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Abstract

Safety is a key aspect in agriculture and the sector is one of the most dangerous
among working activities. Machinery, environmental conditions and poor training
are just some of the main aspects which negatively influence accident rates. It must
be noted although that most of the time there is not a main cause of failure, it rather
is a mix of reasons which might be harmless if taken singularly but that may lead to
severe accidents if combined.

The complexity of the working context is not given by complex machinery or tasks,
but it is strongly affected by the presence of harsh working conditions, lack of proper
training and hazards that cannot be eliminated. To deal with this context, a dy-
namic approach to safety is required: a popular and relatively new analysis method
called Functional Resonance Analysis Method (FRAM) offers a good way for han-
dling dynamic scenarios and the efficiency-thoroughness trade off (ETTO) which
is constantly present in a working environment. FRAM also aims to describe ev-
ery scenario (including accident scenarios) as generated by output variability among
the tasks that an activity is made of, so that there are no more cause-effect analysis
only but instead internal and external variability (this is why it is described as "func-
tional resonance" analysis method). This work aims to exploit FRAM’s concepts to
create a safety analysis method which is specific for agricultural contexts and that
allows to identify performance-based safety solutions that prevent production losses
and ensure safe operations. The AECAT cycle of analysis (accident analysis, effec-
tiveness working mode, compliance ode, as-low-as-reasonably-possible mode and
thoroughness working mode) has been created to manage the evolution of agricul-
tural activities as external variables influence them (weather, soil conditions, market
demands, time, etc).

Practical applications of this method include safety management tools and artificial
intelligence (AI) algorithms which can enhance safety and reliability for specific
machinery. Both those applications have been analysed and tested in this thesis and

further research can be made to extend the range of possible solutions.



1 Introducing a '"Competitive Safety'' strategy to unlock

hidden production potential

The aim of the thesis is to elaborate a performance-based safety analysis method for
agriculture and make it feasible for both standalone applications on machinery and safety
management systems. Efforts have been made to identify agricultural accident trends in
Europe and, from data analysis, enhance an existing qualitative analysis method in order
to make it work as a semi-quantitative safety analysis method in agriculture. The main

aspects covered by this research covered the following aspects:
* The integration of safety and production in agriculture through new technologies;
* Comparison of quantitative safety analysis and dynamic approaches to safety;

* The development of a performance-based Safety management method for Agricul-

ture;

* Highlight how the Functional Resonance Analysis Method (FRAM) has been em-

ployed to develop a specific method for agricultural activities;

* The role of Artificial Intelligence (Al) and Machine Learning (ML) applied to dy-

namic safety assessments.

These five aspects will be better described in the following paragraphs, and will be utterly

covered in specific chapters.

1.1 Integrating safety and production in agriculture through new

technologies

Agriculture and forestry are dangerous working sectors and they struggle every year with
a high number of fatal accidents and long-term injuries. Victims sometimes even include
bystanders, children and any other nearby persons, apart from workers. Conditions, work-
ing environment, hazardous machinery and solitary activities make safety management a
complex task even for smallholding farmers. With the coming of smart devices and a

large use of electronics in agricultural vehicles and equipment, agriculture became more



technological but hazards did not melt away at all. Mechanisation remains vital for farm-
ers but poor interaction with somewhat harder-to-understand instruments and autonomous
vehicles could eventually increase the chances of accidents with severe consequences.

In order to achieve better working conditions and to manage the typical risks of agriculture
and forestry, safety must play a key role in design of future machinery. Its management
needs to be embedded with quality at any stage and risk should be analysed from everyday
performances rather than merely from accident statistics. Recent advances in Internet of
Things (IoT) devices can greatly be beneficial to agricultural safety, since data and low-
cost sensors can be integrated in agricultural machinery for cheap prices. At the same
time, digital farming can be considered expensive by many, but would carry anyway addi-
tional benefits regarding safety. Given such scenarios, methods and models that are meant
to manage risk in agriculture and forestry are needed and must exploit the possibility of
doing so in a dynamic way, rather than statically or just simply by following cause-effect

safety analysis methods.

1.2 Safety analysis in agriculture: quantitative safety analysis and

human error rate predictions vs. dynamic approaches

Reliability analysis has developed many methods for risk prediction and failure rate esti-
mations during the last 50 years. The need for such methods was required by safer designs
for industrial plants that could have been prone to major accidents hazards and by appli-
cations in which safety played a mission-critical role (energy production, transportation,
etc). The usual outcome of probabilistic reliability assessments (PRA) consists in a fail-
ure rate, or a combination of failure rates (fault tree analysis and event tree analysis) or a
human error probability (HEPs): this kind of output requires basic events to be described
as "working" or "failed", so it only accepts boolean inputs such zeros and ones, there is no
space for fuzzy logic or other ways to describe the state of a component. These boolean
events add up in a cause-effect way and can produce the probability for a certain accident
(called top-event, because it is at the apex of a pyramid made of basic events that are

combined together) and damage estimations.

This shows why Boolean algebra isn’t always feasible in safety analysis of complex



systems: since there are many different failure modes which also involve partial failures
or latent failures, it can result in an model that doesn’t properly describe reality as it is.
Rather than just describing the component as "working" or "not working", a non-binary
model should be implemented instead to keep anomalies into account and let predictive
maintenance increase the system’s reliability. It should be also kept in mind that non-
technological variables and human performance can hardly be described as technological

components that just work or fail, hence a more fitting model is required.

Many reliability analysis tools and methods such as Fault Tree Analysis (FTA), Event
Tree Analysis (ETA), What-If, Failure Mode and Effect Analysis (FMEA), describe ac-
cidents that happen in a precise sequence or when certain system functions completely
fail. Despite such methods can be of great help to define accident probabilities and pro-
vide quantitative safety analysis, they can hardly keep track of those common causes of
failure (CCF) which might led many system components to fail all at once: some meth-
ods, like FTA and ETA (which together form the "bow-tie" model) also cannot describe
components’ failure modes and describe the system as a chain of boolean gates (AND,
OR, XOR, etc). Such limits also affect any final probabilistic safety assessment (PSA)
on the long run: such biases in calculating top event probabilities can, in fact, result in

frequencies of occurrence that highly exceed those estimations.

For many reliability analysis tools and methods systems fail only following a cause-
effect chain of component failures. Non-major anomalies which can add up and result
in major accidents sometimes cannot even be taken into account since the status of a
component can only be described in boolean terms. Ad described in Charles Perrow’s
book "Normal Accidents", accidents can be also provoked by a series of unfortunate is-
sues which lead to major consequences even if they are, taken individually, absolutely not
catastrophic events and rather just day-to-day contingencies. The book also shows how,
describing investigations that followed the Three Mile Island nuclear power plant accident
in 1979, how different analyses carried by companies and institutions led to completely
different outcomes, almost all of them involving one specific cause that should be held
responsible for the accident: from the example taken from real life, it was clear that every

analyst missed the bigger picture of a complex system that can have a large variety of

4



unexpected behaviours and an even greater number of unexpected outcomes.

Human behaviour is a key aspect in probabilistic safety analysis, in what literature
used to define as human error and human error probability (HEP). Many analysis models
such the Technique for Human Error Rate Prediction (THERP) and Cognitive Reliability
and Error Analysis Method (CREAM) focused on identifying which tasks in a particular
activity can be affected by human actions or behaviours. These approaches, although very
useful for systems’ probabilistic assessments, did not really take into account how human
behaviour can also positively affect a system’s outcome and fix any small anomaly before
it could lead to failure: increasing a task’s complexity results in greater numbers of un-
expected outcomes and weighty decisions that, more often, must be taken in a short time.
From this point of view entire accident analyses could be revised: if a complex system has
a large number of unexpected behaviours which are unpredictable even at system design
stage, then every human operator is responsible for its outcomes and should take merits

for every small adjustments done in order to fulfil system’s tasks.

From binary systems such FTA and ETA that are based on boolean logic, and above
all from systems based on thresholds like many compliance regulations, new methodolo-
gies based on fuzzy logic must be implemented in order to cover every possible state in

which a system’s component can be found.

An important feature of many hazard and risk analysis methods is the capacity to look
forward and detect accident scenarios that have never happened before but that are a real
possibility. It is the case of Hazard and Operability Analysis (HazOp), but despite being
one of the few methods doing so, scenarios only arise node by node and effects on other
system’s nodes are investigated step by step. Gathering information on latent failures,
possible single-failure accident conditions and all those conditions which might lead to
an accident scenarios is vital for safety system but such information often becomes clear
only after they arise: the key aspect of safety analysis shouldn’t be providing prevention
and protection measures after an accident, it should instead foresee accident conditions
and to do so analysts should look at those dangerous conditions which are present while

a system actually works, instead of just looking at what went wrong and find counter-



measures. This approach aims to search for latent accident causes or conditions that can

generate danger even if, at first glance, tasks are getting done without issues.

