
 
Abstract 
In the domain of industrial machinery, predictive maintenance plays a pivotal
role in minimizing downtime and optimizing operations. This comprehensive
research explores an innovative approach to predictive maintenance by
harnessing the vibration sensor signals analysis. The primary goal is to
autonomously predict the timing and root causes of faults in roto-dynamic
machinery, revolutionizing maintenance practices. 

 

Artificial intelligence diagnosis and analysis in 
roto-dynamic machinery faults recognition using 

AI techniques 

The methodology involves advanced artificial intelligence techniques, with a 
focus on deep learning, to analyse real-time vibration sensor data. Cutting-edge 
equipment with high-resolution data acquisition capabilities is employed, 
enhancing signal investigation and discrimination. Machine learning models 
like Convolutional Neural Networks (CNNs) [19] and Transfer Learning are 
integrated for accurate fault prediction. 

The research demonstrates the effectiveness of deep learning algorithms in 
predictive maintenance. These algorithms can autonomously identify fault 
timing and causes, reducing reliance on human expertise and enhancing 
accuracy. A practical case study involving a centrifugal pump within a Reverse 
Osmosis process validates the system's capabilities[26]. 



 
The benefits of predictive maintenance using vibration sensor signals are 
substantial, including cost savings, reduced unplanned downtime, and improved 
operational safety. The study emphasizes the importance of proactive 
maintenance in optimizing industrial efficiency and ensuring the longevity of 
critical equipment. 
The device underwent rigorous testing at the Jubail pilot plant in WTIIRA 
premises, where it was installed in the pump of the nano unit for an extensive 
one-month trial period. During this testing phase, the device demonstrated its 
capabilities by promptly detecting an alarm signal related to the bearing of the 
pump. This early warning provided crucial insights into the machinery's health 
and potential issues, identifying breakdowns and facilitating timely maintenance 
interventions. The successful trial at the Jubail pilot plant underscored the 
device's practical applicability and its potential to revolutionize predictive 
maintenance practices in the industrial sector. 
This research showcases the transformative potential of artificial intelligence 
and deep learning in predictive maintenance. Proactive maintenance practices 
are highlighted as essential for operational efficiency and the preservation of 
vital industrial equipment. 

Introduction 
Pumps are crucial devices within the desalination industry, serving as the 
lifeblood of various processes critical to freshwater production. Desalination 
mainly has two operation techniques membrane (reverse osmosis) and thermal 
(Multi stage flash and Multi effect desalination) [1]. In the realm of Reverse 
Osmosis (RO), pumps play a pivotal role as the main driving force behind the 
pressurization of seawater, facilitating its passage through semi-permeable 
membranes to separate salt and impurities [2]. This process underpins the 
efficiency and productivity of RO systems, making pumps an essential 
component in the quest for freshwater generation. Moreover, pumps find their 
significance in Multi-Stage Flash (MSF) and Multi-Effect Distillation (MED) 
systems by circulating water in the heat exchanger area. They maintain the 
circulation required for the evaporation and condensation stages, ensuring that 
thermal desalination processes operate optimally [3]. Thus, pumps are not only 
the heartbeat of the desalination industry but also a testament to the critical 



 
synergy of mechanical and thermal processes in meeting the world's growing 
freshwater needs. 
This was the driver for this research, to mainly predict the fault and its timing to 
avoid any forced shutdown and increase plant reliability, which will lead to 
reduce the water unit cost. 
In the industrial machinery, the pursuit of seamless and uninterrupted operations 
has long relied on the discerning eye and expertise of human vibration analysts. 
These professionals have played a pivotal role in detecting faults within roto-
dynamic machinery, offering invaluable insights into the reliabilty of critical 
equipment. However, as technology advances and operational demands grow 
more complex, the need for autonomous and real-time fault detection becomes 
increasingly pronounced [4]. 

