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Tomographic Ultrasonic Sensors in Industrial Applications

Abstract. The work presents the results of research on the use of tomographic ultrasonic sensors to analyse industrial processes using dedicated
measuring devices, image reconstruction algorithms and cyber-physical system.

Streszczenie. W pracy przedstawiono wyniki badan nad wykorzystaniem tomograficznych czujnikéw ultradzwiekowych do analizy proceséw
przemystowych z zastosowaniem dedykowanych urzadzeri pomiarowych, algorytméw rekonstrukcji obrazu oraz systemu cyber-fizycznego.
(Tomograficzne czujniki ultradzwiekowe w zastosowaniach przemysfowych).
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Introduction

Cyber-Physical Systems (CPS) is a concept of systems
with strictly integrated computational, physical and com-
munication processes. In contrast to advanced systems,
CPS create a unified structure for modelling and
implementing complex systems as a whole. The presented
concept of Cyber Intelligent Enterprise consists directly in
the application of the CPS vision in the field of enterprise
systems, the Internet of Things (loT) and the semantic
network. The tight integration of physical devices and
business processes gives new possibilities and increases
the efficiency of the enterprise [1]. Systems of cooperating
computing units that are in in-tense connection with the
surrounding physical world and its current processes
provide and use simultaneously data access and data
access services available on the Internet. They can be part
of the fourth industrial revolution, often labelled as Industry
4.0. Cyber-physical production systems (CPPS) are based
on the latest developments in the fields of information
technology, electronics, information and communication
technologies.  Autonomy, cooperation,  optimization,
integration of analytical approaches and simulations is
related to the operation of sensor networks, large amounts
of data and the search, analysis and interpretation of
information with particular emphasis on security aspects [2].
The hybrid NC control system for an automatic line based
on CPS technology uses a variety of techniques, such as
sensors, intelligent computing and heterogeneous network
integration [3].

The implementation of a system combining real
industrial environments with a virtual copy of components is
presented in [4]. Intelligent hardware and software are
needed to build a smart factory. These include broadband
devices, intelligent machine controllers, analytical systems
for large data sets, and integrated information applications.
With the advent of new technologies such as IoT, Cloud
Computing, Big Data, Artificial Intelligence - intelligent
machines and products can communicate with each other
and negotiate configuration changes to flexibly produce
many types of products. Data can be collected from smart
devices and sent to the cloud. This gives feedback and
coordination based on large data analysis to optimize
system performance. Self-organizing reconfiguration and
communication based on large amounts of data de-fines the
framework and mechanism of operation of an intelligent
factory in industry 4.0 [5]. Agent-based intelligent pro-
duction applications are the right solution to the problem of
production planning and scheduling because production
companies can include many different elements such as
planning, monitoring and control of production processes.

Agent-based deployment lets you define workflow and track
production logic. In the automation of production systems
for parallel control, multi-agent technologies can be used,
using cloud computing and service-oriented architecture
(SOA) to share production resources [6].

Tomographic imaging of objects creates a unique
opportunity to discover the complexity of the structure
without having to damage the object [7]. In industrial
processes, there is a growing demand for information on
how internal flows behave in devices such as pipelines,
reactors and tanks. Observations should be made non-
invasively using tomographic equipment. Conventional
measuring instruments may be unsuitable for difficult
internal process conditions or their presence may interfere
with the process.

Process tomography involves manipulating data
obtained from remote sensors to obtain accurate
quantitative information from inaccessible locations [8].
Tomographic monitoring streamlines processes and their
design, enabling real-time imaging of boundaries between
different components using non-invasive sensors [9-11].
Information on substance properties, vector flow velocity or
component concentration in process tanks and pipelines
can be determined from the images obtained by installing
sensors around the object to be imaged. Image data can be
analysed online or collected for later use to launch a
process control strategy or to develop models describing
individual processes. Online monitoring and diagnosis of
tomographic data streams can be integrated into automated
decision systems for industrial applications. By using
computer monitoring methods, you can solve very complex
problems. Current tomographic systems provide limited
support for computer intelligence methods, given the limited
space and relatively long computation time that is required
to process data by embedded algorithms. The monitored
object is a tomographically instrumented part of the
production plant, in which the tomographic device collects
data thanks to transducers. Transducers are placed on the
surface of the tested object (e.g. tank) and emit and receive
ultrasonic signals in a non-invasive manner. The device
sends raw data to the cloud computing system, where the
reverse problem is solved (image reconstruction). The last
effect is the use of a deterministic algorithm, optimization
methods and machine learning to classify the state of the
monitored object [12-30].

