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Overview

In industrial machinery, failure will eventually occur, either in the short term due
to manufacturing defects, or in the long run due to accumulations of debris,
deterioration of internal parts, or purely from wear and tear. Machinery,
systems, and industrial lines force factory operators to deal with seemingly
endless maintenance and repair cycles, particularly when undetected faults in
machinery cause catastrophic failure.

Maintenance and repair schedules can be more efficiently planned if we study
the behaviour of the machine before the failure occurs. That it's known with the
name of Predictive Maintenance. With it, it's possible to save significant
amounts of money in an industrial environment by less production stops and
less useless maintenance mechanics work hours.

Predictive maintenance has more and more name in the production lines and
is also used in the Aeronautical Industry to be able to foresee what failures are
going to arise in the aircraft parat
necessary maintenance activities before failures occur and extend the life of
the machinery.

One way to study this maintenance is by analysing machinery vibrations. These
mechanical parameters can determine abnormal behaviour and thus alert
failures. The longer the behaviour of a machine is studied, the easier it is to
draw conclusions due to the large amount of data collected.

The objective is to know the machine, create behaviour models, detect
anomalies to carry out maintenance and avoid failures.
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INTRODUCTION

Project origin

The project began with the intent of optimizing maintenance processes, applicable to any
industry and thus reducing production costs, preventing unnecessary shutdowns, and thereby
increasing both unit production and benefit numbers.

My colleague Pau Barrull and | were working together in a maintenance department at a
company. In a few months' time, we determined that unnecessary work and unnecessary
procedures were carried out, so we decided to devise a search for predictive maintenance.

The maintenance tasks were marked by the time intervals marked by the manufacturers. But
we were able to verify that there were tasks that could be spaced out more in time. And
consequently, the mechanics could spend more time on other tasks.

Therefore, we asked ourselves, how could we anticipate to maintenance tasks having the
exact maintenance times needed and precise information on our machinery's behaviour or in
what condition were the machines that were in the production line.

The solution we found was: PREDICTIVE MAINTENANCE, a potential area for improvement
processes that was worth investigating. The best, applicable to every industry.

In the first place, the idea was to carry out predictive maintenance in the clutch of the
metallurgical industry, but this project wanted to focus more on the aeronautical industry and
its possibilities. For this reason, the project was reformulated by changing the item to be
studied, the second phase of this project was to sensorise the propeller of a Cessna 172R
two-blade plane.

Motivation

This project was mainly motivated by maximizing the efficiency of the maintenance
department of an industrial factory to:
- Avoid stopping production
- Reducing production stoppage costs
- Anticipate failures
- Reduce the planned tasks to only needed ones. This means making sure to work
efficiently.

| was also interested in expanding my knowledge about Machine Learning algorithm and
learn how to use it for the benefit of the main idea of the project.
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CHAPTER 1. STATE OF THE ART

1.1. Industrial revolution

Manufacturing is changing and that's in large part due to the continuous industrial revolutions
that have taken place until nowadays. Each industrial revolution has had a particular
innovation that differentiated it in that moment for its particular optimization.

Let's review them all starting with the first industrial revolution, also known as Industry 1.0,
and ending with Industry 5.0, the last one that just happened a while ago. This project,
however, will highlight characteristics of Industry 4.0 due to the industry present in it.

In the first industrial revolution, the introduction of water- and steam-powered devices
improved labour forms by using mechanical production equipment.

The second industrial revolution was marked by the appearance of electrical energy and
steel. It allowed many factories to become more efficient. To increase productivity, mass
production concepts like the assembly line were introduced during this phase.

As the third industrial revolution progressed, we saw incredible improvements in electronic
technology. Many manufacturers have begun to incorporate digital technology into their
factories instead of analog tools. A good example of this is automation software. Currently,
we're living through the cyber-physics revolution, Industry 4.0. (See [1])

The incorporation of robots and smart technologies enhances productivity and results in mass
production using innovative technologies.

Physical and digital technologies are linked in a way not seen in previous decades. With
Industry 4.0, digital technology is at the centre of everything. Additionally, it allows business
owners to better control and understand every aspect of their business operations, as well as
improve processes and drive growth using instant data. (See [2] and [3]).

This industry has been criticized for removing jobs from humans and requiring high
technological skills. Therefore, a fifth revolution, Industry 5.0, is being developed to fill the
void left by Industry 4.0 and to balance technologies and human performance.

On the Figure 1.1, we can see a timeline of how the industry has evolved over time.

1784 1870 1969 2010 Nowadays
=
° CARN R g
TN £ gy
Gi:+9 HE — u - ’R’«;“ _ I
e | BT TEe M =
Mechanization, Automation, Balance
steam and water A electronic and IT . between
““““““ Steel aparation, Cyber-physical
power electrical energy, tools systems, loT cyberspace and

mass production physical space

INDUSTRY
5.0

Fig. 1.1 Industry timeline.
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1.1.1 Technological bases

Taking a closer look at industry 4.0, this industry has some pretty important technology
inventions that make it extremely useful. We can see them in the following graph. (See [4]
and [9]).

Data and
nalytics

Big

Additive
manufacturing
(3D printing)

Horizontal &
Vertical system
integration

Cloud
computing

Technological
bases

Autonomous.
robots

Cyber-security

Augmented
reality

Fig. 1.2 Industry 4.0 inventions.

In Annex A. Technological Industry 4.0 bases are detailed the nine inventions shown in Figure
1.2.

1.1.2 Benefits

Industry 4.0 covers all aspects of product lifecycle and supply chain management. A company
can benefit from this revolution in the following ways shown in Table 1.1. (See [4])
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Table 1.1. Industry 4.0 benefits.

Competitiveness

By integrating these technological applications, you make

increases your company more competitive against companies
working without them and in a less-efficient manner.

Young Innovating and utilizing modern, innovative Industry 4.0
workforce technologies will improve the chances of attracting and
attraction retaining employees.

Potential Data analytics, real-time information, internet-connected
problems machinery, and automation can all improve your ability to
detection solve maintenance and supply chain management issues.
Efficiency When using smart technology, robots and automation can

produce items more quickly and efficiently.

Cost-effective

Through it, waste will be reduced by reducing the risk of
high-cost mistakes.

Better customer

Customer satisfaction will be higher when they can get

experience what they want faster thanks to analytics, customization,
and speed.

Revenue Even though Industry 4.0 requires a high degree of

increases investment, it can rake in a lot of revenue through
enhanced efficiency, reduced product waste and
increased customer satisfaction.

New jobs It may eliminate some jobs by automating them, but it will

creation also likely create a lot of jobs for control of this digital

technology.

1.1.3 Drawbacks

There is a possibility that industries will be reluctant to adopt it or may want to do so
incrementally. The factors to consider are in the Table 1.2. (See [4])
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Table 1.2. Industry 4.0 drawbacks.

High initial cost | The upfront investment is substantial.

Loss of human | There is arisk of job loss through automation. This industry
labour shift, however, is also predicted to create more jobs than it
will eliminate.

Increased cyber | Attacks on security systems are more likely.
security threats

Technical A greater use of technology and a decrease in human
Problems oversight increases the possibility of costly technical
problems.

1.1.4 Industry 5.0

Despite the understandable reasons why companies delay upgrading to the newest industry
models, they also run the risk of falling behind their competitors who use faster, smarter
technology to fulfil their customers' requirements.

Moreover, even if automation initially results in job losses, there is no overall decline in
employment in the industrial sector. According to experience, increases in labour productivity
are likely to result in new jobs, such as robot manufacturing or the creation of virtual
manufacturing support systems.

Due to this great concern, a new revolution has arisen, Industry 5.0, as we mentioned at the
beginning of this section. By integrating cyberspace and physical space, Industry 5.0
promotes economic advancement and social progress.

Previously, in the information society, people collected information via the internet and had it
analysed by humans. However, in Society 5.0 people, things, and systems are all
interconnected in cyberspace and artificial intelligence is used to achieve optimal results that
surpass the capabilities of humans. We must introduce periodic training for employees to
keep their knowledge up-to-date and grow along with technology without jeopardizing
industrial production or human output. Our goal is to combine the virtual world and the real
world to benefit from both and optimize tasks without losing either. Therefore, we can
conclude this section by saying that the project draws upon features of Industry 4.0 to
diagnose critical machine behaviour, combining vibration analysis with Big Data, Cloud
computing, data processing with 10T tools, and simulated predictive modelling. (See [6]).
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1.2 The maintenance concept

In this section we will talk about the maintenance concept. At first, the term "maintenance”
refers to all technical, administrative, and managerial actions that are undertaken during an
item's lifecycle to keep it in a state that is capable of performing its functions. We can consider
as an item any component or device. (See [7]

1.2.1 Items behaviours

There are several possible states for an item, the most important is the "up" and "down"
states, where we distinguish between items that are in use or not. Figure 1.3 illustrates how

itdos distributed an item behaviour.
Up State Down State
Stand By External
Idle State State Operating State Disabled State
Disabled State

Fig. 1.3 Maintenance phases.

In Table 1.3. items behaviours are detailed.

Table 1.3. Iltems behaviours.

Up state 1. Idle state, where activity is limited to those basic applications
that the operating system starts by default.

2.Standby stat e, itdéds |Ii ke wa
be used i f Pités required.

3. Operational state when the item makes normal work.

Down state | 4. Disabled, when an item is not able to perform a required
action.

1.2.2. Maintenance phases

When we talk about maintenance phases, four main tasks should be included: inspection,
service, repair, and improvement.

The first one, inspection, is meant to determine the current state of the item and assess the
possible tasks that can be accomplished.
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Next, the term service refers to any action that sustains a target state in order to delay the
degradation of an item. Greasing, for example, prevents friction between parts and lubricates
machinery.

During the repair phase, we focus on restoring the item to its original functionality. For
instance, by replacing a part with an equivalent spare part.

To conclude, improvements are technical and administrative actions taken to make an item
more functionally reliable without altering its desired features, such as removing a failure point
by making a constructive change.

1.2.3. Maintenance tasks

In terms of the tasks carried out in maintenance, we can divide them into two categories:
reactive and proactive.

In the first instance, reactive maintenance is characterized by the fact that, until the problem
is identified, the item is used up until it fails. In this case, action is taken so that the item can
be restored as soon as possible.

On the other hand, proactive maintenance refers to the tasks that are predetermined in
advance. The objective is to minimize the number of item stops due to failures.

In the Table 1.4, we can observe the advantages and disadvantages of using reactive and
proactive tasks.

Table 1.4. Comparative of maintenance task types.

Maintenance Advantages Drawbacks

type

Reactive Low initial costs and easy to Unscheduled stops,

maintenance implement high costs, poor
optimized resources

Proactive Increases reliability, minimize High initial set-up costs,

maintenance stops, lower costs and not reliable for all

maintenance planning equipment, cost

reduction is not
immediate
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1.2.4. Maintenance types

Then, the most typical classification is maintenance types. There are 2 main types, corrective
and preventive maintenance. (See [8] and [9]). At first, in Figure 1.4, we can see the following
division, explained in detail below.

Condition Based
Maintenance
(CBM)

Time Based
Maintenance
{TBM)

Failure Finding
Preventive Maintenance
(FFM)

Risk Based
Maintenance

(RBM)

Maintenance Predictive
Maintenance
(PDM)

Deferred
Corrective
Maintenance
Carrective
Emergency
Maintenance
(EM)

Fig. 1.4 Maintenance types.

1.2.4.1. Corrective maintenance

In order to begin, corrective maintenance is performed after a fault occurs, either as
scheduled corrective maintenance, or as unscheduled corrective maintenance, which is an
unforeseen breakdown. Thus, an immediate intervention is needed to reset the item.
Additionally, they are the result of unplanned failures that cannot be prevented by preventive
maintenance, explained in next section.

If we opt for this type of maintenance, we must make sure that it does not become emergency
maintenance, since we must act reactively, which is less efficient and less secure. (See [8]
and [9]).

We can distinguish two types of corrective maintenance in Table 1.5: deferred corrective
maintenance and emergency maintenance (EM).
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Table 1.5. Corrective maintenance types.

Deferred
Corrective
Maintenance

This type of maintenance is required when equipment
breaks and machines stop for a long time, impacting
production. Being more expensive than preventive
maintenance, it is important to give it the priority it
deserves.

Emergency
Maintenance

In short, it is a maintenance procedure implemented
when unforeseen and urgent repair tasks arise. This
should be avoided since it can result in large crashes,
malfunctions, and even unrepairable problems.

1.2.4.2.

The other main maintenance type is preventive maintenance, and its goal is to act before a

fail occurs.

Maintenance of this type is usually defined by fixed time intervals that are specified in the
maintenance manuals of the machine that says that it is necessary to replace, restore, or
undertake other maintenance measures, although this is not strictly necessary. In this way,

Preventive maintenance

it aims to minimize the risk of finding faults. (See [8] and [9]).

Afterwards, we find the following subtypes that discuss specific aspects of this type of

maintenance. See Table 1.6.

Table 1.6. Preventive maintenance types.

Time-based
maintenance
(TBM)

This is done at a regular interval of time while the
equipment is working normally. The interval can be time
based, i.e., every week, every month, every year or
usage based, i.e., every 100 cycles, every 1000 hours.

The goal is to prevent any possible failure and take care
of an item every so often.

Risk-based
maintenance
(RBM)

Periodically, the risk of the machines to be treated is
evaluated to optimize their frequency and scope of
treatment. It is about prioritizing the maintenance of
those assets where the risk is greater and vice versa.

I f i tds i mplemented
in a cost reduction.

prope

Fault detection
maintenance (FFM)

To put it simply, it is assessing whether a machine is still
working properly. After verifying that this is not the case,
a repair is performed.
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For Condition Based Maintenance and Predictive Maintenance more details will be
presented.

- Condition Based Maintenance (CBM)

The objective of this type of maintenance is to detect evidence of failure before it occurs. As
it is very useful for rotating elements, it is of great interest to our project. While other
preventive maintenance described above is based on time and use, this maintenance is
dependent on a variety of factors. This is interesting because many failures do not follow the
conventional factors and can be prevented by finding possible evidence that a problem exists
for a given cause. It requires data collection and analysis to make the decision to act.

Figure 1.5 illustrates the P-F curve, an important concept. This curve shows that when an
item shows signs of faults, the equipment degrades to the point P. If the fault is not detected
and corrected, the equipment continues to deteriorate until a failure is detected, the point F.
When we go from point P to point F, the P-F interval, we have the opportunity to carry out an
inspection and detect when a failure is going to occur, as well as provide the necessary
maintenance.

The P-F Curve

smooth running

P == Change in condition or
= performance detected

further

degration - i i
g ® F = funtional failure

impending

failure limited

functionality

PF Interval = lead time to failure

Functional Performance

Time

Fig. 1.5 P-F Curve.

Therefore, CBM maintenance does not stop failures, but rather helps to identify deterioration
before it causes failure. Generally, the frequency of tasks in CBM should be about half the P-
F period. It is very useful if P-F interval is large, and we have enough time to plan an
intervention but if P-F interval is very low, we act immediately.
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1.2.4.3. Predictive maintenance

Last but not least, the thread of our project, predictive maintenance, is the most important
and most advanced type of maintenance.

Even though it is like CBM maintenance, it goes one step further. It is the result of the
introduction of artificial intelligence, the implementation of [IOT equipment, and machine
learning of such maintenance. Through sensors, it is intended to detect when an item is
moving away from normal operating conditions and thus predict the moment of failure.
(See [10])

Corrective
Maintenance

Predictive
Maintenance

Event Criticality

Condition-Based
Planned Maintenance
Maintenance

Too early i Too late

Fig. 1.6 Event importance in reference to time.

As shown in Figure 1.6, preventive maintenance is performed periodically, although it is not
needed. Through the analysis of data through sensors applied by predictive maintenance, it
has been determined that this is not necessary and that we can lengthen the intervals
between maintenance programs by evaluating the condition of the machine. Consequently,
predictive maintenance is continuous and predicts when it will take place. The more data we
analyse, the better our predictive maintenance will be, since we will be able to discover
behaviour patterns and to plan maintenance tasks more efficiently.

As well, predictive maintenance increases the time between maintenance tasks, which
means the frequency between them is reduced. Consequently, maintenance costs can be
reduced, and production periods can be maximized based on the evolution of the curve in
Figure 1.7. (See [10])
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Corrective
Maintenance

Preventive Maintenance
Planned Strategies

Maintenance

Predictive
Maintenance

Maintenance Costs

Condition-Based
Maintenance

Availability

Fig. 1.7 Maintenance costs depending on maintenance type.

It can either be based on physical models or on data; the physical ones are those that are
more accurate so we can obtain a better estimate, while the data-based ones try to find or
simulate real problems.

Data-driven maintenance requires access to the machines and enough time to collect enough
data samples to build a useful data-driven model. This is difficult to achieve since most
companies don't want to stop production to accomplish these tasks. This extra time will result
in a very large benefit for the company in the future since it will help the company avoid more
frequent and longer maintenance interruptions.

This situation is common on a daily basis; thus a solution was found to monitor this data
synthetically through physical models using finite elements that can represent machinery with
anomalies. This model trains with similar data until they reach a model for a different
machinery.

Regarding the different strategies of predictive maintenance, different strategies can be used
based on the tasks we wish to accomplish. The different strategies are shown in Table 1.7.

Table 1.7. Predictive maintenance strategies.

Fault detection (FD) It is basically detected whether there is a fault state,
a condition that can trigger it or an abnormal
condition.

Fault Diagnosis (FD) | Which identifies what, where or when the fault or
condition originated.

Failure Prediction | Where it is estimated when the failure will occur.
(FP) or Prognosis
Health Management
(PHM)
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In the case of this project, we will focus on the first strategy, the detection of the failure to
detect anomalies in our item to study. In fault detection (FD), techniques are used to detect
anomalies in items. Within this strategy, the Machine Learning algorithm is used. This
technique can differentiate between two classes, normal and abnormal, calling the abnormal
class anomaly. In the case of this project, we will classify our data using Machine Learning
one-class SVM (OCSVM). We will see more detailed information in the next section 1.3
Machine Learning.

In addition, to apply predictive maintenance in a company, in a production plant or in any
element that we want to study, we must follow the following steps. (See [11])
1. Establish baselines

First, the maintenance team must establish its health threshold, deciding what conditions are
acceptable for an item. The normal behaviour of a machine must be supervised, so that later
the sensors correctly detect possible anomalies.

2. Install internet of things (loT) devices

Next, we connect the sensor to the asset to be studied.

When the asset generates abnormal behaviour, the mechanics responsible for maintenance
must report the fault and thus be able to record it. When there are many anomalies recorded,
the sensors will be able to activate a predictive maintenance alert protocol when a failure is
about to occur.