Such methods, as mentioned, are all based on models which fail to properly describe
those components and functions that cannot be assessed by boolean algebra. In addition,
human error probabilities also fail to show when system’s accidents are prevented by
human intervention. To summarise, here is a list of the limits of those systems when

applied to agriculture:

* Work as imagined by system designers strongly differs from work as done by oper-

ators;

* Elements involved in activities cannot be easily described as working or not work-
ing. There are anomalies and working modes that need to be taken into account as

well;

» Workers can adjust their performance according to how an activity is carried out,
meaning that they can also end up having little or no time for particular safety

procedures or simply cannot put them into place;

* Cause-effect relationships are responsible only of a small part of common accidents.
Many of them are, instead, related to more than simply one cause and result from
several hazardous behaviours or working conditions that happen altogether and that

might not be responsible of any accidents if they are present alone.

On the other hand, newer analysis method can offer a dynamic approach instead, over-
coming the oversimplification operated by probabilistic risk assessment methods. The
Functional Resonance Analysis Method (FRAM), for instance, allows a much more flex-
ible analysis and a qualitative output for safety assessment. The aim of this work is pro-
vide a semi-quantitative approach instead, by upgrading the existing functional resonance
analysis methodology and designing it for the needs of safety assessments in agricultural

contexts.



1.3 A Performance-based Safety management method for Agricul-

ture

Safety and Production has often been seen as dichotomous aspects of farming production
since emphasis on the first can result in a decrease for the latter. This concept, on the
other hand, is further strengthened by necessities on the field: good timing for harvest-
ing, climate change and contingencies can endanger production and completely deny any
profit, leading to sacrificing any other good practice and compliance that contributed to
the business’ growth. Despite a resilient and lean safety management can reduce the im-
pact of adverse events, it is the first to be sacrificed to - temporary - reduce the expenses
and gain faster production.

The first step to achieve better safety workplaces in agriculture must then require a new
framework that allows safety to be embedded into production, a flexible instrument which
creates the opportunity to adapt risk management to production management and under-
stand the best strategies and solutions for every workplace and season. Performance-based
safety management approaches are already known in fire protection engineering, because
every measure is not defined by thresholds and requirements given by national regula-
tions: they can adapt every solution based on what requires fire protection and by its
value, therefore any solution is specific for a certain workplace.

Once achieved performance-based dynamic safety assessments it will also be possible to
integrate new technology in order to obtain information from a distributed net of sensors
on machinery and in the environment. This would allow workers to realise when hidden
dangers arise and might help production by adopting the most effective solutions without
renouncing to safety. Artificial intelligence (Al), for instance, can be of great help in clas-
sifying hazardous situations and latent internal or external performance variability, just
as predictive maintenance does. Classification of thoroughness operations, compliance to
regulations or need to achieve higher efficiency can be easily detected in single functions
as in more complex activities if proper task analysis has been performed "a priori". Re-
cent developments in Al increased its capabilities in detecting human behaviours as well,
which makes it even more interesting for safety applications: nowadays, even top auto-
motive manufacturers as Tesla Motors do not relay on radars and LIDARs anymore, but

focuses on smart Al technologies that are able to detect obstacles with greater reliability.



An entire chapter will be dedicated to Al solutions applied to agricultural machinery for

safety purposes.

1.4 A dynamic approach to safety: Functional Resonance Analysis

Method (FRAM)

The Functional Resonance Analysis Method (FRAM) aims to describe an activity by
its basic functions, which are linked by variables such as inputs, outputs, preconditions,
resources, timing and control. Those parameters describe a function but not all of them
must be specified for each one: preconditions, control and resources, for instance, might
not be required for the execution of a specific task. The set of functions that are required
to carry out an activity are called FRAM instantiations: since functions can be linked in
many ways to each other to perform the activity, it would not be possible to describe all
the possibilites in one figure because it rather shows the way it has been carried out in that
moment. Functions utterly divide into background and foreground functions, while their
flow in a FRAM instantiation defines them as upstream and downstream functions.

Each function has up to 6 parameters: inputs, outputs, preconditions, controls, timing and
resources. These can be visualised as an hexagon as follows and parameters of a function

will be linked to another function if a given output from a function takes part in another

Figure 1: FRAM’s graphical representation of a function

one.

Those functions can be identified by Hierarchical Task Analysis (HTA) and links

among functions may vary accordingly to how the activity is carried out every time.
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Another important concept involved in FRAM functions is the ETTO principle. The
whole FRAM is based, in fact, on the so called Efficiency-Thoroughness Trade-Off (ETTO
principle) which refers to the inevitable trade-off between performing a certain task with
precision and performing it as fast as possible to achieve the highest efficiency. If a task
is carried out precisely, it will might result slow and not efficient: on the other hand, if
the task is carried out fast, it might not be enough precise. The everyday activity for is
affected by this trade-off and every small adjustment is based on the availability of time,
resources and in the necessity (or possibility) to keep enough control on the outcomes or
not.

The functional resonance analysis method will be further exploited to determine the most
important instantiations, which are at least the following: accident scenarios, effective-
ness working mode, compliance working mode, ALARP working mode and thorough-
ness working mode. Additional instantiations can be added in order to describe the ways

in which an activity can be carried out in a dynamic way.

1.5 Artificial Intelligence (AI) and Machine Learning (ML) applied

to safety assessment methods

A dynamic tool for safety management inevitably requires a large and reliable source of
data, that can be provided by onboard sensors and environmental information from satel-
lites, soil condition sensing and weather forecasts. Such data will also need to be handled
and translated into valuable inputs for an algorithm that will assess the activities and es-
tablish what is needed to put into place to achieve a safe working environment.

Any kind of computer algorithm can be created to elaborate data and provide safety in-
formation: all those methods that include computer processing are called artificial intel-
ligence. Most of the time it happens by hard-coding the ways that algorithms will have
to produce alerts, signals, etc. This happens by setting thresholds, or by creating if-else
statements for variables. Sometimes, although, the data flow is just too big and complex
to be handled this way and tools which are more elastic are needed: machine learning and
deep learning are, for instance, two important tools that can be exploited to create flexible
algorithm that can adapt to any situation arising in working environments.

Machine learning algorithms can be implemented to detect internal variability in a FRAM



function simply by detecting any variation in its components given a training dataset
which helps to define what can increase it, what keeps it stable and what dampens it. On
the other hand, further classification is needed to understand when a background function
affects the system’s variability, and link it to classify the task as performed at low or high
resonance. It could also be used to better define qualitative risk analysis (low, medium and
high risk) or to provide real-time information to workers as they perform their activities.
One of the most popular machine learning’s algorithms is the Random Forest (RF), which
is based on the generation of a fair quantity of decision trees made by picking a certain
number of features (variables) inside a dataset and try to guess their relative label: the al-
gorithm will try to predict the label by checking which one was the most predicted among
the decision trees. The advantage is that RF can be trained with relatively small amount of
data, for instance, even hundreds of rows are enough; on the other hand, although, every
row in the dataset must be labelled and this is why such algorithms are called supervised
since they must train on datasets which already contain the right answers (labels).

RF can do both classification and regression, so it can establish which label is the most
appropriate for a row of data. It must be said that it cannot perform predictions outside its
training dataset’s domain: for example, if it gets trained on data like hourly wages (i.e. 20
€ for 1 hour, 60 € for 3 hours, etc) it can predict wages inside its domain (for instance,
it will predict 40 € for 2 working ours) but it won’t be able to do so outside of its domain
(it will predict the highest value, i.e. 60 €, even for an 8 hours shift).

Algorithms like random forests can be implemented to identify the proper FRAM instan-
tiation in which a system falls for every moment of an activity. This can be done live, so
that the algorithm might provide alerts to the workers through the machinery they use or

on mobile phones. This will be further investigated in a specific chapter.
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2 Accident trends in agriculture from the EUROSTAT

database

2.1 Statistics: understanding how and why fatalities and severe in-

juries happen

Occupational health and safety is a subject that can be studied from a statistical point
of view. Accident statistics, including both fatal and non-fatal severe accidents, are col-
lected all over the world and can provide useful information for designing new legislative
frameworks. Statistics, first of all, are biased by what does not get tracked: it might be
due to simplified regulations that avoid accident communications to health and safety au-
thorities if outcomes are not severe (i.e. less than 4 days prognosis) or it might be due to
undeclared work or hobbyist activities. Even if it is possible to analyse only what gets
communicated to the authorities, gathering such data can still represent the main instru-
ment to understand the bigger picture of safety management at work in every country or
region.