Ultrasound Tomography System

Many measurements can be made using ultrasound
without the risk of damage or irradiation of the test objects.
Measurement of such parameters as signal transition time,
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damping factor and its frequency derivative allows, after
appropriate reconstruction transformations, imaging of the
internal structure of the medium under study, as well as
such flow parameters as, for example, its instantaneous
speed or average velocity profile.

The ultrasonic tomograph consists of active measuring
transducers controlled by an external module via a
Controller Area Network (CAN bus). CAN bus is a robust
vehicle bus standard designed to allow microcontrollers and
other devices to communicate with each other's
applications without a host computer. Active transducers
are divided into digital and analogue parts. The digital part
is responsible for sending ready measurement results to the
tomography controller via the bus. The analog part has
been adapted to work with a piezoelectric transducer
operating at 48 kHz. The active transducer can act as both
an ultrasonic signal receiver and as a transmitter.

The main tomography controller is responsible for
managing the measuring sequence, setting the active
transducers in transmit / receive mode and recording the
results taken from other transducers. The transducers are
designed so that they can be placed very close to each
other. Power lines, communication buses and interrupt lines
necessary for proper measurement of time from sending to
receiving the signal on other transducers were carried out
using RJ-12 cables. The concept of ultrasound tomography
construction assumes the construction of a system of active
measuring transducers controlled by an external module via
CAN bus. Active transducers are divided into digital and
analogue parts. The digital part of the transducer is
responsible for sending ready measurement results to the
tomography controller via the bus. Figure 1 show
measurement models for process tomography based on
ultrasound tomography. The model of analysis and control
of the crystallization and fermentation process is shown in
Figure 2.

Process vessel Data acquisition unit Reconstruction unit

Fig.1. Measurement model for ultrasound tomography

Communication
protocol

Fig.2. Monitoring, analysis and control processes in the test tank by
tomographic methods

Deterministic Measurement Model

At Research and Development Centre Netrix S.A. a
liquid environment measuring station for ultrasound
tomography was prepared. Ultrasound tomography enables
the analysis of processes taking place in the facility without
interfering with the production, analysis or detection of
obstacles, defects and various anomalies. The presented
measuring system has a specially designed measuring

structure including transducers. Thanks to this, the cyber-
physical system is an innovative solution, especially
effective in the analysis and control of industrial processes.

The transducers are designed so that they can be
placed very close to each other. Power cables,
communication bus and interrupt lines necessary for the
correct implementation of time measurement from the
moment of sending the signal to receive from other
transducers were made using RJ-12 cables. The device
housing is laser cut from acrylic glass. A printed circuit
board (PCB) assembly inside the housing is done by
inserting a ready-made plate with a soldered ultrasonic
transducer and fix it with plastic screws.

Under the ultrasonic transducer there is a flexible rubber
pad, which allows it to move, thanks to which it can adapt to
the curvature of the examined object. The transducers are
installed on the tested object through flexible strips
threaded through the holes located in the upper part of the
housing. Each transducer is assigned a number from 1 to
32. The transducer number is assigned based on the
microcontroller's serial number. Therefore, after registering
all serial numbers, you can update the transducer software
with the same batch file. Measurement of the time of
transition of the ultrasonic wave from one transducer to
another was achieved by connecting all transducers to an
additional communication line.