3. Device connection 7 software

These data collected through the sensors and the alerts recorded and received by the
mechanics must be registered in a maintenance management program so that the
maintenance manager can receive notice that an anomaly is going to occur.

It is also very important to note that mechanics should be trained in predictive maintenance
technology so that they know what they are working with and are most effective at
understanding the possibilities it offers.

4. Schedule maintenance effectively

After receiving the notice that an anomaly is going to take place, the maintenance manager
will be able to plan the precise actions to avoid possible failures.

In conclusion, it is true that preventive maintenance covers problems before they fail, but
really when we talk about preventive maintenance, we refer to that based on time, with fixed
repetition intervals that are not performed optimally. But predictive maintenance goes one
step further.

If we ask ourselves which of the two is better, the answer is it depends on our needs. The
correct type of maintenance must be selected based on the failure mode that is being
analysed and its characteristics. If you have a failure mode that is random in nature, it is best
to opt for a predictive maintenance task so that you can act and anticipate through historical
data when a failure is approaching. But, if the failure mode is related to age, it is better to opt
for time-based tasks, that is, preventive maintenance.
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1.3. Machine Learning

Machine learning, also known as ML is a type of artificial intelligence (Al) that allows
software applications to learn from data, identify patterns and then predict values and
make decisions more efficiently than humans. (See [12])

We can see in Figure 1.8 how tasks are performed to obtain an efficient Machine Learning
model.

The machine learning process

In machine learning applications, a data scientist or other analyst:

Kdentifies relevant Chooses the type Builds an analytical
data sets and prepares of machine learning modol based on the
them for analysis. algorithm to use. chosen algorithm.

Trains the model Runs the model to
on test data sets, generate scores and
revising it as needed. other findings.

Fig. 1.8 Machine Learning process.

1.3.2. Methods

Machine Learning has many methods depending on how the algorithm learns to make
predictions, i.e., how useful data is gathered for future predictions.

Among the types of learning, we can distinguish four: supervised learning, unsupervised
learning, semi-supervised learning, and reinforcement learning.

In order to choose the right machine learning model, we need to take into account the type
of data that we wish to predict. Firstly, we must determine what possible data inputs we can
receive for the problem at hand. Next, it is interesting to collect and label data. Our next step
is to choose different algorithms or methods and see how they work. The goal is to remain
with the more accurate model. (See [12]).
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Machine Learning can be classified into the following types:
TYPE 1: Supervised learning

This type of machine learning involves giving algorithms labelled training data and
specifying variables the algorithm should assess for correlations. Algorithm inputs and

outputs are both specified.
TYPE 2: Unsupervised learning

This type of machine learning uses unlabelled data to train algorithms. The algorithm scans

a variety of data sets to find meaningful connections.
TYPE 3: Semi-supervised learning

This form of machine learning combines both previous types. Despite feeding the algorithm
mostly labelled training data, the model is free to explore and comprehend the data
independently.

TYPE 4: Reinforcement learning

This type of machine learning completes multi-step programs. In order for an algorithm to
work out how to complete a task, it must be programmed and prompted to work in either a

positive or negative manner.

As part of the project, semi-supervised Machine Learning is used. This involves feeding a
small amount of labelled training data to an algorithm. Using this knowledge, the algorithm
can apply its findings to new, unlabelled data sets. A training set that contains labelled data
typically yields better results for algorithms. Nonetheless, labelling data can be costly and

time-consuming.

1.3.3. Importance in aeronautical world

Machine Learning has been a very attractive technology for the aeronautical industry due to
its efficiency and innovation. The manufacturing industry can benefit from this algorithm in
many ways, including the ability to derive manufacturing designs more quickly and accurately.

In the following subsections it will be explained two real projects where ML has an important
role, ADAM Project at Acubed for Airbus production and TEKNIKER-IK4 at UPV that focus
on ML optimization in aeronautical industry.


https://www.techtarget.com/searchenterpriseai/feature/Labeled-data-brings-machine-learning-applications-to-life
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1.3.3.1. ADAM Project at Acubed

Airbus' innovation center, Acubed, has a project called ADAM that applies Machine Learning
to its processes. It is well known that this industry requires a high level of security and
manufactures to very strict deadlines. Many processes are also done manually, by highly
qualified professionals with a great deal of experience and qualifications. Despite this,
Machine Learning provides a small glimpse of change. This algorithm is intended to automate
more processes, especially those that are repetitive, so that humans can devote themselves
to other tasks that require more dedication. Next, Acubed has applied Machine Learning to
three different applications. (See [13]).

During design, they consider manufacturing factors like tools, delivery time, and cost. First,
they teach the program how to identify mechanical parts based on their shapes and geometric
properties. Based on that knowledge, it automatically calculates what possible processes can
be used based on time, cost, and material. It is a slow process, but machine learning has
made it more homogeneous, fast, and optimized.

In contrast, aerospace manufacturing is highly distributed, making it difficult to view the entire
manufacturing process. Currently, Acubed is developing connected tools for the A320 that
can detect anomalies in production lines before they become failures. To create this set, we
must collect data, identify meaningful features, and create patterns that teach us how to
predict the future.

In this process, applying machine learning is complicated because there are many parts in
production. The time spent on this analysis produces great benefits when it comes to knowing
in real time and before final assembly of aircraft pieces where the problem lies. By predicting
the duration of each process, in the long run, production can be more efficient.

As for ML in aeronautical services, this algorithm produces drawings, parts lists, and prices
automatically based on engineering feasibility. In order to accomplish this, machine learning
and deep learning are combined. Machine learning, or ML, deals with data (numbers,
categories), while deep learning deals with images, texts, and videos. Deep Learning
identifies the relevant features for the model to be trained and we can automatically identify
which parts need to be changed from one configuration to another and indicate whether they
are feasible.



CHAPTER 1. STATE OF THE ART 23

1.3.3.2. TEKNIKER-IK4 research at UPV

The aim of this research is to verify that aeronautical processes can be optimized using
Machine Learning. Specifically, three problems have been studied using the indicated
techniques: the prediction of brake wear in the aircraft for predictive maintenance, the
prediction of the appearance of burrs during the drilling process in the manufacture of parts
and the prediction of the number of basicity (BN) of the oil based on spectroscopic data.

Next, the application of ML in these 3 problems will be detailed.

The first is about aircraft brake wear forecast. For this problem, it was verified that through
Machine Learning the cost and time for corrective maintenance between flight and flight could
be minimized. In this check, unforeseen problems sometimes arise, and its objective is to
estimate the wear of various components to anticipate the necessary resources. With the
algorithm it was possible to measure the wear of the parts and foresee for future checks tasks
to be carried out due to the state of a component.

The second problem is the drilling burr prediction. This problem is related to the
manufacturing process. When manufacturing the parts, they must make sure that the burr,
the notch, that rises when drilling, does not exceed the maximum limit of 127 microns
established by the aeronautical industry. In this project, using ML, a process has been
developed that, based on the internal signals of the machine, detects when the limit is
exceeded in real time. In this way, the waste of leftover material after drilling is reduced, since
the leftover burr will be exactly what is needed.

The third and last problem is prediction of the basicity humber (BN) of the oil based on
spectroscopic data. This problem faces the measurement of the level of degradation of the
oil. The objective of this prediction was to monitor a sensor that would detect the state of the
BN by means of spectrometry in order to be able to assess the state of degradation of the oll
without the need to carry out the analysis in the laboratory, a process that is much more
expensive. (See [14])

As a result, the Machine Learning tool can be used in the design, manufacturing, and
maintenance of aircraft to save time and money. This is a tool with a lot of potential, but it is
constantly evolving and developing.
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CHAPTER 2. PROJECT DESCRIPTION

This project consists of applying predictive maintenance through vibration analysis and
artificial intelligence to any industrial sector, but with a focus on the aeronautical one.

In this project, we will use a Raspberry Pi microcontroller as a low-cost computer, an
accelerometer triaxial Adafruit ADXL345 as a sensor able to measure vibrations and Python
programming language to classify anomalies through an artificial intelligence key, Machine
Learning, through Edge Impulse application.

We will simulate the application of this sensorisation to the Lycoming O-320 piston engine
and the two-blade propeller of a Cessna 172R, a single-engine light aircraft. More information
about it can be found in Annex B: Information on the aircraft.

Simulation will take place using a conventional oscillating fan with 3 speeds and a 40W power.
More information about it can be found in Annex C: Fan information.

Then, the goal is to demonstrate that the sensor is sensible enough to its application in a
piece like an aircraft propeller and that the structure design is optimal to make an anomalies
classification, demonstrating it through the fan adaptation.

Regarding the adaptation, with Edge Impulse, a machine learning source, we will collect the
data from the 3 axis, x, y and z, transform it to vibration data with Fourier transformation
theory and then, we will train the machine learning model to determine and classify the data
obtained. The final step will be to do a deployment of the input data that the sensor receives
and clearly determine what kind of information the sensor is receiving at any given time.

CHAPTER 3. VIBRATION ANALYSIS

For this project, vibration analysis has been chosen as the method of analysing the items. It
is the most widely used method for predicting machinery failures. The purpose of the test is
to identify patterns that indicate damage, imbalance, or misalignment of various machine
parts such as bearings, gears and other contacting surfaces. We will discuss the most
important characteristics of this analysis below, as well as how valuable it can be to simulate
a predictive maintenance model. (See [15])

3.1. Vibration concept

Let's begin by describing what a vibration is. Vibrations are defined as repetitive movements
around an equilibrium position. As in our case, the acceleration, it indicates how the
parameter changed around a reference position. Depending on the values we obtain, we will
identify the item in different states by defining thresholds.
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3.2. Vibration measurement

In order to measure vibrations in this project, we will need the following components:

1. Aninstrument for recording vibrations over a period, i.e., a sensor.
2. A microcontroller capable of processing the inputs received by the sensor.
3. Artificial intelligence platform for classifying data processed by the microcontroller.

We will describe each of them below, including the different options that were considered and
the reasons behind the final selections.

3.2.1. Accelerometer

To determine critical behaviours, we used, as we have previously stated, an instrument that
could detect any change in vibration in the propeller of a plane or in the blades of a
conventional fan. It was chosen to use an accelerometer, that is, an acceleration transducer
that measures movement in a given space since it was one of the magnitudes that a
conventional vibrometer could measure and with this magnitude we would continue with the
analysis. (See [16])

It is possible to determine the angle of deviation of an item relative to the vertical using
accelerometers. They can measure static gravitational acceleration and determine its angle
of departure from the vertical. However, it was chosen for its ability to determine dynamic
acceleration due to movement, impacts, or vibrations.

By capturing vibration energy, the accelerometer produces an electrical signal that is
proportional to the item's momentary acceleration. It is expressed in g (force of gravity, 9.81
m/s?).

In any plane, if acceleration acts in the opposite direction to the sensor direction, the
accelerometer will measure acceleration with a negative value. Otherwise, acceleration will
be measured as a positive value. And the accelerometer will measure only gravitational
acceleration when the device is not under external acceleration.

Here are three options considered when choosing an accelerometer:
1. Piezoresistive accelerometers
2. Piezoelectric accelerometers
3. MEMS capacitive accelerometers
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3.2.1.1. Piezoresistive accelerometers

Accelerometers of this type feature piezoresistive material, which deforms when exposed to
external forces, changing resistance as a result. The change in resistance is converted into
an electrical signal received by the receiver integrated with the accelerometer.

Due to their large measurement band, piezoresistive accelerometers can measure vibrations
of high amplitudes and frequencies. Also, they can measure slowly changing signals, making
them useful for calculating the speed and displacement of components in inertial navigation
systems. However, these accelerometers have trouble detecting
(See [16])

Figure 3.1 shows the piezoresistive triaxial accelerometer TE 4332.

Fig. 3.1 Piezoresistive triaxial accelerometer TE 4332.

3.2.1.2. Piezoelectric accelerometers

Piezoelectric accelerometers are the most commonly used vibration transducers. Industrial
applications commonly use them for diagnosing and controlling equipment and machinery. In
contrast to piezoresistive accelerometers, these devices generate electrical signals instead
of changing resistance. This signal is transmitted to the integrator's input for calculation of
object movement and the output needs a determined amplification and temperature
compensation.

These sensors usually use lead zirconate titanate (PZT) as a measuring element and the
deformation of it generates an electrical change. As well, they have a high sensitivity and
accuracy. Thatds the reason they are wused
shock tests. These accelerometers, however, are much more expensive than capacitive
MEMS accelerometers. The Figure 3.2 shows the METRA KS78B piezoelectric
accelerometer. (See [16])

or
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Fig. 3.2 METRA KS78B piezoelectric accelerometer.

3.2.1.3. MEMS capacitive accelerometers

Capacitive accelerometers using MEMS (MicroElectroMechanical Systems) technology are
the cheapest sensors and the ones chosen in this project.
The sensors measure using the principle of inertia. The movement of the accelerometer
casing (subjected to a moving body whose acceleration is required) is compared with that of
a suspended mass inside the sensor. As the sensor moves, due to external forces, the
suspended mass resists change due to inertia. This difference in movements is detected and
related to the external acceleration. As the distance between the condensing element and
mass changes, the capacity also changes.

These sensors have advantages over the two types of accelerometers discussed in last
subsections. Their size, weight, and cost are smaller. Furthermore, they are easier to use
and more resistant to hits.

When measured at very high frequencies and amplitudes, however, these sensors don't have
as much precision. Even though its cost is extremely low, its development and design have
ahighcostand itodés complex t dSea[g6))el op new model s.

Most MEMS accelerometers express their in terms of acceleration with reference to gravity
(g). But some are familiar with the quantification of vibrations in terms of linear velocity
(mm/s). (See [17]). To make that conversion, we must perform the following calculations:

Firstly, taking instantaneous velocity expression in Equation 3.1.

DO w OEJ "QUo (3.1)

where "Qufollows the Equation 3.2.

oy 10 (3.2)
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Therefore, velocity and acceleration are related as the Equations 3.3, 3.4 and 3.5.

5e 2 00O (3.3)
Q0O

.. Qo OEd "o (3.4)
wo p——
Qo

OO ¢ Qo AT & Qo (3.5)

3.2.1.4. ADXL345 accelerometer

Finally, although piezoelectric accelerometers were frequently used in industrial applications
in the past, microelectromechanical systems (MEMS) sensors have more recently emerged
as an effective solution. For this project, a triaxial vibration MEMS capacitive sensor called
ADXL345 was chosen. See Figure 3.3. This allows obtaining measurements of acceleration
and vibration in the 3 axes afuiftr simultaneously, that is, 3 responses are obtained at one

point.

Fig. 3.3 ADXL345 accelerometer.
The ADXL345 is from Analog Devices Inc. company and its relevant attributes are the

following. (See [18])

1. Response

According to the accelerometer's time domain response is expressed as the Equation 3.6.

wo 0O Mo O (3.6)

where: KA is the scale factor that represents how much the accelerometer's response y
changes when linear acceleration changes, a. b is the offset, value of the sensor's output
when there is no linear vibration.
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2. Measurement range

It represents the maximum linear acceleration that the sensor is capable of tracking. This will

have a dependence on frequency since the mechanical response of the sensor introduces

some gain to the response, with the peak of the gain response happening at the resonant
frequency (frequency with highest oscillation level). ADXL345 accelerometer has an
adjustable measurement ranges up to +16 g. Moreover, the measurement range can be

selected from the following numbers: £2g, 49, +8g and £16g. The measurement results can
bereadviaSPI(3and4-wi re) or |1 2C bus, i n the next secti
data by 12C bus.

3. Resolution

It's the smallest change that causes a detectable change by the sensor. It must be kept in
mind that noise will have a direct influence on these changes since the objective is to detect
small changes in accelerations. A high-resolution 13-bit accelerometer is provided by the
ADXL345 device and because of the device's good resolution, it can measure small
inclination changes.

4. Bandwidth

This refers to the sensor's ability to detect sudden, high-frequency acceleration changes. The
ADXL345 bandwidth is [0.05,1600] Hz.

Considering that 1600 Hz is the highest frequency that the sensor can understand, from the
Nyquist theorem we know that the sampling frequency will be at least 2 times the maximum
frequency of the sensor (Equation X). Therefore, the maximum sampling frequency of the
sensor will be 3200 Hz.

O ¢ O ¢ 6w (3.7)

5. Noise

It is a good idea to introduce antialiasing from a low pass filter in order to avoid distortions.
Antialiasing reduces the distortion caused by aliasing when it represents a high-resolution

signal at a lower resolution. They aim to minimize the impact of out-of-band noise on the

signal content that represents the actual vibration. To estimate the noise bandwidth, the

digital processing will often be the most influential part of the system to consider.

In Figure 3.4 we can see a block diagram of the signal chain of a vibration sensing node. It
starts obtaining data through the accel-passomet e
filter to minimize noise, next there is the analog-digital converter to obtain a digital data
response, we process the digital data and finally those data are received by the transceiver.
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MEMS Low- Digital
Accelerometer Filter Processing
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Fig. 3.4 Signal chain of a vibration sensing node.

This accelerometer comprises typical values of 0.75 LSB rms for the x and y axes and 1.1
LSB rms for the z axis. Least significant bit root-mean-square (LSB rms) measures the power
of system noise as the smallest detectable change in voltage.

6. Power supply

For the load to be powered, electric current is converted from a source into the appropriate
voltage, current, and frequency. For ADXL345, the operating voltage range is [2,3.6] V and
the supply current for frequencies above 100 Hz is 140 pA.

7. Sensitivity

Indicates how much the output signal varies per unit of input magnitude. The sensor becomes
more sensitive as its output signal increases when the input signal increases. The ADXL345
sensitivity is £0.01%/°C.

8. Temperature

The temperature range at which the ADXL345 accelerometer can operate is [-40,85] °C.

3.2.1.5. Accelerometer calibration

Accelerometers have internal elements that can move under stress. As well, the offset (value
of the output variable when the input variable is null) determines a threshold for measuring a
real acceleration. When we mount a sensor on the device we want to measure, measurement
errors can occur. After the sensor is installed in the system, it is necessary to calibrate it, i.e.,
adjust the offset value to a known reference standard.
(See [18])

To do so, we used a sample series record to determine the offset. (For data frequencies
below 100 Hz, it is recommended to average at least ten samples together). We assigned an
axis, the z axis, with an acceleration value of 1 g, while the x and y axes had values of 0 g.
These values were stored as Xog, Yog, and Z+1g for the 0 g measurement on the x and y axes
and the 1 g measurement on the z axis, respectively. In order to calculate real acceleration,
the measured values for Xog and Yog were subtracted from the accelerometer output
measured.
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@ @ @ (3.8)
0 @ (3.9)

Based on z-axis measurements of +1 g, the calibration assumed ideal sensitivity.
So, next step was subtracting Z+1g from sensitivity to calculate the variation in z-axis. Finally,
the actual z value was obtained by subtracting it from the measured values.

