.1 Geometry:

A cantilever beam made up of two steel flats of the same size connected by a 4 bolted lap joint is
considered for the present study.A beam is fixed at one sideto make it rigid and the other beam is connected to
the fixed beam by using four bolts of size 5 mm. The beam is designed in ANSYS software and the bolts are
tightened by applying pretension in static structural.

2.2 Connections:

Two steel flats of cross section 50mm X 2mm of lengths 150mm and 250mm are lap jointed using four
bolts. Lap joint with an overlap of 50mm is made. The bolts are of 5mm diameter and of M5 8.8 grade.4 bolts
are used in 2 rows with a pitch of 12.5 MM and a gauge of 7.5 mm.
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2.3 Modelling and analysing using ANSYS:

The geometry of the bolts was modelled in ANSY'S spaceclaim model, then the contact surfaces were
given to plates, bolt head, shank, nut and washer with a friction coefficient of 0.2. Meshing is done with
tetrahedral elements with 0.2 mm size . To make the bolts fully tighten a preload of 9 N is given for each bolt in
static structure by splicing the shank at the nut. Then the developed model was imported to the modal analysis
frame for extraction the natural frequencies from the initial modes.

2.4 Methodology:
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Free Vibration Analysis

Healthy Structural Damage induced
components Structural components
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Figure 1: Geometry of the Beam
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Figure 3: Discretized Model

2.5 Bolt preload:

In real world bolts are tightened by applying torque, where tightening of the bolt reduces its grip length
and produces tensile preload. Giving threading, applying torque and rotating the nut in Ansys is computationally
difficult and doesn’t add any accuracy to the results. Instead, the shortening of the grip-length (which induces
tensile preload) will result in simulations by slicing the bolt into two parts and applying calculated preload to
both ends. It will make the bolt tighten and hold the two flats firmly. Insufficient bolt preload may cause the
bolts to become loose, leading to failure of the machine assembly or separation end lateral moment of the
mating parts. Since tightening of bolts produces tensile loads in the bolt, the bolt preload is also known as bolt
pretension. The loosening condition of the bolt will be achieved by decreasing the bolt pretension. Bolt preload
will be applied in static structure in Ansys workbench.

2.6 Free Vibration Analysis:

Modal analysis is performed and first 10 modes are extracted.Starting few modes (mostly 1-3) will
contain the maximum weightage. The reaction of a structure is not equally influenced by all vibrational modes.
Therefore, only those modalities with a greater participation factor are often taken into account. This
presumption really aids in the problem's simplification. The remaining modes do not have higher participation
factor but for getting more values, for more accuracy the first 10 modes natural frequency were taken.

For achieving the bolt loosening condition the pretension in the bolt was decreased by certain quantity.
Here we considered 4 cases of bolt condition: Fully tighten (FT), Quarter turn (QT), Half turn (HT), Full loosen
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(FL). These conditions are applied for the bolts in different ways like 1 bolt QT 3 bolts FT, 2 bolts FT 2 bolts
QT, 3 bolts QT 1 bolt FT and so on... . Getting more data will be helpful for predicting more accurately.

2.7 Bolt pretension:

Table 1: Pretensions

BOLT STATE PRETENSION (N-m)
FF - Fully Fastened 9
QT — Quarter Turn 6

HT — Half Turn 3

FT — Full Turn -3

Table 2: Natural frequencies of first 10 modes for different bolt loosening conditions