In Europe, the EUROSTAT [1] statistical office is responsible of tracking such data and
produce quality statistics regarding every working sector: yearly information can be found
by accident mode, by type of activity and also by type of consequence or involved body
part. These data are reported as pure numbers in the Health and Safety at Work database
(n2-07) and subdivided by activity (Agriculture, forestry and fishing) and type of injury.
Despite such a huge source of data regarding accidents, direct comparisons are not possi-
ble: countries have different legislative framework not only regarding safety management
at work, but also on how they report their accident data to the EUROSTAT database it-
self. Differences among numbers should also be correlated to the working population in
agricultural sector, and in this sector seasonal workers can produce big differences even
among semesters of the same year in the same country.

Such data heterogeneity, although, shall not be seen as an ultimate obstacle for statistical
analysis. Trends for each countries, for examples, can still be evaluated and compared;
particular accident modes can also be analysed and generate questions for further investi-

gations and future research.
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2.2 The EUROSTAT database: agricultural accidents

Accident modes represent a valuable source of information to understand which are the
most hazardous working activities and the most probable outcome. EUROSTAT database

splits them in a large variety that can be summarised as follows:

* Wounds and superficial injuries (codes in the database: label 10, sub-labels 11, 12,

19);

¢ Bone fractures (code: 20);

* Dislocations, sprains and strains (code:30);

* Traumatic amputations (loss of body parts, code:40);

* Concussion and internal injuries (code:50);

¢ Burns, scalds and frostbites (code:60);

* Poisoning and infections (code:70);

* Drowning and asphyxiation (code:80);

* Effects of sound, vibrations and pressure (code:90);

* Effects of extreme temperatures, light and radiations (code:100);

¢ Shock (code:110);

* Multiple injuries (as the previously listed ones, code:120);

* Other specified injuries not included under other headings (code:999).
These labels can have additional sub-categories, which help to categorise them properly

especially if their category refers to various types of injury, as many of the labels do.

A table containing EUROSTAT codes for injuries is reported as follows.
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Code Label
0 Type of injury unknown or unspecified
10 Wounds and superficial injuries
11 Superficial injuries
12 Open wounds
19 Other types of wounds and superficial injuries
20 Bone fractures
21 Closed fractures
22 Open fractures
29 Other types of bone fractures
30 Dislocations, sprains and strains
31 Dislocations and subluxations
32 Sprains and strains
39 Other types of dislocations, sprains and strains
40 Traumatic amputations (Loss of body parts)
50 Concussion and internal injuries
51 Concussion and intracranial injuries
52 Internal injuries
59 Other types of concussion and internal injuries
60 Burns, scalds and frostbites
61 Burns and scalds (thermal)
62 Chemical burns (corrosions)
63 Frostbites
69 Other types of burns, scalds and frostbites
70 Poisonings and infections
71 Acute poisonings
72 Acute infections
79 Other types of poisonings and infections
80 Drowning and asphyxiation
81 Asphyxiation
82 Drowning and non-fatal submersions

13




Code Label
89 Other types of drowning and asphyxiation
90 Effects of sound, vibration and pressure
91 Acute hearing losses
92 Effects of pressure (barotrauma)
99 Other effects of sound, vibration and pressure
100 Effects of temperature extremes, light and radiation
101 Heat and sunstroke
102 Effects of radiation (non-thermal)
103 Effects of reduced temperature
109 Other effects of temperature extremes, light and radiation
110 Shock
111 Shocks after aggression and threats
112 Traumatic shocks
119 Other types of shocks
120 Multiple injuries
999 | Other specified injuries not included under other headings

Table 1: Code definitions in EUROSTAT database

Such labels can involve different types of equipment: for instance, tractors or oper-
ating machines can represent a higher number of accidents involving loss of body parts
compared to load handling. A table summarises which hazards refer the most to particular

elements such as loads, barriers, machines and tractors.
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Label Barriers | Loads | Machines | Tractors
Wounds and superficial injuries Yes Yes Yes No
Bone fractures Yes Yes Yes Yes
Dislocations, sprains and strains Yes Yes No No
Traumatic amputations (Loss of body parts) No No Yes Yes
Concussion and internal injuries Yes No Yes Yes
Burns, scalds and frostbites No No No Yes
Poisonings and infections No No Yes No
Drowning and asphyxiation No No No Yes
Effects of sound, vibration and pressure Yes No Yes No
Effects of temperature extremes, light and radiation Yes No No No
Shock No No Yes Yes
Multiple injuries Yes Yes Yes No

Table 2: EUROSTAT accident causes and their possible sources

From the previous table it is possible to identify which accident modes are typical
of machinery or of manual work. On the other hand, it is not really possible to identify
specific accident modes which are exclusively related to only one source of hazard.
Given the type of data that is possible to handle in the Health and Safety at Work database

from EUROSTAT, trends can be analysed for every country of the European Union.

2.3 Severe accidents and fatal accident statistics by EU country

EUROSTAT database on Health and Safety at Work allows to retrieve data since 2007.
In order to provide a reliable source of data for statistical analyses, a period starting from
2009 to 2018 has been identified, generating plots through R statistical software. Acci-

dents are split in two categories:
* Accidents which required at least 4 days to recover;

¢ Fatal accidents.
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As already mentioned, not every country reports data in the same way: despite data
is collected by following precise standards (codes), some data might be missing. That
is why accidents are reported as occurrences: to overcome such issue, data has been
normalised by dividing accident statistical data by the active working population in that
country, in that sector and in that precise year; this way it has been possible to show data
in graphs with accidents happened every year per 1000 workers. Number of workers per
year in every country is part of another dataset, expressed by every trimester (EUROSTAT
database LFSQ-EISN2, "Employment by occupation and economic activity from 2008
onwards, NACE Rev. 2").
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Figure 2: Agricultural severe accident cases trends: Austria

The above graph shows five of the most common accident modes present in the EU-
ROSTAT database (green:bone fractures; red: wounds; blue: dislocations; orange: loss of
body parts; violet: internal injuries). Is it clear that in the case of Austria, the most fre-
quent severe accidents involve bone fractures and wounds: fractures are usually related
to animal handling, use of tractor or other agricultural machines, while wounds might be
related to a large variety of agricultural activities. The trend appears to be constant in

recent years, despite a slight increase in 2017 and 2018.
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Figure 3: Agricultural severe accident cases trends: Belgium

In the case of Belgium instead, wounds is the most frequent severe accident mode and
it might be related to a higher use of agricultural machinery. Even for Belgium, trends

appear not to decrease with time.
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Figure 4: Agricultural severe accident cases trends: Germany
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Figure 5: Agricultural severe accident cases trends: Denmark

Both Germany and Denmark report similar trends. Dislocations are the most frequent

non-fatal agricultural accident in Denmark and, in that case, trend seems to be increasing

with time.
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Figure 6: Agricultural severe accident cases trends: Spain

Spain can be compared to Belgium, having dislocations and wounds as the most fre-

quent accident modes. In that case, although, bone fractures are less relevant in the
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database and might be due to a higher use of manual work (fruit picking, vineyard ac-

tivities, etc). Trends, in that case as well, increase with time.
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Figure 7: Agricultural severe accident cases trends: France

Data regarding France report an odd trend, with low values in years 2009-2013 and a
high rise in the recent years: it might be due to changes in regulations which involved a

higher number of accident at work notifications as a result.
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Figure 8: Agricultural severe accident cases trends: Italy

Italy displays a rare case of decrease in the occurrence of accidents at work in agricul-

ture. Despite that negative trend, rates appear to be constant.
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Figure 9: Agricultural severe accident cases trends: United Kingdom

United Kingdom data shows an equal impact of bone fractures, wounds and dislo-
cations among the most common accident causes in agriculture. Trends are constant in

that case. Now it is worth looking at fatal accidents instead, for each one of the previous
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countries.
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Figure 10: Agricultural fatal accidents trend: Austria

Internal injuries are the most frequent accident mode for fatal accidents in agriculture.
That is not only related to Austria, it is a rather common issue instead: it is highly affected

by tractor rollovers, which are the cause of most of fatal accidents in agriculture.
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Figure 11: Agricultural fatal accidents trend: Belgium
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Figure 12: Agricultural fatal accidents trend: Germany

Bone fractures represent another major cause of fatal accidents in agriculture. It can
be related to agricultural machinery and to accidents related to tractors. Trends appear to

be quite constant as seen for non-fatal accidents.
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Figure 13: Agricultural fatal accidents trend: Denmark
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Figure 14: Agricultural fatal accidents trend: Spain
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Figure 15: Agricultural fatal accidents trend: France