O G Y (3.10)

) ) ) (3.11)

However, there was an automatic compensation comprising a register of sensor
displacements. This register has an 8-bit two's complement value that is automatically added
to all measured acceleration values and the result is stored in an internal register. The register
has a scale factor of 15.6 mg/LSB for all measurement ranges.

For more information, see Annex D. ADXL345 Datasheet we can find all the specifications of
the sensor.

3.2.1.6. Time-frequency transformation

As a matter of fact, the analysis is carried out in the time domain, but it is very interesting to
study the parameters in the frequency domain due to the common phenomenon of problems
occurring in repetitive frequency ranges. This process assists in identifying the critical
frequencies at which an item works.

The Fourier transform (FFT) enhances this change. Fourier analysis is a method that
decomposes a waveform or signal into its simpler components, which are sinusoids. When
applied to atime series, the resulting component sinusoids represent the frequency
components of the time signal. (See [19]). This transformation has expression in Equation
3.12:

DO DY (3.12)

where x(t) signal general expression is the Equation 3.13.

0 & OBTO %o (3.13)
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and X( ) is the x(t) transformed by Fourier transform as shows Equation 3.14.

Ay 20 (3.14)

~

Visually, in Figure 3.5, we see on the left a set of values plotted with respect to a time interval,
these values follow the sinusoidal general form of x(t). And on the right the same data but
presented in the frequency domain. As a result, the higher the height, or amplitude, of the
harmonics, the greater the variation for that frequency. (See [20]).

fime o) frequany’ [Hz)

Fig. 3.5 Time-domain and frequency-domain vibration plots.

For more information, see Annex E. Frequency Domain and Fourier Transforms.

Then, below it is shown the importance of detecting repetitive frequencies and associating
them with problems. Figure 3.6 shows a frequency-dependent spectrum of vibrations.

There are different harmonics with different amplitudes. In this case, the highest harmonic
(also known as 1x) corresponds to the resonance frequency of the item being measured and
is related to the fundamental frequency of the item. The next step is to determine different
problems by harmonics of varying magnitudes. When vibrations in low frequencies occur, we
can have problems such as imbalance, misalignment or looseness; this region is considered
2x component in comparison to the highest harmonic. While for high frequencies rotational
failures are usually indicated as bearings failures. (See [21])

Zone of Low Frequency Events Zone of High Frequency
Possibly Caused by Imbalance, Events, Early Signs of
Misalignment, Looseness, etc. Bearing Failures
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Fig. 3.6 Problems detected according to frequency range.
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3.2.2. Raspberry Pi 4 microcontroller

Nowadays, for development of automated monitoring and control systems the single-board
microprocessor or microcontroller-based platforms are often used.

A microcontroller is a small computer with a single integrated circuit which will execute the
sensorisation, obtain and process the data.

Two options have been considered for microcontrollers, the Arduino UNO and Raspberry Pi.
See Figure 3.7. Arduino UNO is an open-source electronics development platform, very easy
to use for building electronic systems. The Raspberry Pi, on the other hand, is considered a
mini-PC because it includes all of the same components as a standard computer, as well as
inputs and outputs that can be used to control external elements.

»=.~‘I=‘r‘
i
03
£g
=g

Fig. 3.7 Arduino UNO R3 and Raspberry Pi 4 Model B.

Even though both contain inputs and outputs, and both are capable of sensing external
elements, their uses are quite diverse. To choose which microcontroller to use we focus
on their functionalities, we can see a comparation in Annex F. Arduino UNO i Raspberry
Pi comparison. (See [22])

Even though both are suitable for our project, we'll need a high-performance device such as
the Raspberry Pi to run multiple tasks, store data, and make full use of it. For this project, a
Raspberry Pi 4 with 4GB of RAM will be used. In Annex G. Raspberry Pi Datasheet,
Raspberry Pi 4 characteristics are shown.

As well, in the Annex H. Raspberry complements are shown the necessary complements to
be able to use the chosen microcontroller optimally.

3.2.3. Microcontroller-accelerometer connection

Our next step is to connect the Raspberry Pi 4 to the ADXL345 accelerometer. This
connection is made through the 12C (Inter-Integrated Circuit) data bus. There are only two
wires on this bus, a clock line (SCL) and a data line (SDA). Thus, the microcomputer collects
and processes the sensor data. (See [23])
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For the connection to Raspberry Pi, we must follow the following scheme made with Fritzing,
an electronic design program, see Figure 3.8.

(YNIWYD) 18D

ETHERNET

Carla Garci;a Veollle
fritzing

Fig. 3.8 Raspberry-ADXL345 connection design.

Also Figure 3.9 shows the electrical schematic.
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Fig. 3.9 Connection electrical schematic.
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Referring to the microcomputer pins, it contains 40 with different characteristics. They are
shown in Figure 3.10.

© 5V power

© 5V power

o Ground
GPIO 14 (TXD)

> GPIO 15 (RXD)

© GPIO 18 (PCM_CLK)
Ground
GPIO 23

© GPIO 24

< Ground

o GPIO 25
GPIO 8 (CED)
GPIO 7 (CE1)

s GPIO 1 (ID_SC)

o Ground

o GPIO 12 (PWMO)

o Ground

GPID 16

o GPIO 20 (PCM_DIN)
GPIO 21 (PCM_DOUT)

3V3 power o
GPIO 2 (SDA) o
GPIO 3 (SCL)

GPIO 4 (GPCLKD)
Ground o-
GPIO17 o
GPIO 27
GPIO 22 o
3V3 power o
GPI0 10 (MOSI) ©
GPIO 9 (MISO)
GPIO 11 (SCLK) o
Ground o
GPIO 0 (ID_SD) o
GPIOS ©
GPIO 6
GPIO 13 (PWM1) ©
GPIO 19 (PCM_FS) o
GPIO 26 o
Ground o

&

Fig. 3.10 Raspberry Pi 4 pins.

Following that, each pin is described in detail:

PIN 1: 3.3V, the sensor works at a voltage of 3.3 V.

To transfer data through the 12C bus, we use pins 3 and 4.

PIN 3: SDA (System Data) is the line through which data moves between devices)

PIN 4: SCL (System Clock): line of the clock pulses that synchronize the system.

PIN 14: GND, also known as ground, is the common point of interconnection between all
devices connected to the 12C bus.

Additionally, we will install a fan to improve the performance of the board. In order to avoid
failures, the processor should not be overused or allowed to reach high temperatures. By
doing so, we will be able to self-protect the microcontroller.

This fan will be connected to pins 4 and 6, 5V and GROUND, respectively.
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To establish an optimal connection between the microcontroller and the sensor, we must also
follow the following steps.

1. Soldering pins: Soldering secures a continuous connection between components,
pins, and sensors through a fixed union. ( See [24])

The sensor was first tested on a protoboard to ensure that it worked properly as we can see
in Figure 3.11. For more details, see Annex |. Protoboard specifications.

Fig. 3.11 Sensor operation test with protoboard.

2. Splicing cables with corrugated tubes: To protect the cables from sparks, male
headers with corrugated tubes, PVC conduits, are attached between the
propeller/fan and the microcomputer. We can see how we apply them in Figure 3.12.

Fig. 3.12 Corrugated tubes.
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CHAPTER 4. SENSORISATION FEASIBILITY IN REAL APPLICATION

The project had the important task of confirming that the chosen low-cost sensor was capable
of detecting correct changes in the operation of the two-bladed propeller of the aircraft
studied, the Cessna 172R.

In order to accomplish this, we had to be able to access the same plane and perform different
manoeuvres in the air. Since we were not allowed to modify any part of the planes due to
aeronautical certifications, we had to install the device in a superficial and non-invasive way.

My project tutor, Jordi Pons-Prats, gave me the opportunity to test my development proposal
on an actual flight.

The Cessna 172-R EC-JQK plane shown in Figure 4.1 landed at the Sabadell Airport (LELL)
at 10:00 a.m. on May 27, 2022. The flight lasted 1 hour 14 minutes. In Annex J. Flight
Attendance Certificate you can see the certificate of the flight performed and in Annex K.
Flight route via STRAVA application you can see the route taken on board.

k

Fig. 4.1 Cessna 172-R EC-JQK.

We began the flight by placing all the components on the ground to test the capability of the
sensor. First, we put the ADX345 accelerometer, which can detect the variations in
acceleration along the way. To avoid possible cracks due to its direct placement with the
plane's cockpit, we inserted a small piece of nylon to ensure maximum non-invasion of the
plane. This additional layer is illustrated in the Figure 4.2.
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Fig. 4.2 Nylon layer.

To avoid possible noise and interference with acceleration measurements, the sensor should
be positioned in the longitudinal direction of the fuselage and as close as possible to the
outside of the cabin (closest to the propeller). We, then, connected the sensor to the
Raspberry Pi 4 microcontroller. In chapter 3, section 3.2.2 Microcontroller-sensor connection
outlines this connection.

To power the Raspberry Pi 4 while in the air, we selected an external battery capable of
supporting the full flight time. Details on the power supply external battery are in Annex L.
External battery characteristics. In addition, to connect remotely on board, we had to
configure a remote connection through the VNC Server-Viewer program capable of
connecting through the mobile coverage area of our laptop to the IP of the microcontroller.
(See [25]). That way, on the laptop we could run the code and see the results obtained in
each execution without the need of any Wi-F connection.

In Figure 4.3, we can see the layout of both elements in the front of the cockpit.

Fig. 4.3 On board implementation.
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After that, data collection monitoring was carried out using a laptop connected via a VNC
connection using the VNC Viewer program connected through the mobile wireless coverage
area.

To ensure proper data collection, we used a Python program that collected data every 15
minutes. We chose the 15-minute time interval since it allowed us to actively check the results
and, if necessary, correct them. Annex M. Collecting data Python code contains the output
data collection code in Python program language. This code extracted a csv listing that had
4 fields, time, x-axis acceleration, y-axis acceleration, and z-axis acceleration. Furthermore,
every 15 minutes, that is, every 900 seconds, as we have discussed, it made a graph of the
accelerations of the 3 axes in relation to time.

By identifying the different phases of flight that need to occur, we seek to understand how

acceleration changes. In the Table 4.1. we see the manoeuvre performed and the minute of
flight when it took place.

Table 4.1. Flight phases.

Point Minute Flight Minute Flight [s] Flight Phase
1 00:0071 01:30 07 90 Taxing direction to runway
2 03:27 71 05:43 2077 225 Increase velocity to 1800
rpm
3 04:407 05:43 28171 343 We try engine to slow
down

4 08:40 520 Take-off

5 09:0071 14:20 54071 860 Climb to cruise level flight

6 14:20 860 S&LF (Speed: 2040 rpm)
20:19 1219 Level Turn
21:07 1267 S&LF (Speed: 2250 rpm)

7 23:12 1392 EFS (Speed: 1000 rpm)
24:27 1467 Engine off: Emergency

alarm

8 27:54 1674 S&LF (Speed: 1000 rpm)

9 38:00 2280 S&LF (Speed: 2000 rpm)
39:38 2378 S&LF (Speed: 2250 rpm)
41:20 2480 Level turn

10 56:00 3360 Descent

11 01:05:00 3605 Landing

01:09:30 4170 Engine off

*S&LF=Straight and Level Flight.
*EFS= Engine Failure Simulation.

In the end, we examine whether the flight phases affect the graphs obtained from the Python
code. As the flight lasted approximately 1 hour, we have made four plots. On the graphs
below, Figures 4.4-4.7, we can observe the different flight phases numbered from 1 to 11
regarding numbers in Table 4.1.



40 An approximation of predictive maintenance for a plane propeller through
sensorisation, vibration analysis and Machine Learning

20 A

N D

15 1 15

10
10 4

Acceleration (m2/s)
Acceleration (m2/s)

-5

-5

0 200 400 - 600 800 1000 0 200 400 600 800
ime (s) Time (s)

Fig. 4.4 1st to 5t phase plot. Fig. 4.5 6t to 8t phase plot.
@ (10 )

20 1

20

15 4

15 A

10 A

10 A

Acceleration (m2/s)
Acceleration (m2/s)

0 200 400 600 800 =5

0 200 400 600 800
Time (s)

Time (s)

Fig. 4.6 9 phase plot. Fig. 4.7 10w to 11w phase plot.

We can conclude that the sensor is sensitive enough to detect changes in flight phases. But
we observe that there is a lot of noise because the location is not the best and we should
introduce a low-pass filter to allow the passage of the lowest frequencies and attenuate the
highest frequencies. It would be ideal to be able to insert the sensor right into the propeller
motor, but this is not feasible due to aeronautical legislation and security issues.

In addition, for future work, more flight hours should be recorded to have more data and be
able to determine thresholds that more accurately classify the different flight phases and our
objective is to detect abnormal accelerations in flight phases with a lot of recorded data. In
order to be able to detect these anomalies, there should also be a job by the pilot, he should
report the incident and the mechanic in charge of carrying out the corrective maintenance of
this fault determine what the fault is. In this way, we can classify that said anomalous
acceleration in said phase is unusual and is due to a specific failure.

Finally, a long-term goal is that when several faults are classified and we have enough data,
analysis and classifications, new anomalies are detected, and the Machine Learning
algorithm knows how to detect that this anomaly has not occurred before. Due to the fact that
it has not been possible to demonstrate that the sensor is sensitive enough to apply it to the
propeller under the conditions taken, it is decided to extrapolate the classification and analysis
to a conventional fan.
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CHAPTER 5. ADAPTATION CASE BY EDGE IMPULSE

As shown in the real application, the ADXL345 sensor was able to detect changes in flight
phases. Despite this, it was not possible to demonstrate that the sensor was sensitive enough
to detect anomalies. This is due to three reasons:
- More data is needed to determine a baseline of normal behaviour, and hence
be able to detect anomalous vibrations
- More time is needed next to the plane which we do not have
- Aeronautical legislation imposes many restrictions. Since we would be
modifying one of the plane's main elements, we cannot access the propeller fully.

In light of this, it was decided to adapt the process from vibration analysis to data classification
using Machine Learning. The adaptation will be carried out on a conventional fan, as
described in previous sections. See Annex B. Fan information for specifications.

For this, we have chosen Edge Impulse software, a web-based platform for analysing,
classifying, and implementing Machine Learning on low-powered devices. This section will
explain how to apply ML to this project and all the steps followed to be able to detect the
different states of the fan. (See [26]).

1. Connect the Raspberry Pi microcontroller to the Edge Impulse platform

First of all, we must connect our Raspberry Pi 4. We will do it through the "Devices" option

on the main board. Then, we will indicate i Connect a AeiwCodhewicaded g a
supported devel opment boardo.

There, a new page will be opened, and we must select "Raspberry Pi 4"

Then, we must install the characteristic dependencies of the web platform to be able to take

data from the sensor and send it to the platform. We will do it through the Raspberry Pi

terminal by adding the following code:

sudo apt update

sudo apt upgrade

curl -sL https://deb.nodesource.com/setup_12.x | sudo bash -

sudo apt install -y gcc g++ make build-essential nodejs sox gstreamerl.0-tools
gstreamerl.0-plugins-good gstreamerl.0-plugins-base gstreamerl.0-plugins-base-
apps

npm config set user root && sudo npm install edge-impulse-linux -g --unsafe-perm

Then, we must connect the ADXL345 accelerometer to receive the accelerations measured
by the sensor.

For this we must use Linux SDK, a tool that allows us to collect data through programming
languages, including Python, from any type of sensor.

First, we must install SDK on our Raspberry Pi 4 using the following code in terminal.

sudo apt-get install libatlas-base-dev libportaudioO libportaudio2 libportaudiocppO
portaudiol19-dev
pip3 install edge_impulse_linux -i https://pypi.python.org/simple
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Then we must use the code that can be found in Annex N. Edge impulse collecting data
Python code in which a code model is used to connect to the Edge Impulse platform and
collect data (the way of collecting data has been modified by mixing the code that we used in
the real application that collects data from acceleration in the X, y, z axes via the 12C data
bus).

When we apply the code for the first time, when we return to the "Devices" menu, we can find
our device as you can see in Figure 5.1.

“" EDGE IMPULSE DEVICES (PREDICTIVE MAINTENANCE THROUGH VIBRATION ANALYSIS AND ARTIFICIAL INTELLIGENCE) TM  TFG Mode

Your devices + Connect a new device
) Dashboard

Devices -
These are devices that are connected to the Edge Impulse remote management API, or have posted data to the ingestion SDK

mw X

raspberrypi E4:5F:01:A8:12:DF EDGE_IMPULSE...  Microphone . Today, 22:45:42

Fig 5.1 Raspberry connected to the Edge impulse platform.

2. Simulate the different states of the fan and collect the data.

In this step we must simulate 5 states of the fan, OFF (off mode), speeds 1, 2 and 3 and

egd which wil | be the simulation of a failur
one of the blades. To collect the data, we will use the code mentioned in the previous

step, which can be found in Annex N. Edge impulse collecting data Python code.

The goal of this step is to introduce training data that is used to feed the brain of the
application. We will AdTrainhaegh OedFRnwuas2f it $ iot
where every time we execute the data acquisition code, a new data output will appear in

this window. Every time more data is collected, the system becomes smarter and more

capable of differentiating different kinds of data.

DATA ACQUISITION (PREDICTIVE MAINTENANCE THROUGH VIBRATION ANALYSIS AND ARTIFICIAL INTELLIGENCE)

Training data Test data | Dataexplorer | Upload data Export data

Fig 5.2 Training data subsection.

Before collecting the data, we have studied 3 different locations to place the sensor on the
fan. The first, in the frontal plane right in the middle of the protection cover of the motor
support. In this case the axis of gravity will be the y-axis. The second location is in the lateral
plane of the motor housing, in this case the axis of gravity is also the y-axis.
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And finally, the last location that has been proposed is in the transverse plane of the fan,
above the motor casing where the axis of gravity is the z-axis.

We choose the second location because the vibrations are detected better and with more
intensity than in the first location. And comparing with the third location, the data obtained in
the 3 axes are better differentiated without mixing and losing sight of any of the 3 outputs. In
Table 5.1 we can see on the left an image of the different commented locations and on the
right the acceleration plot obtained at speed 1.

Table 5.1. Data obtained at speed 1 according to the location of the sensor.