The core objective of this research is to pioneer an intelligent system capable of 
autonomously detecting faults in roto-dynamic machinery, minimize the 
necessity for human interaction, and thereby elevating the accuracy and speed 
of condition monitoring. The cornerstone of this research lies in the utilization 
of microprocessor-based intelligence. 

In this research, bound the power of artificial intelligence, leveraging a 
sophisticated AI software built on the Python programming language. Coupled 
with a cutting-edge data acquisition card, we interface vibration accelerometers 
to capture real-time raw signals in the amplitude-time domain. This synergy of 
advanced technology boasts a high-resolution 24-bit analog-to-digital converter 
(ADC) and a remarkable sampling rate of 48,000 samples per second (S/s), 
affording us the highest degree of signal investigation and discrimination across 
all types of signals. 



 
on the test was conducted on a 75 kW centrifugal pump. Operating at various 

load through variable frequency driver for the Reverse Osmosis process

Fault diagnosis is the process of extracting and analysing the characteristic data
of the equipment[5] to obtain the state of the equipment and judge whether the
equipment is abnormal. Generally, fault diagnosis technology includes three
tasks: 
fault detection, which is used to detect equipment faults;
fault isolation, which is used to locate and classify faults;
fault estimation, which is used to determine the nature and level of faults. 

There are three kinds of fault diagnosis methods: experience-based method, 
model driven method and data driven method 
The experience-based method is used in systems that lack information and are 
not easy to model[10], and requires a lot of expert experience; the model driven 
method relies on accurate mathematical model and requires a lot of expert 
experience too. The data driven method mainly adopts various data mining 
technologies to obtain the key information hidden in the data, analyses the state 
of the equipment, and achieves the goal of fault detection, diagnosis and 
isolation. Compared with the experience based and model driven methods, the 
data driven method solves the problem of relying too much on expert 
experience and mathematical model. With the rapid development of information 
technology, data-driven fault diagnosis technology [12] has been developing 

 
Figure 1. sensor installation on the pump and system installation 

Methodology 



 

rapidly and been widely used. Fault diagnosis based on deep learning is an 
important data-driven fault diagnosis method as in figure 2. 
Fault diagnosis based on deep learning Deep learning is new research in the 
field of machine learning. It makes machine learning closer to the original goal -
- artificial intelligence (AI) [7]. With the help of strong learning ability, deep 
learning transforms the low-level features of the input data into high-level 
features, simulates very complex functions, and obtains the inherent laws of 
sample data. Fault diagnosis technology based on deep learning takes feature 
learning as the main purpose. With the development and application of 
Convolutional Neural Network (CNN) figure 3, Deep Belief Network (DBN), 
Generative Adversarial Network (GAN), Transfer Learning and other 
algorithms, the application of fault diagnosis based on deep learning is more 
and more common. 

Figure.2 machine learning (ML) vs deep learning (DL) 



 
Figure3: CNN architecture 

SO, fault diagnosis using AI plays a significantly important role [11] in 
reducing both operation and maintenance costs and ensuring safe operations and 
it generally has three diagnosis steps: 
1. Sensor data that can show the health status of equipment is collected. 

2. The features are extracted from the collected data by various algorithms. 
3. According to the extracted fault-sensitive features, various ML algorithms 
are used to identify and classify the faulty states of equipment. With the rapid 
development of DL. 

In this case a regular trend analysis for the parts (break down) estimated for 
avoid the failure of machine parts and this is a highest priority aspect for the 
possessor of right to maintain the machines in good working condition without 
facing the unplanned or off schedule shutting down 
The figure 4 represent an example of trend analysis 



 
Figure 4: represent an example for trend analysis 

Evaluation test 
The advanced system of artificial intelligence was tested on the pump shown in figure 1 
as discussed which has the following characteristics: 

• Centrifugal type 
• rotating speed (59 revolutions per second) 
• The power is 75 kW 

that the system is placed on a pump that is likely to have a specific defect 
In the following report, some points are reviewed that indicate the presence of an 
accuracy or defect in the artificial intelligence program 