When the low state appears on this line, all transducers
except for the transmitting transducer start the time
measurement and end it after receiving the ultrasonic wave.
Then each receiving transducer sends the measurement
result to the tomograph controller. Based on information
about which transducer was the transducer and which
transducer sent the result, the measurement value is saved
in the appropriate cell of the measurement matrix. The
analog signal is processed using an A/C converter or
comparator with a programmable threshold. Due to better
accuracy in the current version, the measurements are
sampled, and the exact time of appearance of the acoustic
wave is determined on the basis of samples. This method is
much more accurate, but unfortunately requires more
processing power than the processor, which means that the
measurement takes longer than in commonly used
methods.

(a)

Fig.3. Examples of reconstruction using ultrasound tomography for
20 measuring points with 48 kHz transducers: (a) image
reconstruction for 2 objects, (b) image reconstruction for 1 object,
(c) tomographic system

The main controller of the tomograph is responsible for
managing the measurement sequence, setting the active
transducers into transmit / receive mode, and saving the
results on an SD card. This is an early version that will be
further improved with additional features:

+ the ability to change the gain on individual transducers,

+ the ability to send results via a USB port to external
imaging devices,

» display graphics illustrating changes in the values of
individual cells of the results matrix.

Figure 3 shows image reconstruction made by
Raylntegration method with a communication system.
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Machine Learning Measurement Model
To transform ultrasonic measurements into a
tomographic image, an artificial neural network (ANN) of the

multilayer perceptron type preceded by an autoencoder was
used (Fig. 4). The neural network used during the research
had the following structure:
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Artificial Neural Network

Fig.4. ANN with autoencoder structure

The task of the autoencoder is to improve the image
quality by reducing measurement noise. In the presented
case, the measuring vector constituting the ANN input
consists of 496 measurements. Each measurement reflects
the time at which the sound wave travels the distance
between the individual transducers. Each of the 32
transducers located around the container walls can both
emit and receive ultrasonic signals.

If there are no inclusions on the sound wave path, the
time the sound wave travels over a given distance is the
shortest. Before starting measurements, the system
performs a reference measurement in an object-free
environment. The appearance of objects inside the tank
disturbs (reduces) the speed of sound, thus increasing the
time recorded between individual transducers. This allows
you to specify the location and size of the objects. The test
object is a physical model of an industrial tank reactor.
During the tests, a container filled with tap water was used.
Various objects were hidden in water and ultrasound
measurements were carried out to detect them. Knowledge
of the location and dimensions, as well as the number of all
inclusions corresponding to each measurement, enabled
the development of a simulation algorithm that generated
20,000 learning cases (measurements and pattern images)
used to train ANN.

Conclusions

The Raylntegration algorithm gives good
reconstructions, but the condition for obtaining them is a
precise calibration of the devices made before each series
of measurements. This is troublesome because the
calibration is performed on an empty tank. In laboratory
conditions, calibration is not difficult, but in industrial
conditions, frequent calibration can be difficult.

ANN does not require such frequent calibration - which
is its advantage. ANN has been enriched with an
autoencoder for denoising the input data. In the presented
research ultrasound tomography was used to identify
hidden inclusions in a tank filled with water. The input vector
contained 496 measurements, which were characterized by
a certain level of noise. The noise was caused by errors
and inaccuracies in the measuring equipment, as well as
interference in the way the data was transmitted between
the components of the measuring system. Research has
shown that using ANN in combination with an autoencoder,
the reconstruction images are of good quality. It was found
that sparse encoder placed before ANN inputs significantly
improves the quality of measurement data. Furthermore,
the use of the encoder equipped with a sufficiently large
number of neurons allows the transformation of an under
completed problem into an over completed one, which
significantly improves the reconstruction results. The
research has confirmed that the use of rare autoencoders
can significantly improve  tomographic imaging
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performance. As a result, the ultrasound tomography
method, which is still not very popular, can be successfully
used in the process industry.

Authors: Tomasz Rymarczyk, Ph.D., D.Sc. Eng., Research and
Development Centre Netrix S.A/University of Economics and
Innovation, Projektowa 4, Lublin, Poland E-mail:
tomasz@rymarczyk.com; Grzegorz Kfosowski, Ph.D., Lublin
University of Technology, Nadbystrzycka 38A, Lublin, Poland, E-
mail: g.klosowski@pollub.pl; Konrad Kania, M.Sc. Eng., University
of Economics and Innovation, Projektowa 4, Lublin, Poland E-mail:
konrad.kania@wsei.lublin.pl; Mariusz Mazurek, Ph.D., Institute of
Philosophy and Sociology of the Polish Academy of Science
Warsaw, Poland, E-mail: mmazurek@ifispan.edu.pl.