Location Data plot

0 57139 114278171417228556285696342835399974

.a(-:‘xi .a(-:‘f .aC(Z

0 57139 114278171417228556285696342835399974

.ac-:.‘x: .ac-:\f .ach

0 57139 114278171417228556285696342835399974

.ao:‘xi .a((\r .ach

Approximately 5 hours of training data have been recorded in total for the 5 states to be
classified. Each time the code has been executed with a given simulated state, that output
has been tagged with the corresponding state. We can observe in Table 5.2. one of the
graphs obtained in the off state, in speeds 1, 2 and 3 and one in the fault simulation with the
gripper. We can also see the introduction of the clamp in Figure 5.3.
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Table 5.2. Data plot depending on the simulated state.

State Data plot

OFF state 10

0 57139 114278171417228556285696342835399974

.accx .ach .ach

20
15
e ]
5
0
L |
-5
Speed 1 state 10
-15
-20
0 57139 114278171417228556285696342835399974
.accx .acc‘r’ .ach
20
15
10 RS
5
¢!
L]
-5
Speed 2 state -10
-15
-20
0 57139 114278171417228556285696342835399974
.accx .ach .ach
20
15
o ]
5
.
-5
Speed 3 state 10
-15
-20
0 57139 114278171417228556285696342835399974
.ach .ach .ach
25
20
15
10
5
-5
Fault state 10
-15
-20

0 19046 38092 57139 76185 95232 114278133324

.accx .ach .ach
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Fig. 5.3 Clip inserted into the fan blade to simulate a fault.

After collecting the training data, we must collect the test data. The training data is used to
train the model, and the test data is used to test the accuracy of the model after training. It is
recommended to have an 80/20 test training ratio, so we collect 1 hour of test data as you
can see in Figure 5.4.

5h 7m 31s v 83%.. @

Fig. 5.4 Training/test data relation.

3. Design an impulse

After performing the data collection for both training and test sets, we must proceed to design

an impulse. This impulseiscr eat ed i n t he @l mypaHawedo didtiagaishgn o s

two types of blocks, first, the signal processing blocks always return the same values for the
same input and are used to process data not previously processed, while the learning blocks
are based on a data history. In Impulse design, the raw data is taken, the system divides it
into smaller data sets and uses machine learning processing blocks to extract features from
the received data. A learning block is then used to classify new data.

In Figure 5.5 we see a red section that is used to choose the parameters of the data
classification. We choose a window size of 2000 ms, that is, for each classification that is
made, 2000 ms of data will be collected. We also choose a window increase of 80 ms that
serves as an additional window to the 2000 ms window in case a sample contains more than
2000 ms. Next, we choose the default frequency of 52.5 Hz, but we can reduce or increase

the sample by varying thepdd edjatead gassthewatze d i n a

window is less than 2000 ms, it is taken as if the data is O.

Il n this project we wil!/ u s eFigurd %®5) blotkphatcappliea &
filter, performs a spectral analysis of the signal and extracts spectral power and frequency
data. Next, as we have mentioned, a learning block is used to classify the data. In this case

anal

we wi || use the fANeur aFgue&b)wor ko bl ock (Point
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Time series data

Input axes (3)

aceX, accY, accZ

Window size

Window increase

Frequency (Hz)
c

Zero-pad data
v

sensorisation, vibration analysis and Machine Learning

Spectral Analysis o Classification (Keras) e Output features °

Name Name 5 (off. peg. v.1. v.2, v.3)

Input axes (3) Input features

acexX () spectral features

accy
Output features

accz 5 (off, peg. v.1, v.2. v.3)

Fig. 5.5 Blocks creation to classify data.

To analyse the spectrum data, we must apply a filter to get rid of the noise that appears in
the signal. For this we have studied applying different filters. The procedure for filtering an
example signal of the fault status is shown below. You can see this signal in Figure 5.6.

-20

] 15475 30950 46425 61900 77376 92851 108326 123801 139276

.accx .acc‘r‘ .ach

Fig. 5.6 Output data example in failure state.
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In the Table 5.3. we can see the application of low-pass filters and high-pass filters of order
2,4, and 6.

Table 5.3. Outputs depending on filters characteristics.

Order n Low-pass filter i} High-pass filter

We choose a 4th order low pass filter as it allows the lower frequencies, which are what our
fan is experiencing, to pass through and thus attenuates the higher and extraneous
frequencies. In the Table 5.3. we can see that the low pass filters give us a sinusoidal
response without noise. In reference to the order, the order of the filter describes the degree
of acceptance or rejection of frequencies above or below the chosen cut-off frequency 3 Hz.
Next, we generate the 3D scatter plot that we can see in Figure 5.7.
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0000

.

R/

Fig. 5.7 Scatter plot of the different states.

We can distinguish the 5 simulated states of the fan, but speeds 1, 2 and 3, having more
similar accelerations, are concentrated in the same region. However, if we zoom into that
area, see Figure 5.8, we can see that each time we increase the speed, the dispersion points
at that state are located further to the right of the XY plane.

v

Fig. 5.8 Scatterplot with speed points 1,2 and 3.

After having processed the data, we must train our predictive model. We will do it through the
ANeur al Net worko | earning bl ock. The goal of
the classes. To do this, it will take the processing data, train the model and make predictions

on test set. Every time we make those predictions, depending on the accuracy result we get

in the prediction, we will increase or not the number of training cycles.

We will test, firstly, with only 1 training cycle and we will check the accuracy we obtain, we

can see the results in the confusion matrix (Figure 5.9).
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Model Model version: ® | Quantized (int8) «

Last training performance (validation set)

ACCURACY LOSS
85.0% 0,35

Confusion matrix (validation set)

Data explorer (fuil training set) @

1 "

v.2 - correct %}
v.3 - correct

peg - incorrect ®
v.1 -incorrect

o000 OGOOOO

v.3 -incorrect

Fig. 5.9 1-data training cycle model.

We can see that the model has 85% mean accuracy over all classes. In red is the failed data,
in that it is tagged with a label, but the model thinks it is another state.

Next, we increase the number of training cycles to 2, see Figure 5.10, and we observe that
we improve the mean accuracy to 87.2%.

Model Model version: @

Last training performance (vslidation sat)

ACCURACY LOSS
e 87.2% @ 0,31

Confusion matrix (validstion set)

OFF V.2 v.3
173% 10.9%

F1 SCORE
Data explorer (full training set) @

@ off-correct
@ peg-correct
o v

v
- ™
ncorrect -
® vi-incorrect
® v3-incorrect
[ ]

Fig. 5.10 2-data training cycles model.
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Although the accuracy is good, we try to improve it with 5 cycles of data and we obtain an
accuracy of 91.3% as we can see in Figure 5.11.

Having this result, we can conclude that the accuracy of the model is sufficient and that the
neural network is prepared to detect the different states of the fan.

Model viodel version: @ |"‘ antized (int8 |

Last training performance (validation zet

91.3% 0,22

Confusion matrix (validation zec

Data explorer {full training s=t) @

[(E RN NN N

Fig. 5.11 5-data training cycles model.

4. Classify new data from the sensor and the trained neural network.

When the neural network has already acquired enough precision to classify the data correctly,
we must measure new values through the sensor as in step 2 and determine if it is also
optimal to classify new data.

To do this we go to fALive Classificationo.

"fault" state with the clamp in Figure 5.12 and the "speed 3" state of the item in Figure 5.13
will be shown.

N e X
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RAW DATA

RAW DATA

classification.test.1 classification.test.3

Raw features @ Raw features [

14.7100, 7.6668, -1.2553, 14.718, 7.0688, -1.2553, 14.710@, 7.8668, -1.2553, 14.7180, 7.0608, -1.2553, 14.71. -0.2746, 9.3359, 1.8829, -8.2746, 9.3359, 1.8829, -0.2746, 9.3359, 1.8829, -0.2746, 9.3359, 1.8829, -0.2746, -

Spectral features Spectral features

0 classfied 0 classified

@ of @ of

® p= [ ] PE‘E

0 i [

0 w2 0 w2

@3 . v3

D dlassification 0 . Q dassification 0 .

Fig.5.12 Newdatac | assi fi cat Fig.5.13New data classi fi«
state. state.

In the scatter plot of Figure 5.12 we can see the blue dot, categorized in the legend as
Acl assification 00 in the Apegod region, theref

Then,inFigure5.13, we can see that the new data si mul at
spread region. Therefore, we conclude the artificial intelligence classification of the behaviour

of our fan to be studied and that it is precise enough to correctly classify what state the item

is in.
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CHAPTER 6. CONCLUSIONS

The initial idea of this project was to create a Machine Learning model capable of determining
anomalies by analysing vibrations in an aircraft propeller. However, it has not been possible
to complete it. This has been due to the fact that months of data are needed to analyse the
Cessna 172-R aircraft, which we did not have in order to have sufficient history to determine
the normal behaviour of a machine to be studied. Also, as the machine to be studied was an
aircraft propeller, unfortunately, due to aeronautical legislation, direct measurements could
not be taken on the aircraft's propeller engine, since this resulted in a change in the aircraft's
aeronautical infrastructure.

For this, we tried to adapt the idea of the project to an approach of all the necessary steps to
the main application. A conventional fan was sensorised, simulating being the propeller of an
airplane through a capacitive accelerometer with MEMS technology ADXL345 which has
collected the accelerations in the 3 axes ¢huhi of different states of the fan.

We collected approximately 6 hours of training and test data and then, we have been
processed and analysed in a Machine Learning tool, Edge Impulse. This tool could simulate
the steps that would be applied in an ML algorithm. Through Edge Impulse we classified the
five different fan states: off, 3 different speeds and a simulated failure by inserting a gripper
on the blades. Based on this training and data processing, the application could determine
directly what state the item is in. In this way, with small amount of data, it is not possible to
predict in the long term what will happen to the fan, but we can know at a certain moment if
the fan is faulty or not according to the vibration measured by the sensor.

In the real flight where we applied the microcontroller and sensor, we were able to observe
that the sensor worked and was capable of distinguishing different phases of the flight, but
we could not verify if the sensor was sensitive enough to small changes that occurred
internally in the propeller. This is due to the great noise surrounding the environment and not
being able to get close enough to the inside of the propeller. The choice of the sensor was
complex because more precise sensors were very expensive, and the project had to be low
cost. The cost of the project was a challenge as | was not sure if it would be able to detect
any vibration with the material used. In Annex O. Project costs we can see the material used
and their respective prices.

The problems that have always been heard about Industry 4.0 or predictive maintenance is
the high price that is worth applying it, but it has been shown that with a budget of less than
200u it could be proposed a model that classify vibrations sufficiently useful to determine the
state of an item. However, we observed that the application of predictive maintenance, in
principle, is expensive in reference to time. It takes time to determine a baseline condition
and an active maintenance team to report each machinery problem to associate it with the
measured vibration at a particular fault. However, it is a process that in the long term can be
very beneficial for any industry, including aeronautics, because it can avoid possible
stoppages in which each hour that the production line is stopped is worth more money than
the time and dedication that the application of predictive maintenance costs.
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To develop the project in its entirety, we should be able to access the aircraft maintenance
workshops for months, so that when there is a fault, such as a misalignment or lack of
lubrication, it can be detailed with the mechanics what had occurred and associate it with the
vibration measured at that instant. In this way, the learning algorithm of Machine Learning
would be increasingly intelligent and would be able to predict failures in the long term. And
regarding an application on board, it should be developed during the necessary time to obtain
security certifications suitable for carrying the necessary devices on the flight, which is very
complex.

Finally, the realization of this project had shown that through low-cost technology, it has been
possible to carry out an adaptation of what would be the analysis of vibrations and the
application of a Machine Learning algorithm to classify states of an item and then, with more
hours of data collection, detect new anomalies and being able to predict faults already
historically processed to carry out the known and powerful Predictive Maintenance.



54 An approximation of predictive maintenance for a plane propeller through
sensorisation, vibration analysis and Machine Learning

BIBLIOGRAPHY

1] D. Tran Anh, K. Dabrowski, and K. Skrzypek,
the Maintenance Department of t he Founchdustr
Manag., vol. 10, no. 1, pp. 2831 292, 2018, doi: 10.2478/fman-2018-0022.

2] J. del Val Roman, Al ndustria 4. 0. La Transf
Coddiinforme, p. 120, 2012, [Online]. Available: http://coddii.org/wp-
content/uploads/2016/10/Informe-CODDII-Industria-4.0.pdf

[B] E. Buns, -depmnh gui de t o machi ne l earning
https://www.techtarget.com/searchenterpriseai/ln-depth-guide-to-machine-learning-in-
the-enterprise

[4] Epicor, AWhat ditshel ndiudsutsrtyr i 41 O I nternet of
https://www.epicor.com/en-uk/blog/learn/what-is-industry-4-0/

5] |1 QS Directory, AUl ti mate Gui de: Everything
https://www.igsdirectory.com/resources/ultimate-guide-everything-need-to-know-
about-industry-4-0/

[6] I nterreg Eur op-eA, Tirlamesudsotrrmats ve Vi sion for
Available: https://www.interregeurope.eu/news-and-events/news/industry-50-a-
transformative-vision-for-europe

[/l P. Coand , M. Avram, and V. Constantin, A A
t e c h ni IQR @osf,Ser. Mater. Sci. Eng., vol. 997, no. 1, 2020, doi: 10.1088/1757-
899X/997/1/012039.

[8] H. B. Niranjan Banik, Adam Koesoemadinata, Charles Wagner, Charles Inyang,

AMai ntenace approaches for different produc
11 13, 2013, doi: 10.1190/segam2013-0137.1.

O] E. Hup) ®, A9 Types Of Maintenanma&ndtHe wSiToaiCa
Off. Website "road to Reliab., 2021.

[10] O. Mot aghar e, A. S. Pill ai, and K. . Ra
Ar c hi t e2018 IEEE Into Conf. Comput. Intell. Comput. Res. ICCIC 2018, no.

October, pp. 1i 4, 2018, doi: 10.1109/ICCIC.2018.8782406.

[11] UpKeep, APredictive Maintenance, 0 2021- htt
maintenance

[12] M. Bhatt, AMachine Learning Project Manish
Computer Science Submit t,PdD Naroative Int8lligence L&dt e p h e
Department of Computer Science University o
May, 2016, doi: 10.13140/RG.2.1.3176.2800.

[13] A. Levrard, AHow Machine Learning Models Cz¢

2020. https://acubed.airbus.com/blog/adam/how-machine-learning-models-can-
benefit-aerospace-manufacturing/
[14] S. Ferreiro and A. Arnai z, Al mproving aircrtr

and health management techniques case of study: Brake wear degradation,0ICAART
2010 - 2nd Int. Conf. Agents Artif. Intell. Proc., vol. 1, no. September 2016, pp. 568i
575, 2010, doi: 10.5220/0002718405680575.

[15] EMERSON, AVi bration Analysis for Machinery
https://www.emerson.com/documents/automation/brochure-vibration-analysis-for-
machinery-health-diagnosis-ams-en-6652272.pdf

[16] TME El ectronic Components, fAaC-mo funciona
https://www.tme.eu/es/news/library-articles/page/22568/Como-funciona-y-que-hace-
el-acelerometro/

[17] B. M. Looney, AMEMS Vi bration Monitoring



BIBLIOGRAPHY 55

[18]

[19]

[20]

[21]

[22]
[23]
[24]
[25]

[26]

pp. 1i 5, 2017.

A. Pcr and L. Kit, AADXL345 Data Sheet, 0 v
[Online]. Available: http://www.papersearch.net/view/detail.asp?detail_key=10000715

S. R. Kulkarni, AFrequency Blecn&ignals Syst.dvol.F o ur i
4, no. 20, pp. 1121, 2002, [Online]. Available:

https://www.princeton.edu/~cuff/ele201/kulkarni.html

C. M. Sundling, N. Sukumar, H. Zhang, M. J. Embrechts, and C. M. Breneman,

AWavel ets in chemistr yRevaCoohputc@®hemmivalf2@rnmat i c s
December 2017, pp. 2951 329, 2006, doi: 10.1002/0471780367.ch5.

R. Quineel |, ARapi dl| y-BaBed pPredictve Maemtersarece 9sing o r I

ME MS Accel erometers, o0 2020, [ On

https://www.digikey.com/en/articles/rapidly-deploy-sensors-iiot-based-predictive-

maintenance-mems-accelerometers
L. Di ®guez, AARDUI NO VS RASPBERRY
kolwidi/arduino-vs-raspberry-pi

Emmet , ARaspberry Pi Accel erometer
https://pimylifeup.com/raspberry-pi-accelerometer-adxI345/
Adafruit, ARAssembly and Wi r i
https://learn.adafruit.com/adxI345-digital-accelerometer/assembly-and-wiring
Raspberry Pi, ARemot e
https://lwww.raspberrypi.com/documentation/computers/remote-access.html
Edge | mpul se, AContinuous

https://docs.edgeimpulse.com/docs/tutorials/continuous-motion-recognition

Pl ,-0 202

using th

ng, O 20
Acces:

moti on



56 An approximation of predictive maintenance for a plane propeller through
sensorisation, vibration analysis and Machine Learning

" Escola d’Enginyeria de Telecomunicacio i
ee ~ Aeroespacial de Castelldefels

UNIVERSITAT POLITECNICA DE CATALUNYA

ANNEXES

TFG TITLE: An approximation of predictive maintenance for a plane propeller
through sensorisation, vibration analysis and Machine Learning

DEGREE: Degree in Air Navigation Engineering
AUTHOR: Carla Garcia Valle

DIRECTORS: Jordi Pons Prats and Alberto Burgos Plaza

DATE: 2" September 2022




Annex A. Technological Industry 4.0 bases 57

Annex A. Technological Industry 4.0 bases

This annex presents the nine fundamental technological foundations of Industry 4.0.

Big Data and
Analytics

Analysing big data is an intricate process of discovering correlations between
factors, customer preferences, and market trends. These tools can be used by
businesses for making intelligent decisions about what they should produce or
undertake. By identifying patterns and dependencies, they can detect
inefficiencies, and even predict future outcomes.

Statistical algorithms and predictive modelling are often used to obtain such
information.

Industrial
Internet of
Things (loT)

lloT refers to the use of internet and wireless technology to connect all parts of
an industrial plant or smart factory. It is also useful for machine-to-machine (M2M)
communication, sensor data, and machine learning.

Horizontal and
Vertical
System
Integration

The goal is to make companies more cohesive by integrating horizontal and
vertical systems.

While horizontal integration involves the networking of machines and systems
within a manufacturing line as well as between companies, suppliers, and clients.
Integrating all levels of production in a company - from the production floor,
through to the business level - is called vertical integration.