In the event of running the program, the program, after a measurement period of about 
3-4 seconds, determined a degree of severity of the above-average type, which is close 
to a very dangerous condition, and therefore the occurrence of an imminent defect and 
the possibility of a breakdown in the pump, but the program cannot determine the time 
of the breakdown except after a period of time Specific to complete the rest of the inputs 
and determine the most accurate times for the collapse 



 
However, the extrapolated signals, as in Figure 4, show that a maximum value of 
mechanical vibration occurred at a frequency of 1.3 kHz, with a warning that this 
potential defect is a defect of the bearings. 
Figure 4 shows another application used, but less than developed, for measuring signals 

Figure 6: represent time wave form and FFT wave form 

 
Figure 5: represent the image of operating AIDA program referring to fault 



 

Whereas, if compared to any traditional system, it is found that the defects 
related to the bearings indicate the presence of mechanical vibration resulting 
from the defects of the dynamic bearings in the figure 6 , and this is according 
to the tables and scientific references listed by the American Vibration Institute, 
which is subject to the American Petroleum Institute . 
From the figure, it is clear that the current range of the possibility of a 
malfunction is a defect in the bearings of the machine, and the defect is from the 
second stage, as the frequency is between 600 Hz and less than 3 kHz, which 
indicates that the remaining life of the bearings is from 10-20% of its life 
default 

 
Figure 7: represent the bearing fault standard wave
form 

Determining the malfunction and making the claim that it is a bearing issue[21],is not 
an exact engineering act, but the artificial intelligence must determine what the 
malfunction is exactly, and therefore the computer does coordination and scrutiny with 
the highest accuracy and knows where the problem is located inside the bearing, so is it 
the rotating elements or External or internal framework, and this is what the program is 
developed for 

The system must collect data n for a certain period of time to obtain the best accuracy in 
reading, which would store the data and create a time visualization with very high 
accuracy through artificial intelligence and make a graphic curve for the user to show 



 
Fig 8: represent the severity chart of machine classification in ISO standard 

 
Figure 8: represent identical fault detected by the AIDA 

In design consideration and after the system delivery the designer / possessor of 
rights shall run a vibration analysis testing which will indicate the severity and 
or the normal operation of items according to the ISO Standards 10816-3 as 
represented in fig 8 

 
the earliest time period in which the machine may be destroyed as a result of the 
accumulation of mechanical vibration data as shown in the figure 4. 

After disintegration of the machine it was obvious that the bearing has been subjected to 
a severe operating condition due to lack of greasing as in image 



 
The computer, based on a pre-set database, matches the standard table used ISO 
10816, which is responsible for determining the best operating conditions 
according to the value of mechanical vibration, as in Figure 8 

Conclusion 
With the development of science and technology, the continuous improvement 
of data acquisition, the continuous maturity of data mining, the continuous 
improvement of computing power and the continuous optimization of 
algorithms, it is possible to apply artificial intelligence analysis for fault 
diagnosis. Fault diagnosis technology based on deep learning has become 
popular research and continues to mature. It will solve the difficulty of 
modelling, identification, and positioning of traditional fault diagnosis, and 
ensure the safety of production and life. 

The successful evaluation test of utilizing artificial intelligence (AI) and 
machine learning for pump fault diagnosis marks a significant milestone in the 
field of predictive maintenance. The test, conducted on a pump within the Jubail 
pilot plant, demonstrated the potential of AI in autonomously detecting faults 
and pinpointing their nature, particularly identifying bearing defects. This 
achievement underscores the transformative power of advanced technology, 
including deep learning, improved data acquisition, and refined algorithms. By 
harnessing AI's capabilities, industries can revolutionize their approach to 
equipment health monitoring, ensuring reliable operations while minimizing 
downtime and maintenance costs. The proven effectiveness of this approach 
would play a central role in optimizing industrial processes, enhancing 
efficiency, and prolonging the lifespan of critical machinery. 
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