REFERENCES

[1] Repta D., Sacala l. S., Moisescu M. A., Stanescu A. M.,
Towards the development of a Cyber-Intelligent Enterprise
System Architecture, IFAC Proceedings Volumes (IFAC-
PapersOnline), (2014) 827-832

[2] Monostori L., Cyber-physical production systems: Roots,
expectations and R&D challenges, Variety Management in
Manufacturing. Proceedings of the 47th CIRP Conference on
Manufacturing Systems, Procedia CIRP 17, (2014), 9-13

[8] Qian F., Xu G., Zhang L., Dong H., Design of Hybrid NC
Control System for Automatic Line, International Journal of
Hybrid Information Technology, 8/4 (2015), 185-192

[4] Bergweiler S., Intelligent Manufacturing based on Self-
Monitoring Cyber-Physical Systems, UBICOMM 2015 The
Ninth  International Conference on Mobile Ubiquitous
Computing, Systems, Services and Technologies, 9, (2015),
108-113

[5] Wang S., Wan J,, Li D., Zhang C., Implementing Smart
Factory of Industrie 4.0: An Outlook, Int. J. Distrib. Sens.
Networks, 2016, (2016), 1-10

[6] Zhong R. Y., Xu X, Klotz E., Newman S. T., Intelligent
Manufacturing in the Context of Industry 4.0: A Review,
Engineering, 3, (2017) no. 5, 616-630

[71 Beck M. S., Williams R. A., “Process tomography: A
European innovation and its applications,” Meas. Sci. Technol.,
7, (1996) no. 3, 215-224

[8] Rymarczyk T., Characterization of the shape of unknown
objects by inverse numerical methods, Przeglad
Elektrotechniczny, 88 (2012), No. 7b, 138-140

[9] Rymarczyk T., Kiosowski G., Tchérzewski P., Cieplak T.,
Koztowski E.: Area monitoring using the ERT method with
multisensor electrodes, Przeglad Elektrotechniczny, 95 (2019),
No. 1, 153-156

[10]Rymarczyk T., Nita P., Vejar A., Wo$ M., Stefaniak B.,
Adamkiewicz P.: Wearable mobile measuring device based on
electrical tomography, Przeglad Elektrotechniczny, 95 (219),
No. 4, 211-214

[11]Ktosowski G., Rymarczyk T., Kania K., Swi¢ A., Cieplak T.,
Maintenance of industrial reactors based on deep learning
driven ultrasound tomography, Eksploatacja i Niezawodnosc —
Maintenance and Reliability; 22 (2020), No 1, 138-147

[12]Klosowski G., Rymarczyk T., Wojcik D., Skowron S.,
Adamkiewicz P., The Use of Time-Frequency Moments as
Inputs of LSTM Network for ECG Signal Classification,
Electronics, 9 (2020), No. 9, 1452

PRZEGLAD ELEKTROTECHNICZNY, ISSN 0033-2097, R. 97 NR 1/2021



[13]Ktosowski G., Rymarczyk T., Cieplak T., Niderla K., Skowron
t., Quality Assessment of the Neural Algorithms on the
Example of EIT-UST Hybrid Tomography, Sensors, 20 (2020),
No. 11, 3324

[14]Koulountzios P., Rymarczyk T., Soleimani M., A quantitative
ultrasonic travel-time tomography system for investigation of
liquid compounds elaborations in industrial processes,
Sensors, 19 (2019), No. 23, 5117

[15] Szczesny, A.; Korzeniewska, E. Selection of the method for the
earthing resistance measurement. Przeglad Elektrotechniczny,
94 (2018), 178-181