Cloud
computing

The Cloud innovation has made it possible to store and share a wide variety of
data and information. Due to this borderless flow of data, infrastructure
investments do not need to be made to expand capacity, allowing unprecedented
flexibility.

Autonomous
Robots

A robot can work faster and smarter than a human. Perhaps, not so far in the
future, the new smarter robots and machines will be able to interact with humans
and learn from them. Those machines will be able to recognize mistakes in every
component.

They have become increasingly autonomous, flexible, and cooperative thanks to
advances in artificial intelligence and sensor technology.

Simulation

Three-dimensional simulations have been used for some time by engineers.
Nonetheless, as Industry 4.0 continues to gain momentum, simulations will also
become available in plant operations.

By testing and optimizing machine settings in the virtual world ahead of the
physical changeover, operators can lower setup times and increase quality.

Augmented
reality

As augmented reality becomes more prevalent, engineers hope that employees
will be able to use complicated machinery with ease. Using it, workers can be
more informed about their products and decide how to proceed more effectively.

Cyber-
security

Technological advancements have led to the inclusion of high levels of cyber-
security by companies. If cyber-security was not strong, plants would be
vulnerable to hacking, which would result in loss of production.

Additive
Manufacturing

In additive manufacturing, unique items can be produced on-site at a low cost.
3D printing makes this possible. Prototypes can be created, components can be
manufactured, and specific items can be designed to meet specific customer
requirements.
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Annex B. Aircraft information

This annex presents the most important characteristics of the Cessna 172-R plane used for
the actual application of the project.

Cessna C-172R

SOSU operates Cessna 1 7 2 R@r primary, instrument and commercial training. The
CessnaC-172 is a four place, fixed gear trainer using the Lycoming 10-360 fuel injected
engine turning a fixed pitch two bladed propeller. Two of these new aircraft were donated
to SOSU through the generosity of the Noble Foundation.

Specifications:
Aircraft Type
Powerplant
Horsepower
Propeller

Max TO Weight
Vne

Vno

Cessna 172R
Textron Lycoming 10-360-L2A

160 BHP @ 2400 RPM
McCauley 1C235/LFA7570 two bladed fixed pitch
2450 pounds

163 KIAS
129 KIAS

A

&

I
=
Y
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Annex C. Fan information

This annex presents the characteristics of the conventional fan used for the adaptation of the real

application.

The fan is Amazon Basics brand. It is characterized as a vertical digital oscillating fan with two sets of

3 blades 3-speed fan.

Technical details
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Manufacturer

Amazon Basics

Style

AC motor

Manufacturer's product
identifier

FS40-10BR-EU

Special features

Fast vel oci t

Product dimensions

17.72 x 15.75 x 53.15 cm;

Included Components

Manual control

5.58 kg
Product model number | FS40-10BR Includes batteries No
Color Black Needed batteries Yes
Power supply Electric cable Product weight 5.58 kg
Voltage 230 Number of products 1
Electrical power 60 Mounting type Table mounting
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Annex D. ADXL345 Datasheet

ANALOG
DEVICES

ADXL345

3-Axis, £2 g/+4 g/+£8 g/+16 g Digital Accelerometer

FEATURES

Ultralow power: as low as 23 pA in measurement mode and

0.1 pA in standby mode at Vs = 2.5V (typical)

Power consumption scales automatically with bandwidth
User-selectable resolution

Fixed 10-hit resolution

Full resolution, where resolution increases with g range, up to
13-bit resolution at 16 g (maintaining 4 mg/LSB scale factor in
all g ranges)

Embedded memory management system with FIFO technology
minimizes host processor load

Single tap/double tap detection

Activity/inactivity monitoring

Free-fall detection

Supply voltage range: 2.0V1t0 3.6 V

/O voltage range: 1.7 V to Vs

SPI (3- and 4-wire) and 12C digital interfaces

Flexible interrupt modes mappable to either interrupt pin
Measurement ranges selectable via serial command

Bandwidth selectable via serial command

Wide temperature range ( 7 4 Otd €85°C)

10,000 g shock survival

Pb free/RoHS compliant

Small and thin: 3 mm x 5 mm x 1 mm LGA package
APPLICATIONS

Handsets

Medical instrumentation

FUNCTIONAL BLOCK DIAGRAM

Vs Vobio

ADXL345

POWER
MANAGEMENT

i [

\ CONTROL INT1
—N
T ] eretiics [ Ao oorraL [} iwréRguer 1
SENBOR [T FILTER LoGIC INT2
32 LEvVEL N SDA/SDI/SDIO
FFO [ ) SERIAL 1/0 igg:&"gs
,L SCLISCLK
. GND Eis
Figure 1.
Rev. G
DOCUMENT FEEDBACK TECHNICAL SUPPOR

Gaming and pointing devices

Industrial instrumentation

Personal navigation devices

Hard disk drive (HDD) protection

GENERAL DESCRIPTION

The ADXL345 is a small, thin, ultralow power, 3-axis accelerometer
with high resolution (13-hit) measurement at up to £16 g. Digital
output data is formatted as 16-bit twos complement and is accessi-
ble through either a SPI (3- or 4-wire) or 12C digital interface.

The ADXL345 is well suited for mobile device applications. It meas-
ures the static acceleration of gravity in tilt-sensing applications, as
well as dynamic acceleration resulting from motion or shock. Its
high resolution (3.9 mg/LSB) enables measurement of inclination
changes less than 1.0°.

Several special sensing functions are provided. Activity and inactiv-
ity sensing detect the presence or lack of motion by comparing

the acceleration on any axis with user-set thresholds. Tap sensing
detects single and double taps in any direction. Free-fall sensing
detects if the device is falling. These functions can be mapped
individually to either of two interrupt output pins. An integrated
memory management system with a 32-level first in, first out (FIFO)
buffer can be used to store data to minimize host processor activity
and lower overall system power consumption.

Low power modes enable intelligent motion-hased power manage-
ment with threshold sensing and active acceleration measurement
at extremely low power dissipation.

The ADXL345 is supplied in a small, thin, 3 mm x 5 mm x 1 mm,
14-lead, plastic package.


http://www.analog.com/ADXL345
https://form.analog.com/Form_Pages/feedback/documentfeedback.aspx?doc=ADXL345.pdf&product=ADXL345&rev=G
http://www.analog.com/en/content/technical_support_page/fca.html

ADXL345
SPECIFICATIONS

Ta=25°C,Vs=25V, Vooio = 1.8V, acceleration = 0 g, Cs = 10 pF tantalum, Cyo = 0.1 pF, output data rate (ODR) = 800 Hz, unless
otherwise noted. All minimum and maximum specifications are guaranteed. Typical specifications are not guaranteed.

Table 1.
ParameterTest Conditions Min Typ?! Max Unit

SENSOR INPUT Each axis

Measurement Range User selectable +2, 14, 18,116 g

Nonlinearity Percentage of full scale +0.5 %

Inter-Axis Alignment Error +0.1 Degrees

Cross-Axis Sensitivity? +1 %

OUTPUT RESOLUTION Each axis

All g Ranges 10-bit resolution 10 Bits

+2 g Range Full resolution 10 Bits

+4 g Range Full resolution 11 Bits

+8 g Range Full resolution 12 Bits

+16 g Range Full resolution 13 Bits

SENSITIVITY Each axis

Sensitivity at Xour, Your, Zour All g-ranges, full resolution 230 256 282 LSB/g
+2 g, 10-bit resolution 230 256 282 LSB/g
+4 g, 10-bit resolution 115 128 141 LSB/g
+8 g, 10-bit resolution 57 64 71 LSB/g
+16 g, 10-hit resolution 29 32 35 LSB/g

Sensitivity Deviation from Ideal All g-ranges 1.0 %

Scale Factor at Xour, Your, Zout All g-ranges, full resolution 3.5 3.9 43 mg/LSB
+2 g, 10-bit resolution 35 39 43 mg/LSB
+4 g, 10-hit resolution 7.1 7.8 8.7 mg/LSB
+8 g, 10-hit resolution 141 156 175 mg/LSB
+16 g, 10-bit resolution 286 312 345 mg/LSB

Sensitivity Change Due to Temperature +0.01 %I°C

0 g OFFSET Each axis

0 g Output for Xour, Your 11500 +150 mg

0 g Output for Zour 12500 +250 mg

0 g Output Deviation from Ideal, Xour, Your +35 mg

0 g Output Deviation from Ideal, Zour +40 mg

0 g Offset vs. Temperature for X-, Y-Axes 0.4 mg/°C

0 g Offset vs. Temperature for Z-Axis 1.2 mg/°C

NOISE

X-, Y-Axes 0.75 LSB rms
ODR =100 Hz for +2 g, 10-hit resolution or
all g-ranges, full resolution

Z-Axis 1.1 LSB rms
ODR =100 Hz for £2 g, 10-bit resolution or
all g-ranges, full resolution

OUTPUT DATA RATE AND BANDWIDTH User selectable

Output Data Rate (ODR)® 4 ® 01 3200 Hz

SELF-TEST®

Output Change in X-Axis 0.20 210 g

analog.com
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SPECIFICATIONS

Table 1.

ParameterTest Conditions Min Typ?! Max Unit
Output Change in Y-Axis 1T2.10 10.20 g
Output Change in Z-Axis 0.30 3.40 o
POWER SUPPLY
Operating Voltage Range (Vs) 2.0 25 3.6 \%
Interface Voltage Range (Voo iio) 1.7 1.8 Vs \
Supply Current ODR O 100 Hz 140 YA

ODR < 10 Hz 30 PA

Standby Mode Leakage Current 0.1 LA
Tum-On and Wake-Up Time’ ODR = 3200 Hz 1.4 ms
TEMPERATURE
Operating Temperature Range 140 +85 °C
WEIGHT
Device Weight 30 mg

1The typical specifications shown are for at least 68% of the population of parts and are based on the worst case of mean +1 G ,except for 0 g output and sensitivity, which represents the
target value. For 0 g offset and sensitivity, the deviation from the ideal describes the worst case of mean £1 0 .

2 Cross-axis sensitivity is defined as coupling between any two axes.

$ Bandwidth is the T 3dB frequency and is half the output data rate, bandwidth = ODR/2.

4The output format for the 3200 Hz and 1600 Hz ODRs is different than the output format for the remaining ODRs. This difference is described in the Data Formatting of Upper Data
Rates section.

5 Qutput data rates below 6.25 Hz exhibit additional offset shift with increased temperature, depending on selected output data rate. Refer to the Offset Performance at Lowest Data
Rates section for details.

6 Self-test change is defined as the output (g) when the SELF_TEST bit = 1 (in the DATA_FORMAT register, Address 0x31) minus the output (g) when the SELF_TEST hit

= 0. Due to device filtering, the output reaches its final value after 4 x Uwhen enabling or disabling self-test, where U= 1/(data rate). The part must be in normal power operation
(LOW_POWER bit=0inthe BW_RATE register, Address 0x2C) for self-test to operate correctly.

" Tum-on and wake-up times are determined by the user-defined bandwidth. At a 100 Hz data rate, the tum-on and wake-up times are each approximately 11.1 ms. For other data
rates, the turn-on and wake-up times are each approximately (+ 1.1 in milliseconds, where U= 1/(data rate).



ABSOLUTE MAXIMUM RATINGS

Table 2.

ParameterRating

Acceleration
Any Axis, Unpowered
Any Axis, Powered
Vs

Voo o
Digital Pins

All Other Pins

Output Short-Circuit Duration (Any Pin
to Ground)

Temperature Range

Stregsges,at or above those lis

10,000 g
10,000 g
10.3V10+39V
7103V10+39V

10.3VtoVoowo+03Vor39y,
whichever is less

10.3Vto+3.9V
Indefinite

ted)-gindapsAbsolute Maximum

Ratiggsgay cause permanent d
S \ .

amags,todhe product. Thisis a
ration of the product at these or

any other conditions above those indicated in the operational

section of this specification is no

timplied. Operation beyond the

maximum operat-ing conditions for extended periods may affect

product reliability.
THERMAL RESISTANC

Table 3. Package Characteristics

E

Package Type A dic Device Weight
14-Terminal LGA 150°C/W 85°C/W 30 mg
ESD CAUTION

analog.com

ADXL345

RECOMMENDED SOLDERING PROFILE
Figure 2 and Table 4 provide details about the recommended

soldering profile.

i CRITICAL ZONE
T.TOTp

TEMPERATURE

- 125°C TO PEAK ——
TIME

Figure 2. Recommended Soldering Profile Table 4. Recommenoged Soldering

Profilel2
Condition Sn63/Ph37
Praii e Pb-Free
Average Ramp Rate from Liquid Temperature 3°Clsec max- | 3°Clsec maxi-
(Ti) to Peak Temperature (Te) imum mum
Preheat
Minimum Temperature (Tswin) 100°C 150°C
Maximum Temperature (Tswax) 150°C 200°C
Time from Tswin t0 Tsmax (ts) 60 sec to 120 | 60 sec to 180
sec sec
Tsmax to TL Ramp-Up Rate 3°Clsec max- | 3°Cl/sec maxi-
imum mum
Liquid Temperature (Tv) 183°C 217°C
Time Maintained Above TL (tL) 60 sec to 150 | 60 sec to 150
sec sec
Peak Temperature (Te) 24040/ 154 260+0/ 154
Time of Actual Tp T 5°C (te) 10secto 30 | 20 secto 40
sec sec
Ramp-Down Rate 6°Clsec max- | 6°Clsec maxi-
imum mum
Time 25°C to Peak Temperature 6 minutes 8 minutes
maximum | maximum

1 Based on JEDEC Standard J-STD-020D.1.

2For best results, the soldering profile should be in accordance with the recom-mendations

of the manufacturer of the solder paste used.

A
Ala\

ESD (electrostatic discharge) sensitive device. Charged devi-
ces and circuit boards can discharge without detection. Although
this product features patented or proprietary protection circuitry,
damage may occur on devices subjected to high energy ESD.
Therefore, proper ESD precautions should be taken to avoid
performance degradation or loss of functionality.
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PIN CONFIGURATION AND FUNCTION DESCRIPTIONS

ADXL345
TOP VIEW
(Not to Scale)

SCLISCLK

Vopuo| 1 14 13 || SDA/SDISDIO
GND | 2 12 | SDO/ALT ADDRESS
RESERVED 3 11 RESERVED
x
GND | 4 *Lj; 10 | NC
,,,,, o

GND| 5 9 |INT2

vg| 6 7 8 [INT1

cs
NOTES
1. NC = NO INTERNAL CONNECTION.

002

Figure 3. Pin Configuration (Top View)

Table 5. Pin Function Descriptions

Pin No.  Mnemonic Description
1 DD 0 Digital Interface Supply Voltage.
2 GND This pin must be connected to ground.
3 RESERVED Reserved. This pin must be connected to Vs or left open.
4 GND This pin must be connected to ground.
5 GND This pin must be connected to ground.
6 Vs Supply Voltage.
7 Chip Select.
cs
8 INT1 Interrupt 1 Output.
9 INT2 Interrupt 2 Output.
10 NC Not Internally Connected.
11 RESERVED Reserved. This pin must be connected to ground or left open.
12 SDOJALT ADDRESS Serial Data Output (SPI 4-Wire)/Alternate 12C Address Select (I2C).
13 SDA/SDI/SDIO Serial Data (1C)/Serial Data Input (SPI 4-Wire)/Serial Data Input and Output (SPI 3-Wire).
14 SCL/SCLK Serial Communications Clock. SCL is the clock for 12C, and SCLK is the clock for SPI.
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THEORY OF OPERATION

The ADXL345 is a complete 3-axis acceleration measurement
system with a selectable measurement range of +2 g, #4 g, £8 g,
or

+16 g. It measures hoth dynamic acceleration resulting from
motionor shock and static acceleration, such as gravity, that
allows the device to be used as a tilt sensor.

The sensor is a polysilicon surface-micromachined structure built
on top of a silicon wafer. Polysilicon springs suspend the
structureover the surface of the wafer and provide a resistance
against forces due to applied acceleration.

Deflection of the structure is measured using differential
capacitors that consist of independent fixed plates and plates
attached to the moving mass. Acceleration deflects the proof
mass and unbalancesthe differential capacitor, resulting in a
sensor output whose ampli- tude is proportional to acceleration.
Phase-sensitive demodulation is used to determine the
magnitude and polarity of the acceleration.

POWER SEQUENCING

Power can be applied to Vs or Voo 1o in any sequence without
damaging the ADXL345. All possible power-on modes are

summar-
Table 6. Power Sequencing

vibration analysis and Machine Learning

ized in Table 6. The interface voltage level is set with the interface
supply voltage, Voo 1o, which must be present to ensure that the
ADXL345 does not create a conflict on the communication bus. For
single-supply operation, Voo o can be the same as the main supply,
Vs. In a dual-supply application, however, Voo iio can differfrom Vs
to accommodate the desired interface voltage, as long

as Vs is greater than or equal to Voo 0. When power cycling is
required, Vs and Voo 1o must be completely discharged (to GND)
before powering the device back on.

After Vs is applied, the device enters standby mode, where power
consumption is minimized and the device waits for Voo 1o to be
applied and for the command to enter measurement mode to be
received. (This command can be initiated by setting the measure bit
(Bit D3) in the POWER_CTL register (Address 0x2D).) In addition,
while the device is in standby mode, any register can be written to
or read from to configure the part. It is recommended to configure
the device in standby mode and then to enable measurement
mode. Clearing the measure bit returns the device to the standby
mode.

Cr\nr{itinn \/ \/oo nncrriptinh
Power Off off Off The device is completely off, but there is a potential for a communication bus conflict.
Bus Disabled On Off The device is on in standby mode, but communication is unavailable and creates a conflict on the communication bus. The
duration of this state should be minimized during power-up to prevent a conflict.
Bus Enabled Off On No functions are available, but the device does not create a conflict on the communication bus.
Standby or Measurement On On At power-up, the device is in standby mode, awaiting a command to enter measurement mode, and all sensor functions are
off. After the device is instructed to enter measurement mode, all sensor functions are available.




THEORY OF OPERATION
POWER SAVINGS

Power Modes

The ADXL345 automatically modulates its power consumption in
proportion to its output data rate, as outlined in Table 7. If
addition- al power savings is desired, a lower power mode is
available.

In this mode, the internal sampling rate is reduced, allowing for
power savings in the 12.5 Hz to 400 Hz data rate range at the
expense of slightly greater noise. To enter low power mode, set
the LOW_POWER bit (Bit 4) in the BW_RATE register (Address
0x2C). Table 8 shows the current consumption in low power
modefor cases where there is an advantage to using low power
mode.