Fully 1,234 1,234 Fully 12QT 12 FT | 34 FT |12 FT | 12FL, 1,20T
mode tighten 34 0T QT HT loosen 34FT 34 HT 12HT 34 FL 34FT 34HT
1 13.46 13.454 13.45 13.446 13.441 13.453 13.443 13.447 13.437 13.448 13.441
2 71.053 71.013 70.996 70.973 70.94 71.008 70.953 70.985 70.915 70.991 70.942
3 174.31 174.28 174.2 174.03 173.86 174.2 173.93 174.15 173.64 174.19 173.85
4 209.66 209.47 209.36 209.22 209.05 209.43 209.12 209.26 208.94 209.3 209.07
5 308.32 308.15 308.1 307.94 307.85 307.85 307.5 307.67 306.67 307.86 307.06
6 419.72 419.74 419.66 419.5 419.44 419.63 419.41 419.58 419.29 419.59 419.39
7 425.22 425.03 424.94 424.8 424.64 425.02 424.73 424.9 42461 42491 42471
8 711.01 710.53 710.46 710.31 710.09 710.5 710.03 710.46 709.7 710.49 709.94
9 935.92 935.99 935.71 935.58 935.66 935.52 935.29 935.47 934.96 935.5 935.18
10 1040.4 1037.5 1035.5 1032.6 1028.4 1037 1031.2 1034 1027.8 1034.3 1030.8

2.8Stiffness of the beam:

The natural frequency of a system/structure can be approximated by the basic formula Where, ‘K’ is
the restoring force (Restoring Moment in case of rotational motion) and M is the mass of the moving system (for
rotational motion we have to replace ‘M’ by ‘I’ the moment of inertia). Depending up on the system variants of
formula can be arrived at. Here we are keeping the mass constant, and due to loosening of bolts the stiffness and
frequencies will change. So frequencies and mass values are known values, by using them the unknown stiffness
values are determined.

K

Natural frequency, f = % ¥
This Stiffness was used as target values for the ANN tool
2.9 Mass of beam:

Mass of the beam = volume of the beam * density of the beam
= (0.25*0.05*0.002) + (0.15*0.05*0.002)*7850

=0.314 kg
Table 3: Stiffness for different bolt loosen states

mo | Fully 12,34 12,34 Fully 12QT |12 FT |34 FT |12 FT | 12FL, 1,2QT
de | tighten | 34QT | QT HT loosen 34FT | 34HT | 12HT | 34FL 34FT 34HT

224356 | 224156 | 2240.23 | 2238.90 | 2237.23 | 2241.23
1 7061 7299 462 2336 7539 409

62519.2 | 62448.8 | 62418.9 | 623785 | 623205 | 62440.0 | 62343.3 | 19575.8 | 62276.6 | 62410.1 | 62324.0
2 5215 8029 8424 4805 5378 866 9679 2659 3669 9265 6782

376264. | 376135. | 375790. | 375056. | 374324. | 375790. | 374626. | 117632. | 373377. | 375746. | 374281.
3 7565 252 0154 914 5284 015 0123 5679 7978 872 4692

544352. | 543366. | 542795. | 542069. | 541189. | 543158. | 541551. | 170047. | 540620. | 542484. | 541292.
4 3454 1765 6453 9481 397 676 8902 2935 0101 5728 9541

1177205 | 1175907 | 1175526 | 1174305 | 1173619 | 117361 | 1170952 | 367678. | 1164639 | 1173695 | 1167603
5 629 823 252 639 323 9.32 224 9983 517 571 604
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2181565 | 2181773 | 2180941 | 2179279 | 2178655 | 218063 | 2178344 | 684000. | 2177097 | 2180214 | 2178136
6 .535 447 .86 .16 .812 0.06 171 0696 .83 .351 422

2239114 | 2237113 | 2236166 | 2234693 | 2233010 | 223700 | 2233957 | 701462. | 2232694 | 2235850 | 2233746
7 497 .948 .632 428 .36 8.68 .007 5003 .855 .905 .624

6260375 | 6251925 | 6250693 | 6248054 | 6244184 | 625139 | 6243129 | 1960342 | 6237327 | 6251221 | 6241546
8 .07 .215 422 272 .528 7.29 .351 .616 473 .318 .753

1084741 | 1084904 | 1084255 | 1083953 | 1084139 | 108381 | 1083281 | 3401505 | 1082517 | 1083768 | 1083027
9 8.39 1.07 1.09 8.55 2.37 48.3 9.76 406 6.79 4.88 1.81