France confirms to be an unique case regarding fatal accidents in agriculture as well.
Database shows accidents involving not only bone fractures and internal injuries but also
dislocations, loss of body parts and wounds. It can be due to many different types of

farming businesses which can involve a large use of machinery in different contexts.
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Figure 16: Agricultural fatal accidents trend: Italy

Even on fatal accidents Italy appears to be the only one country with a - slightly -

negative trend in the last years. Bone fractures and wounds are the most common causes,

for the reasons that have already pointed out regarding the use of machinery and tractors.
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Figure 17: Agricultural fatal accidents trend: United Kingdom

EUROSTAT database shows a constant trend for United Kingdom’s fatal accidents as

well, with an increase of fatal accidents due to internal injuries in 2017 and 2018.
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2.4 Health and safety at work: the contact mode of an injury

The EUROSTAT health and safety at work database does not only contain information
regarding accident statistics. It also contains information regarding the contact mode of
every accident, which is the HSW-PH3-08 EUROSTAT database. The database shows
incidence rate for such accident mode in agriculture from 2014 to 2020, while contact

modes are subdivided into 9 categories as follows:
» Contact with electrical voltage, temperature, hazardous substances - not specified
* Drowned, buried, enveloped - not specified

* Horizontal or vertical impact with or against a stationary object (the victim is in

motion) - not specified
 Struck by object in motion, collision with - not specified
* Contact with sharp, pointed, rough, coarse Material Agent - not specified
» Trapped, crushed, etc. - not specified
* Physical or mental stress - not specified
* Bite, kick, etc. (animal or human) - not specified
* Other Contacts - modes of Injury not listed in this classification

The contact mode "Struck by object in motion, collision with - not specified" is of par-
ticular interest for safety in agriculture since its strongly related to the use of agricultural
machinery, and will be deeply analysed in this work. First of all, it must be specified that
incidence rates are available for this dataset: such incidence rates are calculated, accord-
ing to the European Statistics on Accidents at Work (ESAW) database methods, as the
ratio between the number of accidents (non-fatal or fatal for a given year, country, sector,
sex, age group or other breakdowns) and the corresponding number of employed persons

(reference population) multiplied by 100,000.
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Country/Year 2014 2015 2016 2017 2018 2019 2020
EU27 (from 2020) | 186.57 | 190.52 | 202.83 | 182.52 | 182.92 | 15545 | 1214
EU28 (2013-2020) | 192.22 | 202.41 | 206.22 | 188.47 | 185.44 | - -
EU27 (2007-2013) | 191.73 | 202.42 | 205.58 | 187.49 | 184.98 | - -
Belgium 278.35 | 74.69 22325 | 274.47 | 222.14 | 200.63 | 226.58
Bulgaria 28.29 26.42 12.66 13.89 8.08 18.05 11.98
Czechia 0 0 0 0 0 0 0
Denmark 25742 | 176.6 185.81 | 200.69 | 246.62 | 463.53 | 297.11
Germany 48.41 42.3 52 25.22 20.31 | 20.05 16.6
Estonia 99.68 147.76 | 24296 | 113.72 | 158.48 | 294.34 | 346.54
Ireland 29344 | 12493 | 211.39 | 114.16 | 259.99 | 169.21 | 35.48
Greece 5.63 47.79 27.37 21.43 2.77 3.49 3.82
Spain 646.03 | 697.48 | 681.88 | 708.75 | 718.2 | 713.57 | 620.01
France 1400.89 | 1461.89 | 1540.11 | 1525.71 | 653.67 | 1584.44 | 16.32
Croatia 275.16 | 200.61 | 312.23 | 332.49 | 236.19 | 461.28 | 175.37
Italy 40597 | 382.04 | 286.65 | 47.06 60.3 193.45 | 153.18
Cyprus 44.44 45.95 38.96 148.62 | 113.26 | 83.77 22.18
Latvia 80.84 45.6 79.75 67.94 125.55 | 50.46 105.56
Lithuania 21.43 11.3 19.51 32.1 1432 | 31.03 28.11
Luxembourg 351.29 | 398.82 | 868.17 | 518.73 | 632 814.43 | 452.74
Hungary 82.32 71.86 85.08 61.04 47.85 | 5691 61.04
Malta 246.86 | 199.49 | 231.79 | 229.68 | 213.84 | 155.23 | 247.02
Netherlands 0 0 0 0 226.57 | 0 0
Austria 399.14 | 360.72 | 738.36 | 790.18 | 432.47 | 395.86 | 366.78
Poland 15.58 14.87 15 45.98 4741 | 16.18 38.35
Portugal 220.33 | 287.02 | 22225 | 260.48 | 207.37 | 271.01 | 2434
Romania 33.74 28.91 29.94 37.4 31.78 | 242 40.43
Slovenia 576.85 | 684.77 | 475.68 | 488.15 | 407.12 | 234.88 | 197.44
Slovakia 82.28 123.01 | 126.69 | 139.75 | 192.53 | 130.2 107.34
Finland 365.83 | 227.27 | 280.51 | 307.11 | 345.33 | 205.75 | 313.85
Sweden 76.96 75.73 58.35 53.62 83.51 | 83.74 0
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Country/Year 2014 2015 2016 2017 2018 2019 2020

Iceland - - - - - - 50.9
Norway 54.5 103.21 124.56 111.15 | 9297 | 60.47 93.1
Switzerland 625.14 | 556.03 | 857.4 654.4 830.2 1001.97 | -

United Kingdom 353.85 | 407.76 | 283.03 | 310.04 | 238.15 | - -

Table 4: Yearly incidence rates by country

Data from previous table can be further analysed for every single country in the period
2014-2020 for non-fatal accidents only and, to be more specific, accidents that result in a
period of absence from work greater than 3 days. That is, in fact, the type of distinction
that EUROSTAT health and safety at work database does to distinguish non-fatal acci-
dents from fatal accidents and also from accidents with limited consequences.

Despite the data is reported as incidence rate, there are great differences among countries.
Some of them show really high rates of incidence, such as France and Switzerland; some
others instead, like Germany and Poland, show extremely low rates. This is an issue re-
lated to the number of workers that has been taken as parameter in incidence rate formula
and to the rules that regulate the required actions that companies need to carry out after
an injury, which might result in simplified notifications for smallholders and therefore a
reduction of incidence rates: despite the same criteria have been followed for the whole
dataset, it must be highlighted that agricultural workers cover very different activities and
accidents that involve collisions or being struck by machinery should only count those
workers that were actually involved in activities that had been carried out with the help of
machinery or tractors. This type of analysis, although, would be difficult to perform and
other biases might still appear (categories would be needed to differentiate driver worker,

on-foot worker, bystander, etc).
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Figure 18: Incidence rates by country - Struck by object in motion or collision

France has the highest incidence rate regarding agricultural workers being struck by
objects in motion or being involved in a collision, in the whole 2014-2020 period. Its
trend also seems to be increasing with time, just as some other countries like Switzerland.
Other countries like Slovenia and United Kingdom, despite reporting high incidence rates,
show instead a downward trend; Spain seems to be an exception, since its trend is stable

over time.
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Figure 19: Incidence rates by country - Struck by object in motion or collision

Some other countries also report high incidence rates, sometimes even reaching a
range of 300-500 accidents per 100,000 workers in the agricultural sector. Trends seem
to be, again, increasing year after year with rare exceptions like Portugal, which trend is
instead stable. Croatia and Denmark had peaks in 2019, and it seems to highlight a par-
ticular pattern if compared to the previous figure (France, Switzerland show an increase
for 2019 as well).

Other countries show incidence rates below 200 cases per 100,000 agricultural workers.
Given the different contexts that are typical of the countries that shown in next figure, it is
hard to identify a specific pattern to explain data: it is also problematic to establish future

trends since incidence rates are somehow very low compared to other countries.
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Figure 20: Incidence rates by country - Struck by object in motion or collision
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Figure 21: Incidence rates by country - Struck by object in motion or collision

There are particular cases in which the incidence rate is extremely low. This is the
case of Germany, Romania and Poland. This might be due to a high number of workers
employed in the sector compared to those that are effectively exposed to hazards involv-

ing machinery, tractors or any other kind of equipment in motion. It is worth, then, to
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look at specific trends in the number of non-fatal accidents (more than 3 days of absence

from work) rather than incidence rates for those countries.