Use of low power mode for a data rate not shown in Table 8 does
not provide any advantage over the same data rate in normal
powermode. Therefore, it is recommended that only data rates
shown

in Table 8 be used in low power mode. The current consumption

values shown in Table 7 and Table 8 are fora Vs of 2.5 V.
Table 7. Typical Current Consumption vs. Data Rate (Ta = 25°C, Vs =25V, Voo

Output Data Rate

(H2) Bandwidth (Hz) Rate Code Iop (1A)
3200 1600 1111 140
1600 800 1110 90
800 400 1101 140
400 200 1100 140
200 100 1011 140
100 50 1010 140
50 25 1001 90
25 125 1000 60
125 6.25 0111 50
6.25 3.13 0110 45
3.13 1.56 0101 40
1.56 0.78 0100 34
0.78 0.39 0011 23
0.39 0.20 0010 23
0.20 0.10 0001 23
0.10 0.05 0000 23
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Table 8. Typical Current Consumption vs. Data Rate, Low Power Mode (Ta = 25°C,
Vs=25V Voouo=18V)

Output Data Rate

(Hz) Bandwidth (Hz) Rate Code Iop (1A)
400 200 1100 90
200 100 1011 60
100 50 1010 50
50 25 1001 45
25 12.5 1000 40
12.5 6.25 0111 34

Auto Sleep Mode

Additional power can be saved if the ADXL345 automatically
switches to sleep mode during periods of inactivity. To enable this
feature, set the THRESH_INACT register (Address 0x25) and the
TIME_INACT register (Address 0x26) each to a value that signifies
inactivity (the appropriate value depends on the application), and
then set the AUTO_SLEEP bit (Bit D4) and the link bit (Bit D5) in
the POWER_CTL register (Address 0x2D). Current consumption at
the sub-12.5 Hz data rates that are used in this mode is typically 23
UA fora Vs of 2.5 V.

Standby Mode

For even lower power operation, standby mode can be used. In
standby mode, current consumption is reduced to 0.1 A (typical).
In this mode, no measurements are made. Enter standby mode by
clearing the measure bit (Bit D3) in the POWER_CTL register
(Address 0x2D). Placing the device into standby mode preserves
the contents of FIFO.
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12C and SPI digital communications are available. In both cases,
theADXL345 operates as a slave. 12C mode is enabled if the CS
pin is tied high to Voo 0. The CS pin should always be tied high
to Voo o or be driven by an external controller because there is
no default mode if the CS pin is left unconnected. Therefore, not
taking these precautions may result in an inability to communicate
with the part. In SPI mode, the CS pin is controlled by the bus
master. In both SPland I2C modes of operation, data transmitted
from the ADXL345 to the master device should be ignored during
writes to the ADXL345.

SPI

For SPI, either 3- or 4-wire configuration is possible, as shown in
the connection diagrams in Figure 34 and Figure 35. Clearing
the SPI bit (Bit D6) in the DATA_FORMAT register (Address
0x31)selects 4-wire mode, whereas setting the SPI bit selects 3-
wire mode. The maximum SPI clock speed is 5 MHz with 100 pF
maximum loading, and the timing scheme follows clock polarity
(CPOL) = 1 and clock phase (CPHA) = 1. If power is applied

to the ADXL345 hefore the clock polarity and phase of the host
processor are configured, the CS pin should be brought high
beforechanging the clock polarity and phase. When using 3-wire
SPI, it

is recommended that the SDO pin be either pulled up to Voo 1o

vibration analysis and Machine Learning

(MB in Figure 37 to Figure 39), must be set. After the register
addressing and the first byte of data, each subsequent set of clock
pulses (eight clock pulses) causes the ADXL345 to point to the next
register for a read or write. This shifting continues until the clock
pulses cease and CS is deasserted. To perform reads or writes on
different, nonsequential registers, CS must be deasserted between
transmissions and the new register must be addressed separately.
The timing diagram for 3-wire SPI reads or writes is shown in Fig-
ure 39. The 4-wire equivalents for SPI writes and reads are shown
in Figure 37 and Figure 38, respectively. For correct operation of
the part, the logic thresholds and timing parameters in Table 9 and
Table 10 must be met at all times.

Use of the 3200 Hz and 1600 Hz output data rates is only recom-
mended with SPI communication rates greater than or equal to

2 MHz. The 800 Hz output data rate is recommended only for
communication speeds greater than or equal to 400 kHz, and the
remaining data rates scale proportionally. For example, the
minimum recommended communication speed for a 200 Hz output
data rate is 100 kHz. Operation at an output data rate above the
recommended maximum may result in undesirable effects on the
acceleration data, including missing samples or additional noise.

Preventing Bus Traffic Errors

opulled down to GND via a 10 kYruk &85 &'pin is used both for initiating SPI transactions,

ADXL345 PROCESSOR
cs D OouT
sSDIO D IN/OUT
sDO
SCLK D OUT

Figure 34. 3-Wire SPI Connection Diagram

ADXL345 PROCESSOR
cs D OUT
SDI D OUT
SDO DIN
SCLK D OUT

Figure 35. 4-Wire SPI Connection Diagram

CS is the serial port enable line and is controlled by the SPI
master. This line must go low at the start of a transmission and
high at the end of a transmission, as shown in Figure 37. SCLK
is the serial port clock and is supplied by the SPI master. SCLK
should idle high during a period of no transmission. SDI and SDO
are the serial datainput and output, respectively. Data is updated
on the falling edge of SCLK and should be sampled on the rising
edge of SCLK.

To read or write multiple bytes in a single transmission, the mul-
tiple-byte bit, located after the R/W bit in the first byte transfer

and for enabling 12C mode. When the ADXL345 is used on a SPI
bus with multiple devices, its CS pin is held high while the master
communicates with the other devices. There may be conditions
where a SPI command transmitted to another device looks like a
valid 12C command. In this case, the ADXL345 would interpret this
as an attempt to communicate in 12C mode, and could interfere with
other bus traffic. Unless bus traffic can be adequately controlled to
assure such a condition never occurs, it is recommended to add a
logic gate in front of the SDI pin as shown in Figure 36. This OR
gate will hold the SDA line high when CS is high to prevent SPI bus
traffic at the ADXL345 from appearing as an 12C start command.

ADXL345
cs
SDIO

PROCESSOR

DouT

D IN/QUT
SDO
SCLK DouT

Figure 36. Recommended SPI Connection Diagram when Using Multiple SPI Devices
on aSingle Bus
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Table 9. SPI Digital Input/Output
ParameterTest Conditions '—i_mitl
Min Max .
Unit
Digital Input
Low Level Input Voltage (Vi) 0.3 x Vpp 1o \%
High Level Input Voltage (Vix) 0.7x Vpp 1o v
Low Level Input Current (Ii) = Voo o 0.1 HA
High Level Input Current (Iin) N=0V 10.1 PA
Digital Output
Low Level Output Voltage (Vo) lo. =10 mA 0.2 x Vpp 1o \
High Level Output Voltage (Von) low=T 4mA 0.8 x Vpp o \
Low Level Output Current (lor) oL = VoL, max 10 mA
High Level Output Current (low) on = Vou, min T4 mA
Pin Capacitance fiv=1MHz, Vin=25V 8 pF

-

Limits based on characterization results, not production tested.
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Table 10. SPI Timing (Ta = 25°C, Vs =25V, Vop 10 = 1.8 V)!

vibration analysis and Machine Learning

Limit2 3
Parameter Min Max Unit Description
fscLk 5 MHz SPI clock frequency
tscLk 200 ns 1/(SPI clock frequency) mark-space ratio for the SCLK input is 40/60 to 60/40
toELAY 5 ns
@falling edge to SCLK falling edge
tQUIET 5 ns
SCLK rising edge to CS rising edge
cs rising edge to SDO disabled
tespis 150 ns
CS deassertion between SPI communications
ts 0.3 x tscik ns SCLK low pulse width (space)
tm 0.3 x tscik ns SCLK high pulse width (mark)
tseTup 5 ns SDI valid before SCLK rising edge
thop 5 ns SDI valid after SCLK rising edge
tspo 40 ns SCLK falling edge to SDO/SDIO output transition
t 4R 20 ns SDO/SDIO output high to output low transition
t4F 20 ns SDO/SDIO output low to output high transition
1 The CS-SCLK, SDI, and SDO pins are not internally pulled up or down; they must be driven for proper operation.
2 |imits based on characterization results, characterized with fscux = 5 MHz and bus load capacitance of 100 pF; not production tested.
8 The timing values are measured corresponding to the input thresholds (Vi and Vi) given in Table 9.
4

Output rise and fall times measured with capacitive load of 150 pF.
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12C

With CS- tied high to Voo 1o, the ADXL345 is in 1°C mode,
requiringa simple 2-wire connection, as shown in Figure 40. The
ADXL345 conforms to the UM10204 12C-Bus Specification and
User Manual, Rev. 033 19 June 2007, available from NXP
Semiconductors. It supports standard (100 kHz) and fast (400
kHz) data transfer modes if the bus parameters given in Table 11
and Table 12

are met. Single- or multiple-byte reads/writes are supported, as
shown in Figure 41. With the ALT ADDRESS pin high,_the 7-bit
12C address for the device is 0x1D, followed by the R/W bit. This
translates to 0x3A for a write and 0x3B for a read. An alternate
12C address of 0x53 (followed by the R/W bit) can be chosen by
grounding the SDO/ALT ADDRESS pin (Pin 12). This translates
toOxAG6 for a write and 0xAY7 for a read.

There are no internal pull-up or pull-down resistors for any
unused pins; therefore, there is no known state or default state
for the CS or ALT ADDRESS pin if left floating or unconnected. It
is required that the CS pin be connected to Voo o and that the
ALT ADDRESSpin be connected to either Voo 1o or GND when
using 12C.

Dee—te—¢ d , DR -BH
datarate when using 400 kHz I2C is 800 Hz and scales linearly

with a
Table 11. 12C Digital Input/Qutput

ADXL345

change in the I2C communication speed. For example, using I°C at
100 kHz would limit the maximum ODR to 200 Hz. Operation atan
output data rate above the recommended maximum may resultin
undesirable effect on the acceleration data, including missing
samples or additional noise.

Voo o

ADXL345
cs

SDA

ALT ADDRESS
scL

Rp Rp | PROCESSOR

Figure 40. IC Connection Diagram (Address 0x53)

If other devices are connected to the same I2C bus, the nominal op-
erating voltage level of these other devices cannot exceed Vop 1o
by more than 0.3 V. External pull-up resistors, Re, are necessary for
proper I2C operation. Refer to the UM10204 12C-Bus Specification
and User Manual, Rev. 033 19 June 2007, when selecting pull-up
resistor values to ensure proper operation.

ParameterTest Conditions Min Max Unit
Digital Input
Low Level Input Voltage (Vi) 0.3 x Vpp o
High Level Input Voltage (Vi) 0.7 x Vpp 1o
Low Level Input Current (li) Vin = Voo o 0.1 PA
High Level Input Current (Iin) Vin=0V 10.1 PA
Digital Output
Low Level Output Voltage (Vo) Voowo <2V, lor =3 mA 0.2 xVpp o
Voo 10 02V, lot = 3 mA 400 mv
Low Level Output Current (loL) oL = VoL, max 3 mA
Pin Capacitance fiv=1MHz, V=25V 8 pF
L Limits based on characterization results; not production tested.
SINGLE-BYTE WRITE
MASTER |ETARTU SLAVE ADDRESS + WRITE | | REGISTER ADDRESS | | DATA ‘ I STOP ‘
SLAVE | [ ack | | ack | [ ack | |
MULTIPLE-BYTE WRITE
MASTER [START] | SLAVE ADDRESS + WRITE | | rEcisTERADDRESS | | DATA | [ DATA | [ stor |
SLAVE | [ ack | [ ack | | ack | [ ack | |
SINGLE-BYTE READ
MASTER [START| | SLAVE ADDRESS + WRITE | | REGISTER ADDRESS | [sTarTT] sLave ADDRESS +READ Nack [ ] sTor |
SLAVE | I ACK | | ACK I ACK |_I DATA
MULTIPLE-BYTE READ
MASTER |STARTH SLAVE ADDRESS + WRITE | | REGISTER ADDRESS | |STAF!T‘|:| SLAVE ADDRESS + READ | | ACK | | NACK u STOP
SLAVE | \ | ack [ ack | | ack [] DATA | [ DATA

analog.com
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SERIAL COMMUNICATIONS

Table 12. I%C Timing (Ta = 25°C, Vs = 2.5V, Vopio = 1.8 V)

LimitL:2
Parameter Min Max Unit Description
fseL 400 kHz SCL clock frequency
t1 2.5 s SCL cycle time
t2 0.6 s tricn, SCL high time
ts 1.3 s tLow, SCL low time
ta 0.6 s thp, sTa, Start/repeated start condition hold time
ts 100 ns tsu, pat, data setup time
3456 0 0.9 s thp, oar, data hold time
t7 0.6 s tsu, sta, Setup time for repeated start
ts 0.6 s tsu, sto, Stop condition setup time
to 1.3 s tsur, bus-free time between a stop condition and a start condition
tio 300 ns tr, rise time of both SCL and SDA when receiving
0 ns tR, rise time of both SCL and SDA when receiving or transmitting
t11 300 ns tr, fall time of SDA when receiving
250 ns tr, fall time of both SCL and SDA when transmitting
Cob 400 pF Capacitive load for each bus line

L Limits based on characterization results, with fsc. = 400 kHz and a 3 mA sink current; not production tested.

2 Allvalues referred to the Vi and the Vi levels given in Table 11.

3 tsis the data hold time that is measured from the falling edge of SCL. It applies to data in transmission and acknowledge.

4 A transmitting device must internally provide an output hold time of at least 300 ns for the SDA signal (with respect to Vimin) of the SCL signal) to bridge the undefined region of the
falling edge of SCL.

5 The maximum ts value must be met only if the device does not stretch the low period (t3) of the SCL signal.

8 The maximum value for ts is a function of the clock low time (t3), the clock rise time (ti), and the minimum data setup time (tsmin). This value is calculated as tamax = t3 T t10 T ts(min)-

Y / / / \ 7[

tg —w| -ty —= ty |-
— - t1o — |- tqq
scL
—| ty tg [ |t [« il —- |t |- ty —-| —-| tg |-
START REPEATED STOP
CONDITION START CONDITION
CONDITION 3

Figure 42. 12C Timing Diagram



INTERRUPTS

The ADXL345 provides two output pins for driving interrupts:
INT1 and INT2. Both interrupt pins are push-pull, low impedance
pins with output specifications shown in Table 13. The default
configura- tion of the interrupt pins is active high. This can be
changed to active low by setting the INT_INVERT bit in the
DATA_FORMAT (Address 0x31) register. All functions can be
used simultaneously, with the only limiting feature being that
some functions may need toshare interrupt pins.

Interrupts are enabled by setting the appropriate bit in the
INT_EN- ABLE register (Address 0x2E) and are mapped to either
the INT1 pin or the INT2 pin based on the contents of the
INT_MAP register (Address 0x2F). When initially configuring the
interrupt pins, it is recommended that the functions and interrupt
mapping be done he-fore enabling the interrupts. When changing
the configuration of an

ADXL345

interrupt, it is recommended that the interrupt be disabled first, by
clearing the bit corresponding to that function in the INT_ENABLE
register, and then the function be reconfigured before enabling the
interrupt again. Configuration of the functions while the interrupts
are disabled helps to prevent the accidental generation of an
interrupt before desired.

The interrupt functions are latched and cleared by either reading
the data registers (Address 0x32 to Address 0x37) until the interrupt
condition is no longer valid for the data-related interrupts or by
reading the INT_SOURCE register (Address 0x30) for the remain-
ing interrupts. This section describes the interrupts that can be set
in the INT_ENABLE register and monitored in the INT_SOURCE
register.

Table 13. Interrupt Pin Digital Output Limit!

ParameterTest Conditions Min Max Unit
Digital Output
Low Level Output Voltage (Vo) loL = 300 pA 0.2 x Vpp o \'
High Level Output Voltage (Vo) low =7 1 54 0.8 x Vpp o \'
Low Level Output Current (lot) oL = VoL, max 300 PA
High Level Output Current (lon) oH = Vou, min 1150 HA
Pin Capacitance fiv=1MHz, Vin=25V 8 pF
Rise/Fall Time
Rise Time (tr)? Croap = 150 pF 210 ns
Fall Time (tr)° Cionn = 150 pF 150 ns

L Limits based on characterization results, not production tested.

2 Rise time is measured as the transition time from Vov, max t0 Vo, min 0f the interrupt pin.

3 Fall time is measured as the transition time from Vo, min to Vov, max of the interrupt pin.

analog.com
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INTERRUPTS

DATA_READY

The DATA_READY bit is set when new data is available and is
cleared when no new data is available.

SINGLE_TAP

The SINGLE_TAP hit is set when a single acceleration event that
is greater than the value in the THRESH_TAP register (Address
0x1D) occurs for less time than is specified in the DUR register
(Address 0x21).

DOUBLE_TAP

The DOUBLE_TAP hit is set when two acceleration events that
are greater than the value inthe THRESH_TAP register (Address
0x1D) occur for less time than is specified in the DUR register
(Address 0x21), with the second tap starting after the time
specifiedby the latent register (Address 0x22) but within the time
specified in the window register (Address 0x23). See the Tap
Detection section for more details.

ACTIVITY

The activity bit is set when acceleration greater than the value
stored in the THRESH ACT register (Address 0x24) is
experienced on any participating axis, set hy the
ACT_INACT_CTL register (Address 0x27).

INACTIVITY

The inactivity bit is set when acceleration of less than the val- ue
stored in the THRESH_INACT register (Address 0x25) is ex-

vibration analysis and Machine Learning

perienced for more time than is specified in the TIME_INACT
register (Address 0x26) on all participating axes, as set by the
ACT_INACT_CTL register (Address 0x27). The maximum value for
TIME_INACT is 255 sec.

FREE_FALL

The FREE_FALL bit is set when acceleration of less than the value
stored in the THRESH_FF register (Address 0x28) is experienced
for more time than is specified in the TIME_FF register (Address
0x29) on all axes (logical AND). The FREE_FALL interrupt differs
from the inactivity interrupt as follows: all axes always participate
and are
maximum), and the mode of operation is always dc-coupled.
WATERMARK

The watermark bit is set when the number of samples in FIFO
equals the value stored in the samples hits (Register FIFO_CTL,
Address 0x38). The watermark bit is cleared automatically when
FIFO is read, and the content returns to a value below the value
stored in the samples bits.