1340446 | 1332984 | 1327850 | 1320423 | 1309703 | 133170 | 1316845 | 4134894 | 1308175 | 1324774 | 1315823
10 9.24 6.44 3.79 2.93 7.51 01.5 2.58 111 9.55 5.76 8.54

I11.  Artificial Neural Networks (ANN):

Artificial neural networks' major goal is to function similarly to the human brain. Artificial neurons are
also interconnected to create neural networks, just like biological neurons are. The component of a computing
system called an ANN is intended to stimulate how the human brain processes and analyses information. The
benefit of ANN is that it does not need a mathematical equation to learn. Actually, all that is needed are the
input and output data. Based on this information, ANN learns and comprehends the relationship between the
input and output data through the training process. Without understanding the mathematical equation, the ANN
can deliver the expected output for any input variable after the training is successfully finished. As a result, the
data for ANN is required at the beginning. It is the main prerequisite for 27 implementing ANNSs. Data can be
gathered by running simulations and experiments in any software.

Layers of neurons make up neural networks; these neurons serve as the network's central processing
nodes. The network has three layers: the input layer, which accepts input, the output layer, which predicts
output, and the hidden layers, which carry out the majority of the network's computations. Channels link the
neurons of one layer to the neurons of the subsequent layer. The inputs are multiplied by corresponding weights
for each of these channels, and their sum is then supplied as input to the neurons in the hidden layer. Each of
these channels is given a numerical value known as a weight. Each of these neurons has a bias value attached
with it, which is added to the input sum and then sent via an activation function, which is a threshold function.
The outcome of the activation function decides whether or not a certain neuron will be stimulated. Forward
propagation is the process by which data travels across the network from an active neuron to the neurons in the
next layer over the channels. 28 The neuron with the greatest value in the output layer determines the output.
The values essentially represent a likelihood.

3.1 ANN using MATLAB:

Input:

(11 10x15 double
1 2 3 4 5 b 1 8 9 10 1 12 13 14 15

1 134600 134540 134500 134460 134410 134530 134430 134470 134370 134480 134410 134380 134440 134400  13.4400
2 710530 710130 709960 709730 709400 710080 709530 709850 709150 709910 709420 709220 709660 709320 709370
3 1743100 1742800 1742000 1740300 1738600 1742000 1739300 1741500 1736400 1741900 1738500 1736900 1740800 1737700 173.8200
4 2096600 2094700 2093600 2092200 209.0500 2094300 209.1200 2092600 2089400 209.3000 209.0700 2089700 2091500 209.0200  209.0600
5 3083200 3081500 3081000 3079400 307.8500 307.8500 3075000 307.6700 306.6700 307.8600 307.0600 307.0300 3076100 3074500 3069200
6 4197200 4197400 4196600 4195000 4194400 4196300 4194100 4195800 4192900 419.5900 4193900 4193000 4195500 4193100 4193600
T 4252200 4250300 4249400 4248000 4246400 4250200 4247300 4249000 4246100 4249100 4247100 4246200 4247900 4246300 4246900
§ 7110100 7105300 7104600 7103100 7100900 7105000 7100300 7104600 709.7000 7104900 709.9400 709.7700 7103200 709.8600 709.8000
9 9359200 9359900 9357100 9355800 9356600 9355200 9352900 9354700 9349600 9355000 9351800 9350700 9353900 935.1400  935.0100
10 1.0404e+03 1.0375e+03 1.0355e+03 1.0326e+03 1.0284e+03 1037 1.0312¢+03 1034 1.0278e+03 1.0343e+03 1.0308e+03 1028 1.0318e+03 1.0283e+03 1.0306e+03

Fig 4: Natural frequencies from ANSY'S taken as an input
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Target:

(11 10x15 double
1 2 3 4

5 6

1 22436e+03 2.2416e+03 2.2402e+03 2.238%+03 2.2372e+03 2.2412e+03 2.2379¢+03

1 8 9 10 11

1027017 2.235%+03 2.239%6e+03 2.2372e+03 2.2362e+03 2.2382e+03 2236%+03 2.2369e+03
2 62519+04 6.2449+04 6.2419+04 6.237%+04 62321e+04 6.2440e+04 6.2343e+04 1.9576e+04 6.2277e+04 6.2410e+04 6.2324e+04 6.2289%+04 6.2366e+04 6.2306e+04 6.2315e+04
3 37626e+05 3.7614e+05 3.7579+05 3.7506e+05 3.7432e+05 3.7579+05 3.7463e+05 1.1763e+05 3.7338e+05 3.7575e+05 3.7428e+05 3.7359+05 3.7527e+05 3.7394e+05 3.7415e+05
4 544350405 54337e+05 54280e+05 54207e+05 54119e+05 54316e+05 54155e+05 1.7005e+05 54062e+05 54248e+05 54129e+05 54078e+05 54171e+05 54103e+05 54124e+05
5 1.1772e+06 1.1759+06 1.1755e+06 1.1743e+06 1.1736e+06 1.1736e+06 1.1710e+06 36768e+05 1.1646e+06 1.1737e+06 1.1676e+06 1.1674e+06 1.1718e+06 1.1706e+06 1.1665¢+06
6 2.1816e+06 2.1818e+06 2.1809e+06 2.1793e+06 2.1787e+06 2.1806e+06 2.1783e+06 6.8400e+05 2.1771e+06 2.1802e+06 2.1781e+06 2.1772e+06 2.1798e+06 2.1773e+06 2.1778+06
T 22391406 2.2371e+06 2.2362e+06 2.2347e+06 2.2330e+06 2.2370e+06 2.2340e+06 7.0146e+05 2.2327e+06 2.235%+06 2.2337e+06 2.2328e+06 2.2346e+06 2.2329+06 2.2335¢+06
8 6.2604e+06 6.2519+06 6.2507e+06 6.2481e+06 6.2442e+06 6.2514e+06 6.2431e+06 1.9603e+06 6.2373e+06 6.2512e+06 6.2415+06 6.2386e+06 6.2482e+06 6.2401e+06 6.2391e+06
9 1.0847e+07 1.0849e+07 1.0843e+07 1.0840e+07 1.0841e+07 1.0838¢+07 1.0833e+07 3.4015e+06 1.0825¢+07 1.0838e+07 1.0830e+07 1.0828e+07 1.0835e+07 1.0829¢+07 1.0826e+07
10 1.3404e+07 1.3330e+07 1.3279+07 13204e+07 13097e+07 1.3317e+07 1.3168e+07 4.134%+06 1.3082e+07 1.3248e+07 1.3158e+07 1.3087e+07 1.3184e+07 1.3094e+07 13153e+07

15

Fig 5: Stiffness were taken as target values

Table 4: Actual and predicted stiffness values

Bolt state Actual Values Predicted Values
Fully tighten 2243.567061 2244.6565
34QT 2241.567 2242.223
1,2,3,4QT 2240.23 2239.46
1,2,34HT 2238.902 2239.487
Fully loosen 2237.237539 2243.217
1,2QT 2241.23 2239.49
12FT34HT 2237.903383 2243.217
34QT12HT 2244.7676 2243.217
12FT34FL 2235.90615 2243.2169
12FL34FT 2239.56843 2239.5368
1,2 QT 3,4 HT 2237.237539 2243.217
1,2QT34FL 2236.23896 2243.217
12HT 3,4 QT 2238.236342 2243.217
12HT34FL 2236.904653 2243.217
1FT2QT3HT4FL 2236.904653 2243.217
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IV.  Conclusions
Since tightening of bolts produces tensile loads in the bolt, the bolt preload also known as bolt pretension is
used to simulate various loosening conditions. The loosening condition of bolt is achieved by decreasing the
bolt pretension.
The bolt loosening situations for various preload conditions were studied by simulating various loosening
conditions in finite element simulation tool ANSYS.
It is observed that there is change in the stiffness of the lapped member as the bolts are loosened and hence
there is change in the natural frequencies.
The modal frequencies are decreased maximum for the case of fully loosened when compared to the fully
tightened state.
The present study proved that changes in the bolt loosening will affect the modal parameters like modal
frequencies and mode shapes of the structural assembly.
An ANN (Artificial Neural Networks) algorithm is proposed for predicting the changes in the stiffness in
order to identify the bolt loosening.
The application of ANN algorithm proved to be 96% efficient in predicting the damage case.
Further studies can be done on the parameters affecting the stiffness changes in the connected beams.
Other Machine learning algorithms can also be studied for the prediction of bolt loosening