Country 2014 | 2015 | 2016 | 2017 |2018 |2019 | 2020
EU 27 16.921 | 16.712 | 16.269 | 12.889 | 13.410 | 14.884 | 8.824
Belgium 58 40 51 60 53 50 59
Bulgaria 23 22 11 12 10 14 9
Czechia - - - - - - -
Denmark 173 121 141 188 173 180 201
Germany 1.592 | 1.393 | 1.695 | 738 591 581 492
Estonia 24 28 44 26 35 43 46
Ireland 320 130 224 126 279 174 36
Greece 27 22 30 23 13 14 14
Spain 4.098 | 4397 | 4.394 | 4.677 | 4799 | 5317 |4.448
France 4410 | 4.548 | 4708 | 4.069 | 4.346 | 4.455 |49
Croatia 150 152 157 167 162 141 118
Italy 3295 |3.220 |2.534 |410 526 1.758 | 1.397
Cyprus 4 4 5 13 9 8 1
Latvia 18 16 17 17 28 23 23
Lithuania 11 6 10 16 7 14 10
Luxembourg 24 27 27 18 22 28 16
Hungary 110 105 126 98 70 83 94
Malta 6 6 6 5 5 4 7
Netherlands 186

Austria 794 678 612 624 690 587 568
Poland 268 275 242 268 252 229 160
Portugal 857 983 708 793 610 732 628
Romania 39 35 38 49 42 43 53
Slovenia 96 113 76 77 65 71 58
Slovakia 68 73 73 75 84 70 57
Finland 379 239 285 285 276 183 279
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Country 2014 | 2015 | 2016 | 2017 | 2018 | 2019 | 2020

Sweden 77 75 55 55 77 81

Iceland 4
Norway 14 33 41 38 32 36 33
Switzerland 341 300 301 320 360 300

United Kingdom | 1.122 | 1.448 | 1.002 | 1.073 | 834

Table 5: Yearly non-fatal accidents by country

It is clear from the previous table that some country just report few accidents at work
in agriculture of that type. Even if some of them have fewer inhabitants and fewer farm-
ing businesses, they just report less accidents than expected (Greece, Estonia, Romania,
Latvia). Spain and France have roughly the same number of non-fatal accidents at work in
agriculture involving machinery in motion, but incidence rates are doubled for the latter.
It is also worth considering that just these two countries represent half (or even more, in

some years) of the overall number of accidents of that type in Europe.

2.5 Outcomes of accident statistics analysis

Data provided by the EUROSTAT database on accidents at work show that, if related to
working population in the sector, rates do not decrease at all with time. In some countries
the trends tend to be constant of show a slight decrease, but it is certain that despite
legislative changes regarding safety and health and safety management fatalities will not
be reduced fast in the upcoming years. This also shows that the agricultural sector does
not follow overall statistics on health and safety since it is one of the most hazardous
sectors and some of the hazards are part of the job.

Another conclusion can be drawn from those countries with a smaller rate of accidents at
work per year: that given number of accidents per year can be seen as a background noise

generated by sources of hazards that are not taken into account, like:

* Increase of possible negative outcomes involving machinery and its working envi-

ronment;
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* Wear-out of equipment, generating a constant flow of accidents related to poor or

non-existing maintenance;

* Tight coupling among functions that are required to carry out agricultural activities

when efficiency is required.

Further data analysis is provided in Appendix A, regarding data of every accident

mode for every EU country in the period 2019-2018.
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Abstract

Safety is a key aspect in agriculture and the sector is one of the most dangerous
among working activities. Machinery, environmental conditions and poor training
are just some of the main aspects which negatively influence accident rates. It must
be noted although that most of the time there is not a main cause of failure, it rather
is a mix of reasons which might be harmless if taken singularly but that may lead to
severe accidents if combined.

The complexity of the working context is not given by complex machinery or tasks,
but it is strongly affected by the presence of harsh working conditions, lack of proper
training and hazards that cannot be eliminated. To deal with this context, a dy-
namic approach to safety is required: a popular and relatively new analysis method
called Functional Resonance Analysis Method (FRAM) offers a good way for han-
dling dynamic scenarios and the efficiency-thoroughness trade off (ETTO) which
is constantly present in a working environment. FRAM also aims to describe ev-
ery scenario (including accident scenarios) as generated by output variability among
the tasks that an activity is made of, so that there are no more cause-effect analysis
only but instead internal and external variability (this is why it is described as "func-
tional resonance" analysis method). This work aims to exploit FRAM’s concepts to
create a safety analysis method which is specific for agricultural contexts and that
allows to identify performance-based safety solutions that prevent production losses
and ensure safe operations. The AECAT cycle of analysis (accident analysis, effec-
tiveness working mode, compliance ode, as-low-as-reasonably-possible mode and
thoroughness working mode) has been created to manage the evolution of agricul-
tural activities as external variables influence them (weather, soil conditions, market
demands, time, etc).

Practical applications of this method include safety management tools and artificial
intelligence (AI) algorithms which can enhance safety and reliability for specific
machinery. Both those applications have been analysed and tested in this thesis and

further research can be made to extend the range of possible solutions.



1 Introducing a '"Competitive Safety'' strategy to unlock

hidden production potential

The aim of the thesis is to elaborate a performance-based safety analysis method for
agriculture and make it feasible for both standalone applications on machinery and safety
management systems. Efforts have been made to identify agricultural accident trends in
Europe and, from data analysis, enhance an existing qualitative analysis method in order
to make it work as a semi-quantitative safety analysis method in agriculture. The main

aspects covered by this research covered the following aspects:
* The integration of safety and production in agriculture through new technologies;
* Comparison of quantitative safety analysis and dynamic approaches to safety;

* The development of a performance-based Safety management method for Agricul-

ture;

* Highlight how the Functional Resonance Analysis Method (FRAM) has been em-

ployed to develop a specific method for agricultural activities;

* The role of Artificial Intelligence (Al) and Machine Learning (ML) applied to dy-

namic safety assessments.

These five aspects will be better described in the following paragraphs, and will be utterly

covered in specific chapters.

1.1 Integrating safety and production in agriculture through new

technologies

Agriculture and forestry are dangerous working sectors and they struggle every year with
a high number of fatal accidents and long-term injuries. Victims sometimes even include
bystanders, children and any other nearby persons, apart from workers. Conditions, work-
ing environment, hazardous machinery and solitary activities make safety management a
complex task even for smallholding farmers. With the coming of smart devices and a

large use of electronics in agricultural vehicles and equipment, agriculture became more



technological but hazards did not melt away at all. Mechanisation remains vital for farm-
ers but poor interaction with somewhat harder-to-understand instruments and autonomous
vehicles could eventually increase the chances of accidents with severe consequences.

In order to achieve better working conditions and to manage the typical risks of agriculture
and forestry, safety must play a key role in design of future machinery. Its management
needs to be embedded with quality at any stage and risk should be analysed from everyday
performances rather than merely from accident statistics. Recent advances in Internet of
Things (IoT) devices can greatly be beneficial to agricultural safety, since data and low-
cost sensors can be integrated in agricultural machinery for cheap prices. At the same
time, digital farming can be considered expensive by many, but would carry anyway addi-
tional benefits regarding safety. Given such scenarios, methods and models that are meant
to manage risk in agriculture and forestry are needed and must exploit the possibility of
doing so in a dynamic way, rather than statically or just simply by following cause-effect

safety analysis methods.

1.2 Safety analysis in agriculture: quantitative safety analysis and

human error rate predictions vs. dynamic approaches

Reliability analysis has developed many methods for risk prediction and failure rate esti-
mations during the last 50 years. The need for such methods was required by safer designs
for industrial plants that could have been prone to major accidents hazards and by appli-
cations in which safety played a mission-critical role (energy production, transportation,
etc). The usual outcome of probabilistic reliability assessments (PRA) consists in a fail-
ure rate, or a combination of failure rates (fault tree analysis and event tree analysis) or a
human error probability (HEPs): this kind of output requires basic events to be described
as "working" or "failed", so it only accepts boolean inputs such zeros and ones, there is no
space for fuzzy logic or other ways to describe the state of a component. These boolean
events add up in a cause-effect way and can produce the probability for a certain accident
(called top-event, because it is at the apex of a pyramid made of basic events that are

combined together) and damage estimations.

This shows why Boolean algebra isn’t always feasible in safety analysis of complex



systems: since there are many different failure modes which also involve partial failures
or latent failures, it can result in an model that doesn’t properly describe reality as it is.
Rather than just describing the component as "working" or "not working", a non-binary
model should be implemented instead to keep anomalies into account and let predictive
maintenance increase the system’s reliability. It should be also kept in mind that non-
technological variables and human performance can hardly be described as technological

components that just work or fail, hence a more fitting model is required.