OVERRUN

The overrun bit is set when new data replaces unread data. The
precise operation of the overrun function depends on the FIFO
mode. In bypass mode, the overrun bit is set when new data
replaces unread data in the DATAX, DATAY, and DATAZ registers
(Address 0x32 to Address 0x37). In all other modes, the overrun bit
is set when FIFO is filled. The overrun bit is automatically cleared
when the contents of FIFO are read.

| 0gi calefpgrioddNidénherdaller (1.28sect i r



FIFO

The ADXL345 contains technology for an embedded memory
man-agement system with 32-level FIFO that can be used to
minimize host processor burden. This buffer has four modes:
bypass, FIFO, stream, and trigger (see Table 37). Each mode is
selected by the settings of the FIFO_MODE bits (Bits[D7:D6]) in
the FIFO_CTL register (Address 0x38).

BYPASS MODE

In bypass mode, FIFO is not operational and, therefore, re-mains
empty.

FIFO MODE

In FIFO mode, data from measurements of the x-, y-, and z-axes
are stored in FIFO. When the number of samples in FIFO equals
the level specified in the samples bits of the FIFO_CTL register
(Address 0x38), the watermark interrupt is set. FIFO continues
ac- cumulating samples until it is full (32 samples from
measurements of the x-, y-, and z-axes) and then stops collecting
data. After FIFOstops collecting data, the device continues to
operate; therefore, features such as tap detection can be used
after FIFO is full. The watermark interrupt continues to occur until
the number of samplesin FIFO is less than the value stored in the
samples bits of the FIFO_CTL register.

STREAM MODE

In stream mode, data from measurements of the x-, y-, and z-
axes are stored in FIFO. When the number of samples in FIFO
equals the level specified in the samples bits of the FIFO_CTL
register (Address 0x38), the watermark interrupt is set. FIFO
continues accumulating samples and holds the latest 32 samples
from meas-urements of the x-, y-, and z-axes, discarding older
data as new data arrives. The watermark interrupt continues
occurring until the number of samples in FIFO is less than the
value stored in the samples bits of the FIFO_CTL register.
TRIGGER MODE

In trigger mode, FIFO accumulates samples, holding the latest
32 samples from measurements of the x-, y-, and z-axes. After a
trigger event occurs and an interrupt is sent to the INT1 or INT2
pin (determined by the trigger bit in the FIFO_CTL register), FIFO
keeps the last n samples (where n is the value specified by the
samples bits in the FIFO_CTL register) and then operates in
FIFO

mode, collecting new samples only when FIFO is not full. A delay
ofat least 5 ps should be present between the trigger event
occurring and the start of reading data from the FIFO to allow the
FIFO to discard and retain the necessary samples. Additional
trigger events cannot be recognized until the trigger mode is
reset. To reset the trigger mode, set the device to bypass mode
and then set the device back to trigger mode. Note that the FIFO
data should be read first because placing the device into bypass
mode clears FIFO.

analog.com
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RETRIEVING DATA FROM FIFO

The FIFO data is read through the DATAX, DATAY, and DATAZ
registers (Address 0x32 to Address 0x37). When the FIFO is in
FIFO, stream, or trigger mode, reads to the DATAX, DATAY, and
DATAZ registers read data stored in the FIFO. Each time data is
read from the FIFO, the oldest x-, y-, and z-axes data are placed
into the DATAX, DATAY, and DATAZ registers.

If a single-byte read operation is performed, the remaining bytes of
data for the current FIFO sample are lost. Therefore, all axes of
interest should be read in a burst (or multiple-byte) read operation.
To ensure that the FIFO has completely popped (that is, that new
data has completely moved into the DATAX, DATAY, and DATAZ
registers), there must be at least 5 s between the end of reading
the data registers and the start of a new read of the FIFO or a read
of the FIFO_STATUS register (Address 0x39). The end of reading
a data register is signified by the transition from Register 0x37 to
Register 0x38 or by the CS pin going high.

For SPI operation at 1.6 MHz or less, the register addressing portion
of the transmission is a sufficient delay to ensure that the FIFO has
completely popped. For SPI operation greater than 1.6 MHz, it is
necessary to deassert the CS pin to ensure a total delay of 5 s;
otherwise, the delay is not sufficient. The total delaynecessary for 5
MHz operation is at most 3.4 us. This is not a concern when using
12C mode because the communication rate islow enough to ensure
a sufficient delay between FIFO reads.
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SELF-TEST

The ADXL345 incorporates a self-test feature that effectively
tests its mechanical and electronic systems simultaneously.
When the self-test function is enabled (via the SELF_TEST bit in
the DA- TA_FORMAT register, Address 0x31), an electrostatic
force is exert-ed on the mechanical sensor. This electrostatic
force moves the mechanical sensing element in the same manner
as acceleration, and it is additive to the acceleration experienced
by the device. This added electrostatic force results in an o%tput
change in the x-, y-, and z-axes. Because the electrostatic force
is proportional to V 2, the output change varies with Vs. This effect
is shown in Figure

43. The scale factors shown in Table 14 can be used to adjust the
expected self-test output limits for different supply voltages, Vs.
The self-test feature of the ADXL345 also exhibits a bimodal
behavior.

However, the limits shown in Table 1 and Table 15 to Table 18
are valid for both potential self-test values due to bimodality. Use
of the self-test feature at data rates less than 100 Hz or at 1600
Hz may yield values outside these limits. Therefore, the part must
be in normal power operation (LOW_POWER bit = 0 in
BW_RATEregister, Address 0x2C) and be placed into a data rate
of 100 Hz through 800 Hz or 3200 Hz for the self-test function to
operate correctly.
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Figure 43. Self-Test Output Change Limits vs. Supply Voltage

Supply Voltage, Vs (V)
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X-Axis, Y-Axis

Z-Axis
2.00 0.64 0.8
2.50 1.00 1.00
3.30 1.77 1.47
3.60 2.11 1.69
Table 15. Self-Test Output in LSB for £2 g, 10-Bit or Full Resolution (Ta = 25°C. Vs =
25V Vopio=18V)
Axis Min Max Unit
X 50 540 LSB
Y 1540 150 LSB
YA 75 875 LSB
Table 16. Self-Test Output in LSB for £4 g, 10-Bit Resolution (Ta = 25°C, Vs = 25\,
Voouo=18V)
Axis Min Max Unit
X 25 270 LSB
Y 1270 125 LSB
Z 38 438 LSB
Table 17. Self-Test Output in LSB for £8 g, 10-Bit Resolution (Ta =25°C, Vs =25V,
Vopuo=18V)
Axis Min Max Unit
X 12 135 LSB
Y 1135 112 LSB
YA 19 219 LSB
Table 18. Self-Test Output in LSB for +16 g, 10-Bit Resolution (Ta=25°C, Vs=25YV,
Voouo=18V)
Axis Min Max Unit
6 67 LSB
167 6 LSB
10 110 LSB




REGISTER MAP

ADXL345

Table 19.
Address
Hex Dec Name  Type Reset Value Description
0x00 0 DEVID R 11100101 Device ID
0x01 to 0x1C 11028 Reserved Reserved; do not access
0x1D 29 THRESH_TAP 00000000 Tap threshold
RIW
Ox1E 30 OFSX 00000000 X-axis offset
RIW
Ox1F 31 OFSY 00000000 Y-axis offset
RIW
0x20 32 OFSz 00000000 Z-axis offset
RIW
0x21 33 DUR 00000000 Tap duration
RIW
0x22 34 Latent 00000000 Tap latency
RIW
0x23 35 Window 00000000 Tap window
RIW
0x24 36 THRESH_ACT 00000000 Activity threshold
RIW
0x25 37 THRESH_INACT 00000000 Inactivity threshold
RIW
0x26 38 TIME_INACT 00000000 Inactivity time
RIW
0x27 39 ACT_INACT_CTL 00000000 Axis enable control for activity and inactivity detection
RIW
0x28 40 THRESH_FF 00000000 Free-fall threshold
RIW
0x29 41 TIME_FF 00000000 Free-fall time
RIW
0x2A 42 TAP_AXES 00000000 Axis control for single tap/double tap
RIW
0x2B 43 ACT_TAP_STATUS R 00000000 Source of single tap/double tap
0x2C 44 BW_RATE 00001010 Data rate and power mode control
RIW
0x2D 45 POWER_CTL 00000000 Power-saving features control
RIW
0x2E 46 INT_ENABLE 00000000 Interrupt enable control
RIW
0x2F a7 INT_MAP 00000000 Interrupt mapping control
RIW
0x30 48 INT_SOURCE R 00000010 Source of interrupts
0x31 49 DATA FORMAT 00000000 Data format control
RIW
0x32 50 DATAXO0 R 00000000 X-Axis Data 0
0x33 51 DATAX1 R 00000000 X-Axis Data 1
0x34 52 DATAYO R 00000000 Y-Axis Data 0
0x35 53 DATAY1 R 00000000 Y-Axis Data 1
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0x36 54 DATAZO R 00000000 Z-Axis Data 0

0x37 55 DATAZ1 R 00000000 Z-Axis Data 1

0x38 56 FIFO_CTL 00000000 FIFO control
RIW

0x39 ‘57 ‘FIFO_STATUS ‘R ‘oooooooo FIFO status

that a FIFO trigger event has not occurred.



APPLICATIONS INFORMATION
NOISE PERFORMANCE

The specification of noise shown in Table 1 corresponds to the typi-cal noise performance of the ADXL345 in normal power operation
with an output data rate of 100 Hz (LOW_POWER bit (D4) = 0, ratebits (D3:D0) = OxA in the BW_RATE register, Address 0x2C). For
normal power operation at data rates below 100 Hz, the noise of the ADXL345 is equivalent to the noise at 100 Hz ODR in LSBs.

For data rates greater than 100 Hz, the noise increases roughlybya factor of &2 per doubling of
ODR, the noise on the x- and y-axes is typically less than 1.5 LSB rms, and the noise on the z-axis is typically less than 2.2 LSB rms.
For low power operation (LOW_POWER bit (D4) = 1 in the BW_RATE register, Address 0x2C), the noise of the ADXL345 is constant for
all valid data rates shown in Table 8. This value usis typically less than 1.8 LSB rms for the x- and y-axes and typicallyless than 2.6 LSB
rms for the z-axis.

The trend of noise performance for both normal power and low power modes of operation of the ADXL345 is shown in Figure 51.

Figure 52 shows the typical Allan deviation for the ADXL345. The 1/f corner of the device, as shown in this figure, is very low, allowing
absolute resolution of approximately 100 pg (assuming that there

is sufficient integration time). Figure 52 also shows thatthe noised ensi ty is 29 0-ax@gnddxi § oand h43the
z-axis.

Figure 53 shows the typical noise performance trend of the ADXL345 over supply voltage. The performance is normalized to the tested
and specified supply voltage, Vs = 2.5 V. In general, noise decreases as supply voltage is increased. It should be noted, as shown in
Figure 51, that the noise on the z-axis is typically higher than on the x-axis and y-axis; therefore, while they change roughly the same in
percentage over supply voltage, the magnitudeof change on the z-axis is greater than the magnitude of change onthe x-axis and y-axis.
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OPERATION AT VOLTAGES OTHER THAN 2.5
Vv

The ADXL345 is tested and specified at a supply voltage of Vs =
2.5 V; however, it can be powered with Vs as high as 3.6

Voras low as 2.0 V. Some performance parameters change as
the supply voltage changes: offset, sensitivity, noise, self-test,
andsupply current.

Due to slight changes in the electrostatic forces as supply voltage
is varied, the offset and sensitivity change slightly. When
operating at a supply voltage of Vs = 3.3 V, the x- and y-axis
offset is typically 25 mg higher than at Vs = 2.5 V operation. The
z-axis is typically

20 mg lower when operating at a supply voltage of 3.3 V than
when operating at Vs = 2.5 V. Sensitivity on the x- and y-axes
typically shifts from a nominal 256 LSB/g (full-resolution or £2 g,
10-bit operation) at Vs = 2.5 V operation to 265 LSB/g when
operating with a supply voltage of 3.3 V. The z-axis sensitivity is
unaffected bya change in supply voltage and is the same at Vs =
3.3 V operation as it is at Vs = 2.5 V operation. Simple linear
interpolation can be used to determine typical shifts in offset and
sensitivity at other supply voltages.

Changes in noise performance, self-test response, and supply
current are discussed elsewhere throughout the data sheet. For
noise performance, the Noise Performance section should be re-
viewed. The Using Self-Test section discusses both the operation
of self-test over voltage, a square relationship with supply
voltage,as well as the conversion of the self-test response in go s
to LSBs. Finally, Figure 33 shows the impact of supply voltage on
typical current consumption at a 100 Hz output data rate, with all
other output data rates following the same trend.

OFFSET PERFORMANCE AT LOWEST DATA
RATES

The ADXL345 offers a large number of output data rates and
bandwidths, designed for a large range of applications. However,
at the lowest data rates, described as those data rates below 6.25
Hz,the offset performance over temperature can vary significantly
fromthe remaining data rates. Figure 54, Figure 55, and Figure
56 showthe typical offset performance of the ADXL345 over
temperature forthe data rates of 6.25 Hz and lower. All plots are
normalized to

the offset at 100 Hz output data rate; therefore, a nonzero value
corresponds to additional offset shift due to temperature for that
data rate.

When using the lowest data rates, it is recommended that the
operating temperature range of the device be limited to provide

vibration analysis and Machine Learning

minimal offset shift across the operating temperature range. Due
to variability between parts, it is also recommended that calibration
over temperature be performed if any data rates below 6.25 Hz are
in use.
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APPLICATIONS INFORMATION
AXES OF ACCELERATION SENSITIVITY
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Figure 57. Axes of Acceleration Sensitivity (Corresponding Output Voltage Increases When Accelerated Along the Sensitive Axis)
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Figure 58. Output Response vs. Orientation to Gravity

LAYOUT AND DESIGN RECOMMENDATIONS
Figure 59 shows the recommended printed wiring board land pattern.
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Figure 59. Recommended Printed Wiring Board Land Pattern (Dimensions shown in millimeters)
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OUTLINE DIMENSIONS
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Figure 60. 14-Terminal Land Grid Array [LGA](CC-14-1)
Dimensions shown in millimeters
Updated: May 10, 2022
ORDERING GUIDE
PackageOption
Model®  Temperature Range Package Description Packing Quantity
ADXL345BCCZ -40°C to +85°C 14-Lead LGA (5mm x 3mm) Tray CC-14-1
ADXL345BCCZ-RL -40°C to +85°C 14-Lead LGA (5mm x 3mm) Reel, 5000 CC-14-1
ADXL345BCCZ-RL7 -40°C to +85°C 14-Lead LGA (5mm x 3mm) Reel, 1500 CC-14-1

1 Z = RoHS Compliant Part,

EVALUATION BOARDS

Model®  Description
EVAL-ADXL345Z
EVAL-ADXL345-DB
EVAL-ADXL345-M
EVAL-ADXL345-S

1 Z = RoHS Compliant Part,

Evaluation Board

Evaluation Board

Analog Devices Inertial Sensor Evaluation System, Includes ADXL345 Satellite
ADXL345 Satellite, Standalone

2C refers to a communications protocol originally developed by Philips Semiconductors (now NXP Semiconductors).

© 2022 og Reyices, Ing, All rights reserved. Trademarks andregistered trademarks are the property of their respective owners.
© ] L@@ 01887-2356, U.S.A.



Annex E. Frequency Domain and Fourier Transforms

This annex shows the basic theory of the Fourier transform.

Frequency domain analysis and Fourier transforms are a cornerstone of signal and system
analysis. These ideas are also one of the conceptual pillars within electrical engineering.
Among all of the mathematical tools utilized in electrical engineering, frequency domain
analysis is arguably the most far-reaching. In fact, these ideas are so important that they are
widely used in many fields i not just in electrical engineering, but in practically all branches
of engineering and science, and several areas of mathematics.

1. Frequency Content: Combining Sinusoids
The most common and familiar example of frequency content in signals is prob- ably audio
signal s, and music in partighid amusiWealarro tad:

musical notes. The high notes do in fact have higher frequency content than the low notes,

but what exactly does this mean?

The place to start to answer this question is to consider sinusoids. Recall that the general
expressionf or a sinusoid at frequency ¥ (or frequ

r(t) = asin(wt + ¢) = asin(2T ft + @)

When considered as an audio signal, x(t) indicates the changes in air pressure on our ears
as a function of time. What is important here is the time variation of the air pressure from
some ambient value rather than the ambient value of the pressure itself. A negative value
refers to that amount below the baseline (ambient) pressure, while a positive amount refers
to a pressure higher than the baseline.

Z ¢ 2000, 2001, 2002 by Sanjeev R. Kulkarni. All rights reserved.
ALecture Notes for ELE201 Introduction to Electrical Signal
yThanks to Sean McCormick and Richard Radke for producing t

So, x(t) being a sinusoid means that the air pressure on our ears varies periodically about

some ambient pressure in a manner indicated by the sinusoid. The sound we hear in this

case is called a pure tone. Pure tones often sound artificial (or electronic) rather than musical.

The frequency of the sinusoid det er mi nes t htee tahg while the amplifude
determines the Al oudnesso. 't turns out that
perception of the tone, which may not be surprising for a pure tone, but is somewhat
surprising when we start combining sinusoids.
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We can combine two sinusoids by adding the signals in the usual way. For example,

r(t) = sin( 27t) + sin(4wt)
is a combination of a sinusoid with frequency 1 Hz and a sinusoid with frequency 2 Hz. Here
the amplitude of each sinusoid is 1 and the phase of each is 0. A plot of x(t) is shown in
Figure 4.1. The Asoundo created by x(t) is t
x(t). Unfortunately, as weodll discuss i n mor ¢
tones that comprise the signal x(t) above since the frequencies are too low.
However, we can make a similar combination with signals at frequencies humans can hear.
For example, consider the signal

d(t) = sin( 2w = 350 = ) + sin(2w = 440 = ¢)

Each of the two sinusoids (at frequencies 350 Hz and 440 Hz) alone corresponds to a pure
tone that can be heard by the normal human ear. Their combination, i.e., the signal d(t),
makes a very familiar sound, namely the dial tone on a standard U.S. telephone line. A plot
of d(t) is shown in Figure 4.2. Note that in this figure only 2 hundredths of a second are
shown. Because the frequencies are high, if we showed even a whole second, the signal
would oscillate so many times (350 and 440 for the constituent sinusoids) that not much

Kavaw
TAVAVAVAY

Figure 1.1: Combining sinusoids.

Figure 1.2: Graph of a dial tone.



Musical notes that we find pleasing largely consist of pure tones near the pitch of the musical
note, but also contain other frequencies that give each instrument its particular qualities.
Voice and other natural sounds are also comprised of a number of pure tones.