[16] Korzeniewska, E., Sekulska-Nalewajko, J., Gocawski, J., Droz
Dz, T., Kiebasa, P., Analysis of changes in fruit tissue after the
pulsed electric field treatment using optical coherence
tomography, EPJ Applied Physics, 91 (2020), No.3, 30902

[17]Sekulska-Nalewajko, J., Goctawski, J., Korzeniewska, E., A
method for the assessment of textile pilling tendency using
optical coherence tomography, Sensors (Switzerland), 20
(2020), No.13, 1-19, 3687

[18]Pawtowski, S., Plewako, J., Korzeniewska, E., Field modeling
the impact of cracks on the electroconductivity of thin-film
textronic structures, Electronics (Switzerland), 9 (2020), No.3,
402

[19]Kosinski, T.; Obaid, M.; Wozniak, P.W.; Fjeld, M.; Kucharski, J.
A fuzzy data-based model for Human-Robot Proxemics. In
Proceedings of the 2016 25th IEEE International Symposium
on Robot and Human Interactive Communication (RO-MAN),
New York, NY, USA, 26-31 August 2016; 335-340

[20]Fraczyk, A.; Kucharski, J. Surface temperature control of a
rotating cylinder heated by moving inductors. Appl. Therm.
Eng., 125 (2017), 767-779

[21]Majchrowicz M., Kapusta P., Jackowska-Strumito L.,
Sankowski D., Acceleration of image reconstruction process in
the electrical capacitance tomography 3d in heterogeneous,
multi-gpu  system, Informatyka, Automatyka, Pomiary w
Gospodarce i Ochronie Srodowiska (IAPGOS), 7(2017), No. 1,
37-41

[22]Goetzke-Pala A., Hota A., Sadowski t., A non-destructive
method of the evaluation of the moisture in saline brick walls
using artificial neural networks. Archives of Civil and
Mechanical Engineering, 18 (2018), No. 4, 1729-1742

[23]Koztowski E., Mazurkiewicz D., Zabinski T., Prucnal S., Sep J.,
Assessment model of cutting tool condition for real-time
supervision system, Eksploatacja i Niezawodnosc -
Maintenance and Reliability, 21 (2019), No. 4, 679-685

[24]Koztowski E., Mazurkiewicz D., Zabinski T., Prucnal S., Sep J.,
Machining sensor data management for operation-level
predictive model. Expert Systems with Applications 159 (2020),
1-22

[25]Zhang A., Srivastav H., Barros A., Mazurkiewicz D., Liu Y. -
Performance analysis of redundant safety-instrumented
systems considering the imprecision of information in proof
tests. Proceedings of the 30th European Safety and Reliability
Conference and the 15th Probabilistic Safety Assessment and
Management Conference Edited by Piero Baraldi, Francesco
Di Maio and Enrico Zio. Published by Research Publishing,
Singapore

[26]Koztowski E., Kowalska B., Kowalski D., Mazurkiewicz D.,
Survival Function in the Analysis of the Factors Influencing the
Reliability of Water Wells Operation. Water Resources
Management 33 (2019), No. 14, 4909-4921

[27]Daniewski K., Kosicka E., Mazurkiewicz D., Analysis of the
correctness of determination of the effectiveness of
maintenance service actions. Management and Production
Engineering Review 9 (2018); No. 2, 20-25.

[28]Koztowski E., Mazurkiewcz D., Kowalska B., Kowalski D. —
Application of multidimensional scaling method to identify the
factors influencing on reliability of deep wells. In: Burduk A.,
Chlebus E., Nowakowski T., Tubis A. (eds) Intelligent Systems
in Production Engineering and Maintenance. ISPEM 2018.
Advances in Intelligent Systems and Computing, 835 (2018),
56-65

[29]Charpentier P. , Véjar A., From Spatio-Temporal Data to
Manufacturing System Model, J Control Autom Electr Syst, 25
(2014), No.5, 557-565

[30]Véjar A., Charpentier P., Generation of an adaptive simulation
driven by product trajectories, J Intell Manuf, 23 (2012), No. 6,
2667-2679

PRZEGLAD ELEKTROTECHNICZNY, ISSN 0033-2097, R. 97 NR 1/2021 169