Many reliability analysis tools and methods such as Fault Tree Analysis (FTA), Event
Tree Analysis (ETA), What-If, Failure Mode and Effect Analysis (FMEA), describe ac-
cidents that happen in a precise sequence or when certain system functions completely
fail. Despite such methods can be of great help to define accident probabilities and pro-
vide quantitative safety analysis, they can hardly keep track of those common causes of
failure (CCF) which might led many system components to fail all at once: some meth-
ods, like FTA and ETA (which together form the "bow-tie" model) also cannot describe
components’ failure modes and describe the system as a chain of boolean gates (AND,
OR, XOR, etc). Such limits also affect any final probabilistic safety assessment (PSA)
on the long run: such biases in calculating top event probabilities can, in fact, result in

frequencies of occurrence that highly exceed those estimations.

For many reliability analysis tools and methods systems fail only following a cause-
effect chain of component failures. Non-major anomalies which can add up and result
in major accidents sometimes cannot even be taken into account since the status of a
component can only be described in boolean terms. Ad described in Charles Perrow’s
book "Normal Accidents", accidents can be also provoked by a series of unfortunate is-
sues which lead to major consequences even if they are, taken individually, absolutely not
catastrophic events and rather just day-to-day contingencies. The book also shows how,
describing investigations that followed the Three Mile Island nuclear power plant accident
in 1979, how different analyses carried by companies and institutions led to completely
different outcomes, almost all of them involving one specific cause that should be held
responsible for the accident: from the example taken from real life, it was clear that every

analyst missed the bigger picture of a complex system that can have a large variety of
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unexpected behaviours and an even greater number of unexpected outcomes.

Human behaviour is a key aspect in probabilistic safety analysis, in what literature
used to define as human error and human error probability (HEP). Many analysis models
such the Technique for Human Error Rate Prediction (THERP) and Cognitive Reliability
and Error Analysis Method (CREAM) focused on identifying which tasks in a particular
activity can be affected by human actions or behaviours. These approaches, although very
useful for systems’ probabilistic assessments, did not really take into account how human
behaviour can also positively affect a system’s outcome and fix any small anomaly before
it could lead to failure: increasing a task’s complexity results in greater numbers of un-
expected outcomes and weighty decisions that, more often, must be taken in a short time.
From this point of view entire accident analyses could be revised: if a complex system has
a large number of unexpected behaviours which are unpredictable even at system design
stage, then every human operator is responsible for its outcomes and should take merits

for every small adjustments done in order to fulfil system’s tasks.

From binary systems such FTA and ETA that are based on boolean logic, and above
all from systems based on thresholds like many compliance regulations, new methodolo-
gies based on fuzzy logic must be implemented in order to cover every possible state in

which a system’s component can be found.

An important feature of many hazard and risk analysis methods is the capacity to look
forward and detect accident scenarios that have never happened before but that are a real
possibility. It is the case of Hazard and Operability Analysis (HazOp), but despite being
one of the few methods doing so, scenarios only arise node by node and effects on other
system’s nodes are investigated step by step. Gathering information on latent failures,
possible single-failure accident conditions and all those conditions which might lead to
an accident scenarios is vital for safety system but such information often becomes clear
only after they arise: the key aspect of safety analysis shouldn’t be providing prevention
and protection measures after an accident, it should instead foresee accident conditions
and to do so analysts should look at those dangerous conditions which are present while

a system actually works, instead of just looking at what went wrong and find counter-



measures. This approach aims to search for latent accident causes or conditions that can

generate danger even if, at first glance, tasks are getting done without issues.

Such methods, as mentioned, are all based on models which fail to properly describe
those components and functions that cannot be assessed by boolean algebra. In addition,
human error probabilities also fail to show when system’s accidents are prevented by
human intervention. To summarise, here is a list of the limits of those systems when

applied to agriculture:

* Work as imagined by system designers strongly differs from work as done by oper-

ators;

* Elements involved in activities cannot be easily described as working or not work-
ing. There are anomalies and working modes that need to be taken into account as

well;

» Workers can adjust their performance according to how an activity is carried out,
meaning that they can also end up having little or no time for particular safety

procedures or simply cannot put them into place;

* Cause-effect relationships are responsible only of a small part of common accidents.
Many of them are, instead, related to more than simply one cause and result from
several hazardous behaviours or working conditions that happen altogether and that

might not be responsible of any accidents if they are present alone.

On the other hand, newer analysis method can offer a dynamic approach instead, over-
coming the oversimplification operated by probabilistic risk assessment methods. The
Functional Resonance Analysis Method (FRAM), for instance, allows a much more flex-
ible analysis and a qualitative output for safety assessment. The aim of this work is pro-
vide a semi-quantitative approach instead, by upgrading the existing functional resonance
analysis methodology and designing it for the needs of safety assessments in agricultural

contexts.



1.3 A Performance-based Safety management method for Agricul-

ture

Safety and Production has often been seen as dichotomous aspects of farming production
since emphasis on the first can result in a decrease for the latter. This concept, on the
other hand, is further strengthened by necessities on the field: good timing for harvest-
ing, climate change and contingencies can endanger production and completely deny any
profit, leading to sacrificing any other good practice and compliance that contributed to
the business’ growth. Despite a resilient and lean safety management can reduce the im-
pact of adverse events, it is the first to be sacrificed to - temporary - reduce the expenses
and gain faster production.

The first step to achieve better safety workplaces in agriculture must then require a new
framework that allows safety to be embedded into production, a flexible instrument which
creates the opportunity to adapt risk management to production management and under-
stand the best strategies and solutions for every workplace and season. Performance-based
safety management approaches are already known in fire protection engineering, because
every measure is not defined by thresholds and requirements given by national regula-
tions: they can adapt every solution based on what requires fire protection and by its
value, therefore any solution is specific for a certain workplace.

Once achieved performance-based dynamic safety assessments it will also be possible to
integrate new technology in order to obtain information from a distributed net of sensors
on machinery and in the environment. This would allow workers to realise when hidden
dangers arise and might help production by adopting the most effective solutions without
renouncing to safety. Artificial intelligence (Al), for instance, can be of great help in clas-
sifying hazardous situations and latent internal or external performance variability, just
as predictive maintenance does. Classification of thoroughness operations, compliance to
regulations or need to achieve higher efficiency can be easily detected in single functions
as in more complex activities if proper task analysis has been performed "a priori". Re-
cent developments in Al increased its capabilities in detecting human behaviours as well,
which makes it even more interesting for safety applications: nowadays, even top auto-
motive manufacturers as Tesla Motors do not relay on radars and LIDARs anymore, but

focuses on smart Al technologies that are able to detect obstacles with greater reliability.



An entire chapter will be dedicated to Al solutions applied to agricultural machinery for

safety purposes.

1.4 A dynamic approach to safety: Functional Resonance Analysis

Method (FRAM)

The Functional Resonance Analysis Method (FRAM) aims to describe an activity by
its basic functions, which are linked by variables such as inputs, outputs, preconditions,
resources, timing and control. Those parameters describe a function but not all of them
must be specified for each one: preconditions, control and resources, for instance, might
not be required for the execution of a specific task. The set of functions that are required
to carry out an activity are called FRAM instantiations: since functions can be linked in
many ways to each other to perform the activity, it would not be possible to describe all
the possibilites in one figure because it rather shows the way it has been carried out in that
moment. Functions utterly divide into background and foreground functions, while their
flow in a FRAM instantiation defines them as upstream and downstream functions.

Each function has up to 6 parameters: inputs, outputs, preconditions, controls, timing and
resources. These can be visualised as an hexagon as follows and parameters of a function

will be linked to another function if a given output from a function takes part in another

Figure 1: FRAM’s graphical representation of a function

one.

Those functions can be identified by Hierarchical Task Analysis (HTA) and links

among functions may vary accordingly to how the activity is carried out every time.
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Another important concept involved in FRAM functions is the ETTO principle. The
whole FRAM is based, in fact, on the so called Efficiency-Thoroughness Trade-Off (ETTO
principle) which refers to the inevitable trade-off between performing a certain task with
precision and performing it as fast as possible to achieve the highest efficiency. If a task
is carried out precisely, it will might result slow and not efficient: on the other hand, if
the task is carried out fast, it might not be enough precise. The everyday activity for is
affected by this trade-off and every small adjustment is based on the availability of time,
resources and in the necessity (or possibility) to keep enough control on the outcomes or
not.

The functional resonance analysis method will be further exploited to determine the most
important instantiations, which are at least the following: accident scenarios, effective-
ness working mode, compliance working mode, ALARP working mode and thorough-
ness working mode. Additional instantiations can be added in order to describe the ways

in which an activity can be carried out in a dynamic way.

1.5 Artificial Intelligence (AI) and Machine Learning (ML) applied

to safety assessment methods

A dynamic tool for safety management inevitably requires a large and reliable source of
data, that can be provided by onboard sensors and environmental information from satel-
lites, soil condition sensing and weather forecasts. Such data will also need to be handled
and translated into valuable inputs for an algorithm that will assess the activities and es-
tablish what is needed to put into place to achieve a safe working environment.