Amazingly, all sounds can be built up out of pure tones, and likewise all-time signals can be
constructed by combining sinusoids. Similarly, starting with a general time signal, one can
break this signal down into its constituent sinusoids. How to do this and the consequences
of such constructions/decompositions is the subject of frequency domain analysis and
Fourier transforms. First, we briefly discuss two other different motivating examples.

2. Summary of the Four Cases

The details of how to formulate and extend the ideas in the sections above depend on
whether the underlying signal is continuous-time or discrete-time, and whether it is
periodic/finite-duration or aperiodic/infinite-duration. This results in four distinct cases,
although there are many similarities and connections between these four cases.

The names of the transform in the four cases are summarized in Figure

2.1. The nomenclature is unfortunately somewhat confusing, but is rather entrenched, and
so we will use the standard terminology.

Time-domain

Infinite eatent
Properties s s

Finite axtant

Contnuous

Descrets

Fourier Saries
(F5)

Fourier Transform
(FT)

Dizcrete Fourier
Transform
(DFT)

Dizcrata-Time
Fourier Transform
(DTFT)

Figure 2.1: The four Fourier transforms broken down by time domain properties.
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Figure2.2gi ves the definitions of the transfor ms

some gener al remar ks about all the transforn

details for the case of the Fourier transforms (continuous-time, infinite duration) and the DFT

(discrete-time, finitedura-t i on) . For now i tdés enough to get
Fourier Series (FS) Fourier Transform (FT)

For ot} of duration T, set wo —-"g"f-.
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Figure 2.2: Definitions of the forward and inverse Fourier transforms in each of the four
cases.



3. FT AND DFT

The two cases we will discuss in more detail are either continuous and infinite extent in both
domains (FT), or discrete and finite extent in both domains (DFT). For the other two cases
these properties toggle as we switch domains. That is, for Fourier series, the signal is
continuous and finite duration in time, but in frequency it is discrete and infinite duration. For
the DTFT, the signal is discrete and infinite extent in time, but continuous and finite extent in
frequency.

There are further duality properties as well, which we will discuss in the context of the FT
and DFT.

In this section, we consider in more detail the continuous- time Fourier transform, or simply
the Fourier transform (FT), and the discrete Fourier transform (DFT). These are the transform
for continuous-time, infinite- duration signals (FT), and for discrete-time, finite-duration
signals (DFT). The FT is most amenable to analytical insights and manipulations, and is used
in analyzing analog systems. The DFT the workhorse that is widely used in digital
computations, because of a fast algorithm called the FFT (fast Fourier transform) for
computing the DFT.

For convenience, we repeat the definitions of the forward and inverse trans- forms here. For
the FT, both the time variabl e t -valwedanflvagquer
from 1D to bD.Equablomsater ansf or m

Xlw) = [ w(t)e = dt forward transform (4.1)
r(t) = ;L_ N X(w)e?™t dio inverse transform (4.2)
The DFT is used in the case of a finite-duration, discrete-time signal, x[0], X[1], . . ., X[N 1].
The DFT X[0], X[1], ..., X[N 1] is also finite-duration and discrete- frequency.
The definitions of the forward and inverse DFT are:
N-1
X[k] =3 zmle ™" k=01...N-1 (4.3)
1 N—-1
x[n] = N g X[k]edt=om p=0,1,....N -1 (4.4)

where

Wwp = —¢ (4.5)
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Before considering some examples and properties of Fourier transforms, we introduce some

notation and discuss dualityabitf ur t her . I f X(¥) i s the Fouri e

so x(t) i s the inverse transform of X(¥)),

transform pair. I f X(¥) and x(t) are a Four.i
() — X(w)

Or, to emphasize that one is dealing with Fourier transforms (as opposed to some other
transforms, of which there are many), this is sometimes written

r(t) — X(w)

We al so may use the notation F{L} to denote
denote the inverse transform operator. That is,

X(w) = Fl{z(t)}

z(t) = FHX(w)}
Similar notation applies in the discrete cas
and X[ k] il nstead of x(t) and X(¥), re

Regarding duality, notice again the similarity between the forward and in- verse transform
Equations. Aside from the constants and time and frequency being interchanged, the only
difference is the sign in the exponent of the com- plex exponential. This suggests that
whenever we have a transform pair, there is a dual pair with the time and frequency variables
interchanged. For example, we will see in Section XX below that the FT of a rect function in
time is a sinc function in frequency. From duality, this means that the FT of a sinc function in
time will be a rect function in frequency. In general, one should be a little careful making sure
all the constants are worked out properly.

Duality also suggests that whenever we have a property of the FT, then there will be a dual
property with the roles of time and frequency interchanged. For example, we will see in
Section XX below that multiplying a signal in the time domain by a complex exponential
corresponds to a shift in the frequency domain. Duality then suggests that a shift in the time
domain corresponds to multiplication by a complex exponential in the frequency domain.



Annex F. Arduino UNO-Raspberry Pi comparison

This annex presents a comparative table on the most important functionalities of
microcontrollers. We analyse the workload they can support, their recommended
applications, software and hardware features and the various peripherals that can be

connected.

connected.

MICROCONTROLLER | ARDUINO UNO RASPBERRY PI
AMOUNT OF TASK It is a microcontroller that | Itis like a mini pc that can
repeatedly executes 1 task. perform multiple tasks at
once.
APPLICATION Used on small devices. Serve as a server to
communicate with other
devices. Designed for
more complex projects.
SOFTWARE It does not contain pre-|It runs an operating
installed software, so the code | system called Raspbian
to run it must be loaded | based on Debian Linux,
directly. although it is compatible
with  Android and other
Linux systems.
Applications and
programs are needed to
perform tasks.
HARDWARE
Energy By connecting the Arduino | Raspberry needs a start-
board to a power source, you | up and shutdown process
can directly run the code | like a conventional
loaded into memory. computer.
It can be stopped by
unplugging it.

uUSsB Only the power supply is | It has four USB ports for

power,  communication
with peripherals, HDMI,
and Ethernet.

Connectivity

Using Wi-Fi, Ethernet, or
Bluetooth requires special
hardware.

Includes 2.4 GHz and 5
GHz Wi-Fi, Ethernet, and
Bluetooth 4.2
connectivity.

ATmega328P processor

Storage Built-in storage of 32 KB. A microSD card provides
storage capacity.
Inputs/Outputs 20-pin inputs and outputs | 40-pin GPIO board.
board.
PROCESSING Powered by a 20MIPS | It has a high-performance

processor, Cortex-A72.

PERIPHERALS

UART, I2C, SPI, GPIO, PWM,
ADC y Comparador,
Interrupciones

UART, 12C, SPI, GPIO,
PWM, USB, Ethernet,
WiFi, HDMI.
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Annex G. Raspberry Pi 4 Datasheet

Raspberry Pi 4 Model B

Releasel - June2019



Introduction

The Raspberry Pi 4 Model B (Pi4B) is the first of a new generation of Raspberry Pi computers supporting
moreRAM andwith siginficantlyenhancedCPU,GPUandl/O performanceall within a similar form
factor,powerenvelopeandcostasthe previousgeneratiorRaspberrnyPi 3B+.

ThePi4Bis avaiablewith eitherl, 2 and4 Gigabytesof LPDDR4SDRAM.

Features

Hardware

A Quadcore64-bit ARM-CortexA72 runningat 1.5GHz
A1, 2 and4 GigabyteLPDDR4RAM options
AH.265(HEVC) hardwaredecodgup to 4Kp60)
AH.264hardwaredecodgupto 1080p60)
AVideoCoreVI 3D Graphics

ASupportddualHDMI displayoutputup to 4Kp60

Interfaces

A802.11b/g/n/acWirelessLAN
ABluetooth5.0with BLE
A1xSDcCard
A2x micro-HDMI portssupportingdualdisplaysup to 4Kp60resolution
A2x USB2ports
A2xUSB3ports
A 1x GigabitEthernetport (supportPoEwith addon POEHAT)
A 1x RaspberrPi camergport (2-laneMIP1 CSI)
A 1x RaspberryPi displayport (2-laneMIP1 DSI)
A 28xuserGPIOsupportingvariousinterfaceoptions:
T Upto6x UART
T Upto6xI12C
T Upto5x SPI
i 1x SDIOinterface
T 1x DPI(ParallelRGB Display)
T 1xPCM
i Upto2x PWM channels
T Upto 3x GPCLK outputs
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Software

AARMVS InstructionSet
AMatureLinux softwarestack
AActively developedndmaintained
T Recentinux kernelsupport
T Manydriversupstreamed
T Stableandwell supportediserland

T Availability of GPUfunctionsusingstandardAPls

Mechanical Specification
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Figurel: MechanicaDimensions



Electrical Specification

Caution! Stressesbovethoselistedin Table2 may causepermanentlamageo the device. This isa

stress rating onlyfunctional operation of the device under these or any other conditions above those
listed in the operational sections of this specification is not impkegosure to absolute maximum
ratingconditionsfor extendegeriodsmay affectdevicereliability.

Symbol Parameter Minimum  Maximum  Unit
VIN 5V InputVoltage -0.5 6.0 \%

Table2: AbsoluteMaximumRatings

PleasenotethatVDD LO is the GPIObankvoltagewhichis tied to theon-board3.3V supplyrail.

Symbol Parameter Conditions Minimum Typical Maximum Unit
ViL Inputlow voltage? VDD _IO = 3.3V - - TBD \%
Vin Inputhigh voltage* VDD _O =3.3V TBD - - \%
TR Inputleakagecurrent TA =+85C - - TBD HA
GnN Inputcapacitance - - TBD - pF
VoL Outputlow voltagé  VDDO = 3.3V, IOL =-2mA - - TBD \%
VoH Output high voltage VDD 10 = 3.3V, IOH =2mA TBD - - VoL
Output low currerit VDD 10 =3.3V,VO=0.4V TBD - - mAlon
Outputhighcurrent VDD 10=3.3V,VO=2.3V TBD - - mA

Rou Pullupresistor - TBD - TBD kY
Rep Pulldownresistor - TBD - TBD kY

a Hysteresisnabled
b Defaultdrive strength(8mA)
¢ Maximumdrive strength(16mA)
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Table3: DC Characteristics

Pin Name Symbol Parameter Minimum  Typical Maximum Unit
Digital outputs tyise 10-90%risetime® - TBD - ns
Digital outputs tsg 90-10%fall time* - TBD - ns

a Defaultdrive strengthCL = 5pF,VDD 1Q = 3.3V

Table4: Digital I/0O Pin AC Characteristics

tfall trise

DIGITAL
OUTPUT

Figure2: Digital IO Characteristics
Power Requirements
The Pi4B requiresa good quality USB-C power supply capableof delivering5V at

3A. If attachedownstreantYSB devicesconsumdessthan500mA,a5V, 2.5A
supplymaybeused.



Peripherals
GPIO Interface

ThePi4dBmake28 BCM2711GPIlOsavailablevia astandardRaspberryPi 40-pin headerThisheader
is backwardsompatiblewith all previousRaspberryPi boardswith a 40-way header.

GPIO Pin Assignments

% 5V,
J8
1 2
GPIO2 31 55 4
GPIO3 5 oo 6
GPlo4 7 oo 8 GPlO14
oo | 188 e
GPIO27 13 EE 14
GPI022 15 oo 16 GPIO23
7l oo e GPI024 ID SD and ID SC PINS:
GPIO10 19 oo 20 - -
GPIO9 21 oo 22 GPIO25 These pins are reserved for HAT ID EEPROM.
GPIO11 23 24 GPIO8
25 EE 26 GPIO7 At boot time this I2C interface will be
ID SD 27 28 D SC interrogated to look for an EEPROM
GP_IOS 29 oo 30 = = that identifes the attached board and
GPIO6 31 oo 32 GPIO12 allows automagic setup of the GPIOs
GPIOT3 33 oo 33 (and optionally, Linux drivers).
GPIOT9 35| 05 [z GPIO16
GPI026 37 oo 38 GPIO20 DO NOT USE these pins for anything other
39 40 GPI021 than attaching an I2C ID EEPROM. Leave
oo unconnected if ID EEPROM not regquired.

Figure3: GPIOConnectoPinout

As well as being able to be used as straightforward software controlled input and output (with pro
grammable pulls), GPIO pins can be switched (multiplexed) into various other modes backed by dedi
catedperipherablockssuchasI2C, UART andSPI.

In addition to the standard peripheral options found on legacy Pis, extra 12C, UART and SPI petiglverals
been added to the BCM2711 chip and are available as further mux options on the Pi4. Théeigves
muchmoreflexibility whenattachingaddon hardwareascomparedo oldermodels.
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GPIO Alternate Functions

Default

GPIO PRull ALTO ALT1 ALT2 ALT3 ALT4 ALT5
0 High SDAO SA5 PCLK SPI3CEON TXD2 SDAG6
1 High SCLO SA4 DE SPI3MISO RXD2 SCL6
2 High SDA1l SA3 LCD_VSYNC SPI3MOSI CTS2 SDA3
3 High SCL1 SA2 LCD_HSYNC SPI3SCLK RTS2 SCL3
4 High GPCLKO SAl DPI_DO SPIACEON TXD3 SDA3
5 High GPCLK1 SA0 DPI.D1 SPIAMISO RXD3 SCL3
6 High GPCLK2 SOEN DPI.D2 SPI4AMOSI  CTS3 SDA4
7 High SPIOCELN SWEN DPID3 SPI4SCLK RTS3 SCL4
8 High SPIOCEON SDO DPI_D4 - TXD4 SDA4
9 Low SPIOMISO SD1 DPI_D5 - RXD4 SCL4
10 Low SPIOMOSI  SD2 DPI_D6 - CTs4 SDA5S
11 Low SPIOSCLK  SD3 DPI_D7 - RTS4 SCL5
12 Low PWMO SD4 DPI_D8 SPI5CEON TXD5 SDA5
13 Low PWM1 SD5 DPI_D9 SPISMISO  RXD5 SCL5
14 Low TXDO SD6 DPI_D10 SPI5MOSI  CTS5 TXD1
15 Low RXDO SD7 DPI_.D11 SPI5SCLK RTS5 RXD1
16 Low FLO SD8 DPI_D12 CTSO SPI1CE2N CTS1
17 Low FL1 SD9 DPI_D13 RTSO SPILCELN RTS1
18 Low PCM_CLK SD10 DPI.D14 SPI6CEON SPILCEON PWMO
19 Low PCM_FS SD11 DPI_D15 SPIGEMISO  SPILMISO PWM1
20 Low PCM_DIN SD12 DPI_D16 SPI6GMOSI  SPILMOSI  GPCLKO
21 Low PCM_.DOUT SD13 DPI_.D17 SPI6SCLK SPILSCLK GPCLK1
22 Low SDO.CLK SD14 DPI_D18 SD1CLK ARM _TRST SDA®6
23 Low SDO.CMD SD15 DPI_.D19 SD1 CMD ARM _RTCK SCL6
24 Low SDODATO  SD16 DPI_.D20 SD1DATO ARM_TDO  SPI3CEL1N
25 Low SDODAT1  SD17 DPI_D21 SD1DAT1 ARM_TCK  SPI4CELN
26 Low SDODAT2 TEO DPI_.D22 SD1DAT2 ARM_TDI SPI5CELN
27 Low SDODAT3 TE1l DPI_D23 SD1DAT3 ARM_TMS SPIGCEL1N

Table5: Raspberryi4 GPIOAlternateFunctions

Table5 detailsthe defaultpin pull stateandavailablealternateGPIO functions.Most of thesealternate
peripheraffunctionsaredescribedn detailin the BCM2711PeripheralsSpecificationdocumentvhich
canbedownloadedrom the hardwaredocumentatiosectionof thewebsite.


https://www.raspberrypi.org/documentation/hardware/raspberrypi/README.md

Display Parallel Interface (DPI)

A standardparallelRGB (DPI) interfaceis availablethe GPIOs.This up-to-24-bit parallelinterface
carsupportasecondaryisplay.

SD/SDIO Interface

ThePi4BhasadedicatedsD cardsocketwhich suportsl.8V, DDR50mode(at a peakbandwidthof
50Megabyted sec).In addition,alegacySDIO interfaceis availableonthe GP1Opins.

Camera and Display Interfaces

The Pi4B has 1x RaspberryPi 2-lane MIPI CSI Cameraand 1x RaspberryPi 2-lane MIPI DSI
Displayconnector. These connectors are backwards compatible with legacy Raspherards
and supporall of theavailableRaspberryPi cameraanddisplayperipherals.

USB

The Pi4B has 2x USB2 and 2x USB3 tyfiesockets. Downstream USB current is limited to
approxi matelyl.1Ain aggregat@verthefour sockets.

HDMI

The Pi4Bhas 2x micreHDMI ports, both of which support CEC and HDMI 2.0 with resolutions up
to4Kp60.

Audio and Composite (TV Out)

The Pi4B supports ne@D-quality analogue audio output and composite-diput via a 4ring
TRSO A/ jatk.
Theanalogaudiooutputcandrive 32 Ohmheadphonedirectly.

Temperature Range and Thermals

Therecommendedmbientoperatingemperatureangeis 0 to 50 degree<elcius.

To reduce thermal output when idling or under light load, the Pi4B reduces the CPlsmémrk
andvoltage.During heavier load the speed and voltage (and hence thermal output) are increased.
The internal governorwill throttle back both the CPU speedand voltageto make surethe CPU
temperatureeverexceeds885degree<.

ThePi4Bwill operateperfectlywell withoutanyextracoolingandis designedor sprintperformance
-expecting a light use case on average and ramping up the CPU speed when needed (e.g. when
loading a webpage). If a user wishes to load the system continually ortepérat a high
termperature at fufperformancefurthercoolingmaybeneeded.
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Annex H. Raspberry complements

This annex shows the accessories necessary for the optimal use of the Raspberry
Pi 4 microcontroller.

A black-gray case designed to protect
the Raspberry Pi when we do tests

Kingston
A 32 GB CL10 Kingston microSD card s

for storing data. mi_g:o
P

ADAPTER

Cooling fan with heatsink for proper
system cooling.

Power supply: 5V3A to turn it on and off.

HDMI cable of 1 meter to connect
monitor and RPI.




Annex |. Protoboard specifications

This annex shows the characteristics of the breadboard used to test the
connections with the ADXL345 sensor.

The breadboard used is a white 400-point breadboard. It includes 10 rows of
insertion points marked A to J and two strips on the sides with two rows for power
supply marked + and -. It also includes 30 columns marked 1 to 30.



Annex J. Flight Attendance Certificate

This annex shows the flight certificate for the actual implementation of the project
at Sabadell Airport (LELL).





