References
Jeong, S. P., (2019). Prediction of bolt fastening state using structural vibration signals. Journal of Mechanical Science and
Technology, 33(8), 3963-3970.
Hu, Y.J., Guo, W.G.,Jiang,C., Zhou, Y.L., & Zhu,W.(2018). Looseness localization for bolted joints using Bayesian operational
modal analysis and modal strain energy. Advances in Mechanical Engineering, 10(11), 1687814018808698.
Zhang,Y., Sun X., Loh, K. J., Su, W., Xue, Z., & Zhao, X. (2020). Autonomous bolt loosening detection using deep learning.
Structural Health Monitoring, 19(1), 105-122.
TAharabadkar, R. S., & Shelake, R. S. Vibration loosening of bolted fasteners. International Journal of Engineering and Technical
Research, 7(4).
Yang, G., Che, C., Xiao S., Yang, B., Zhu, T., & Jiang, S. (2019). Experimental study and life prediction of bolt loosening life
under variable amplitude vibration. Shock and Vibration, (2019).
Chen, Y., Gao, Q., & Guan, Z. (2017). Self-loosening failure analysis of bolt joints under vibration considering the tightening
process. Shock and Vibration, 2017.
Toh, G>, GWon, J., & Park, J. (2019).Determination of Clamping Force Using Bolt Vibration Responses during the Tightening
Process. Applied Sciences, 9(24), 5379.

DOI: 10.9790/1684-2001012736 www.iosrjournals.org 34 | Page



Prediction of Bolt Loosening Using Vibrational Analysis and Machine Learning

ONTRIBUTORS:

Srinath Reddy G(19075A0104): He completed his SSC and Intermediate,
joined VNRVIJIET in 2018 and submitted the project work
titled“Prediction of Bolt Loosening Using Vibration Analysis and
Machine Learning”.

'Yamini Devi Kadiyam (18071A0126): She completed his SSC and
Intermediate, joined VNRVJIET in 2018 and submitted the project work
titled“Prediction of Bolt Loosening Using Vibration Analysis and
Machine Learning”.

Bhumika Munuga(18071A0138): She completed his SSC and
Intermediate, joined VNRVJIET in 2018 and submitted the project work
titled“Prediction of Bolt Loosening Using Vibration Analysis and
Machine Learning”.

Santosh Kumar K (18071A0127): He completed his SSC and
Intermediate, joined VNRVJIET in 2018 and submitted the project work
titled“Prediction of Bolt Loosening Using Vibration Analysis and|
Machine Learning”.

DOI: 10.9790/1684-2001012736 www.iosrjournals.org 35 | Page



Prediction of Bolt Loosening Using Vibrational Analysis and Machine Learning

Dr.A. Mallika is a Professor and Head of the Department of Civil
Engineering at VNR Vignana Jyothi Institute of Engineering and
Technology. Her research interests includeFinite Element Analysis, Shell
Structures, Earthquake Engineering, Optimization Techniques, Genetic
algorithms, Structural Health monitoring. She has more than 19 years of]
experience in teaching, research and industry. She has published a total of
30 research papers in several National and International Journals of repute
and conferences.

. Srinath Reddy G, et. al. “Prediction of Bolt Loosening Using Vibrational Analysis and Machine i
. Learning.” 10SR Journal of Mechanical and Civil Engineering (IOSR-JMCE), 20(1), 2023, pp. !
| 27-36. I
1 1

DOI: 10.9790/1684-2001012736 www.iosrjournals.org 36 | Page