Any kind of computer algorithm can be created to elaborate data and provide safety in-
formation: all those methods that include computer processing are called artificial intel-
ligence. Most of the time it happens by hard-coding the ways that algorithms will have
to produce alerts, signals, etc. This happens by setting thresholds, or by creating if-else
statements for variables. Sometimes, although, the data flow is just too big and complex
to be handled this way and tools which are more elastic are needed: machine learning and
deep learning are, for instance, two important tools that can be exploited to create flexible
algorithm that can adapt to any situation arising in working environments.

Machine learning algorithms can be implemented to detect internal variability in a FRAM



function simply by detecting any variation in its components given a training dataset
which helps to define what can increase it, what keeps it stable and what dampens it. On
the other hand, further classification is needed to understand when a background function
affects the system’s variability, and link it to classify the task as performed at low or high
resonance. It could also be used to better define qualitative risk analysis (low, medium and
high risk) or to provide real-time information to workers as they perform their activities.
One of the most popular machine learning’s algorithms is the Random Forest (RF), which
is based on the generation of a fair quantity of decision trees made by picking a certain
number of features (variables) inside a dataset and try to guess their relative label: the al-
gorithm will try to predict the label by checking which one was the most predicted among
the decision trees. The advantage is that RF can be trained with relatively small amount of
data, for instance, even hundreds of rows are enough; on the other hand, although, every
row in the dataset must be labelled and this is why such algorithms are called supervised
since they must train on datasets which already contain the right answers (labels).

RF can do both classification and regression, so it can establish which label is the most
appropriate for a row of data. It must be said that it cannot perform predictions outside its
training dataset’s domain: for example, if it gets trained on data like hourly wages (i.e. 20
€ for 1 hour, 60 € for 3 hours, etc) it can predict wages inside its domain (for instance,
it will predict 40 € for 2 working ours) but it won’t be able to do so outside of its domain
(it will predict the highest value, i.e. 60 €, even for an 8 hours shift).

Algorithms like random forests can be implemented to identify the proper FRAM instan-
tiation in which a system falls for every moment of an activity. This can be done live, so
that the algorithm might provide alerts to the workers through the machinery they use or

on mobile phones. This will be further investigated in a specific chapter.
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4 Resilience engineering applied to risk management

Since the first industrial revolution machines and systems required new safety
regulations in order to protect the workers from harsh working conditions and
hazards. At the same time, those machines became more complex and reliability
engineering was born and quantitative safety assessment used to be carried out to
define the probability of a system to be up and running for a certain amount of
time. This kind of approach has always been oriented towards failure analysis,
failure modes and causal links between an issue and its visible effects: in complex
systems though, anomalies might also arise when everything seems to be working
fine and such latent issues can play an important role in the occurrence of acci-
dents, even if the final effect cannot be directly attributed to them.

All of that is resulting in a surge of interest in analysis methods which can be
able to handle the bigger picture of safety management and exceed the reliabil-
ity approach to describe systems with discrete or “fuzzy” logic that can be of
great help in discovering why a system can fail even when none of its components
can produce system failures by themselves. Even the human nature of workers
can be analysed this way as a continuous trade-off between efficiency and thor-
oughness, which can often be strongly dependent by environmental, external or
organisational reasons. From this starting point it can be possible to learn from
mistakes, have better monitoring capabilities, identify latent failures and improve
the chances of detecting and preventing accidents. A new analysis method of in-
terest in this field is the Functional Resonance Analysis Method (FRAM) which
aims to disassembly every function in a system and describe them on 6 parameters
(Control, Resources, Input, Preconditions, Timing and Output) to determine how

a sequence of change in the system variables can lead to changes in the overall
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performance.

FRAM instantiations can only consider a specific situation, like accident se-
quences. The graphical representation of them cannot serve as analysis tool out-
side of that specific system condition. To overcome such issue, FRAM method
highlights the variability of each function in a system and aims to understand their
impact on the system’s resonance: that’s why understanding function variabil-
ity and effects on the whole system is crucial and represents a valuable resource
for qualitative safety analyses. Having a qualitative assessment regarding certain
instantiations, for instance on accident scenarios and safety-critical conditions,
can although serve as the basis for an approach that aims to provide informa-
tion regarding real-time status of a system. To do so, other working conditions
(or state of the system) might be necessarily acquired: FRAM instantiations re-
porting activities carried out in compliance with regulations, alongside with other
thoroughness-like conditions can help to draw the bigger picture of the most im-
portant operating conditions for a specific safety assessment. One of those instan-
tiations which tend to be close to the most thorough way to carry out an activity
can be identified in the As Low As Reasonably Possible (ALARP) condition. The
ALARP principle states that risk shall be reduced as much as (practically) possi-
ble: practicality can be given by conditions in which investments in risk reduction
still generate considerable benefits to the system’s safety; a disproportion might
result in a waste of economical resources with minimum gain on risk evaluations.
Given this review of some of the most important working conditions that can be
analysed altogether to get a wider representation of a system or activity’s safety,

those can be listed as follows:
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* Accident instantiations, gathered from previous history or from an analysis
of every possible negative scenario. Those conditions must serve as a lower

threshold, indicating what must be completely avoided;

* Efficiency instantiations, that illustrate how an activity can be carried out in
the fastest, or most economical, or most practical way, regardless of safety
conditions. These scenarios are not dangerous by default, but can indeed be
maintained only for a short time or in given certain background conditions

in order to keep an acceptable level of safety;

* Compliance instantiations, intended as what must be done, and how it must
be done, in order to consider the activity compliant with regulations and

with instructions regarding how to employ specific equipment;

* ALARP instantiations, which refer to those activities whenever they can be
carried out as thoroughly as possible until any economical effort to increase

the system’s safety would not generate a tangible overall risk reduction;

* Thorougness instantiations, that can often be referred as the most precise
way to carry out an activity, regardless of its effectiveness, its costs or its

practical aspects (ergonomics, timing, enforceability, etc).

These 5 conditions will later on be referred by their acronym as AECAT, indi-
cating what has been taken into account as possible working scenarios when per-

forming FRAM analyses.
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Extended E.T.T.O. principle: valuable instantiations

Thoroughness - most ALARP: as low as
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Identify external variability,
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Find solutions to mitigate

Latent hazards identification e T (T BT

Figure 29: AECAT cycle

An analysis model has been created to highlight the advantages of this ap-
proach and to show what should be done at each FRAM stage of the process. The
aim of identifying working modes is to understand not only the approximate or
qualitative risk level of real-time activities: it can also help to identify any internal
or external functional resonance and, at the same time, can determine which func-
tion couplings must be taken into account as possible source of resonance increase

or dampening.
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Figure 30: AECAT flow chart

Every step of the FRAM analyses shown in the previous figure help to under-
stand a particular feature of the system/activity. For instance, accident analysis
can be used to reduce the severity and understand variability thresholds that must
not be exceeded; efficiency conditions might show the "tight couplings" among
function that can generate an accident and, as a consequence, can indicate how
to reduce their occurrence, leading to an acceptable risk level when better damp-

ening means are into effect. This stage can be compared to compliance instan-

53



tiations and understand whether the risk level will suffice or not: a narrow line
might separate those two conditions but that is why ETTO principle indicates that
activities are subject to small adjustments in order to be carried out, often finding
a workaround that consents to fulfil a function’s scope without affecting its safety

in unacceptable way.

The result of FRAM analysis applied to AECAT working conditions is a series
of considerations that can be drawn at several steps of the method. It can be

summarised as follows:

* Variability can be assessed at both environmental level and background
functions, providing an increasing degree of complexity as the functions

that connect to form the activity instantiations become greater in number;

* Criticality analysis can be defined for foreground functions at every AECAT
stage, allowing to determine which condition would be allowed or not at
certain moments and when increased safety levels can be achieved with

minimum efforts.

System’s complexity plays, of course, an important role in translating AECAT
FRAM analysis into practice. Activities in which workers control a vehicle to
perform specific tasks can, in fact, be seen as a simple task since external vari-
ables are limited (but present) and the number of possible FRAM instantiations
describing how the activity could be carried out are limited. Even a small number
of functions can indeed be enough to describe the whole activity with a good de-
gree of precision: this, although, is not always possible since other activities might

be way more complex. For example, certain activities can be carried out by a wide
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number of possibilities involving even completely different activities, which must
be analysed separately. These scenarios involve deeper context analysis and hid-
den couplings must be taken into account, especially because they might affect
the transition from a safe to a dangerous operation. To summarise, the range of

possibilities can be described as follows:

» Simple activities that can be represented as only one function are only af-
fected by external variability and there would be no system resonance, in-
tended as resonance transmitted by other functions that might generate a

tight coupling inside the system;

* A system or activity which is made of few functions linearly linked can in-
stead be affected by internal resonance that might propagate from upstream
to downstream function, but still system’s simplicity might allow only few
different type of instantiations and thus making the job easier for safety

analysts;

* More complex systems need to be assessed by identifying the most com-
mon instantiations first, and then integrating the analysis by searching for
hidden couplings. Single points of failure (SPOFs) should be analysed in
depth, not only by identifying cause-effect couplings but also by under-
standing and eventually finding any source of resonance that, propagating

in the system/procedure, might cause them.
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S The FRAM into practice for agriculture

5.1 Fundamentals of FRAM

The Functional Resonance Analysis Method (FRAM) is a dynamic tool which can anal-
yse scenarios and find safety issues by starting from how work is carried out rather than
how accidents have happened. Additionally, it can highlight accident scenarios in a wider
context by identifying the conditions which led to it: that method provides the possibility
to describe accident sequences as they are, without the need to find any cause-effect rela-
tionships between any specific failures and the accident itself.

To do so, activities are broken down into specific tasks, or functions. These functions can
be described as foreground or background functions, according to their role in the activity.

Each function is described by 6 aspects:

Input that starts the function;

Output of the function;

Preconditions that have to be present when the function starts;

* Resources needed to carry out the function;

Time needed to run the function, or time at which the function must start or stop;

Control that can be performed over the function as it runs.

Every function has an input and an output, the output of a function can feed any of the
aspects of another function (except the output). The aim of the method is not to provide
any graphical or schematic representation of the hazards in a certain activity, it is instead
designed to describe instantiations of an activity that can be, for example, the work as
imagined, work as done or accident scenarios. For specific instantiations, graphical rep-
resentations are possible.

Given an activity, and having described its functions, analysis can be done by understand-
ing how every output can vary. Any variation can generate no change in the downstream
functions or, instead, generate positive or negative effects on the downstream functions.
Missing or incorrect aspects inside a function, like its timing, missing resources or pre-

conditions, can affect the output of the function itself. Such effect is called variability,
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which can be external or internal.

The analysis of internal and external variability is paramount to identify the system’s res-

onance under certain conditions. Resonance analysis allows to assess system’s reliability

in a qualitative way; it does not provide any numerical failure rate, but can identify which

working modes are the most at risk.

As a result, phases of the analysis comprehend:

failure (SPOFs);

Function breakdown;

* Qutput variability analysis;

Variability analysis.

Accident analysis, in order to identify specific failure modes or single points of

Such method has been applied to agricultural activities, such as shredding. Results will

be showed in the following subsections.

5.2 Case study: shredding activity

Activity analysis is the first step to carry out in order to define its functions. To do so,

a Hierarchical Task Analysis has been carried out to understand how the activity works.

Next figure shows its flow chart and will provide the basis for FRAM analysis.

Field shredding
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.
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Perform field
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l_l

Tractor setup
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Figure 31: Hierarchical Task Analysis for shredding activities
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Stop rules can be applied in order to limit the number of valuable functions that should
be taken into account for the analysis. In this case, function "tractor to warehouse" can be
ignored, since it doesn’t involve any particular action or hazard.

Actions belong to three main activities, which are:
* Prepare the equipment and the tractor;
¢ Perform the activities on the field;
* Procedures that need to be carried out at the end of the activities.

Out of these main activities, 6 functions have been identified and can be listed as

follows:
* Tractor setup;
* Equipment setup;

* Coupling tractor and equipment;

Start and handle the tractor;

Shredding;

Decoupling tractor and equipment in order to perform maintenance.

Such activities will be deeply analysed as follows, in a way that fits the FRAM by

describing their 6 variables.

5.2.1 Tractor setup

This function is designed to be, together with equipment setup, the first two actions that
will be carried out in the activity. It might be carried out before, after, or at the same time
of equipment setup, but it won’t require any input anyway. It must be carried out precisely

in order not to generate safety issues inside the function itself.
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Function name: tractor setup

Input -

Output Tractor ready for operations, ROPS enabled

Preconditions | Checklist from maintenance plans, safety procedures

Resources Use and maintenance manuals
Control .
Time Performed before coupling starts

Table 7: Variables identifications for tractor setup

This function show why cause-effect relationships are not enough to describe accident
scenarios. In order to carry out the function, workers might do it as prescribed by manuals
and checklists, or might do it as they like, or might even skip it completely. This is not due
to human errors, although: they might simply have no procedures for it, or maybe they
never had the possibility to train on these actions required in the function, or manuals
might be missing, etc. There is a large variety of reasons behind a missing action, or
behind the so called human errors. The same pattern is present in many other functions

as well.

5.2.2 Equipment setup

As for tractor setup, the way to carry out this function relies on resources availability
(manuals, checklists) and available time. Together with tractor setup and coupling, this

function is paramount to field operations.

Function name: equipment setup

Input -

Output Equipment ready for operations

Preconditions | Check for any anomalies and prepare for coupling

Resources Use and maintenance manuals
Control -
Time Performed before coupling starts

Table 8: Variables identifications for equipment setup
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Output if this function is the coupling of equipment with the tractor, which is covered
in a following function. It is clear that this function can be carried out in as many ways
as tractor setup can be, and together can represent a reliable basis for further operations
which would experience less anomalies. On the other hand, speeding up these functions
(or not carrying them out at all) would result in anomalies later: this aspect will be covered

in system variability analysis.

5.2.3 Coupling tractor and equipment

This function ends the preparations needed for field activities. It might represent a major
source of hazards if carried out in the wrong way, as shown in the next table. It could, in
fact, be seen as a source of internal variability (hazards generated while trying to produce

the output) but, instead, it mostly affects the downstream functions.

Function name: coupling the tractor to the equipment
Input Tractor ready for operations
Output Tractor and equipment are joined
Preconditions Equipment ready for operations
Resources Presence of a suitable ballast
Control Tractor must be turned off
Time -

Table 9: Variables identifications for coupling

From the previous table only one thing looks to be certain: this action cannot be
skipped, delayed or postponed in any way because field operations would be impossible
to carry out. Lots of variables are involved in this case and they represent how important
this function can be for the shredding activity as a whole.

Some extra resources, such as manuals or checklists, have been voluntarily excluded be-
cause instructions regarding this action would already be included in the previous setup
functions. Once missed, or once taken into account in the first two functions, outcome

wouldn’t change for this function as well.
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5.2.4 Tractor handling

This function, together with field shredding function, provides the first moment in which
environmental conditions such as weather, terrain slope, humidity or wind speed represent
an external source of variability. Those background functions are the most challenging
aspect of the FRAM applied to agricultural activities since, despite the background func-
tions are quite the same in every instantiation, they might change rapidly and provoke

adjustments in the day to day working practice.

Function name: tractor handling
Input Tractor and equipment are joined
Output Start of shredding
Preconditions ROPS enabled
Resources -
Control Terrain slope and other information
Time -

Table 10: Variables identifications for tractor handling

The output of this function leads to the core function of the activity, so it should be
where any previous resonance gets dampened. If it doesn’t happen then the downstream

function will experience issues in managing to achieve its goal.

5.2.5 Field shredding

As already said this function must take into account environmental variability from back-
ground functions. It also receives any resonance from the previous upstream functions
(tractor setup, coupling and tractor handling) so it will eventually be the point in which
accidents would happen the most. This is partially due to being the core of the activity,

but its outcome will vary accordingly to how work has been performed before.
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Function name: field shredding
Input Ready for field shreadding
Output End of activity
Preconditions -
Resources -
Control Terrain slope and other information
Time -

Table 11: Variables identifications for field shredding

If the output of this function is achieved, then any previous issues regarding proper
use of equipment and tractor will be dealt by the downstream function which should also

prepare the machinery for next activity.

5.2.6 Tractor maintenance after the activities

This activity should be considered mandatory not only to keep the machinery operational,
but also to be able to start working again in the next activity without much trouble. Main-
tenance, in fact, is measured as how much value the components will take back after
intervention and it is also measured as mean time between failures (MTBF). During the

time from failure and repair, the downtime will affect the production.

Function name: maintenance after the activities
Input Ready for field shreadding
Output End of activity
Preconditions -
Resources -
Control Terrain slope and other information
Time -

Table 12: Variables identifications for maintenance

All the things that affect production can result in workarounds or at least need to take
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back lost time by saving time in other activities. This means that any issue that is not
tackled by this function, will most likely appear again at machinery setup during the next

activity.

5.3 Accident analysis

Accident analysis need to be provided not only from case-history, but also from the res-
onance point of view. Cause-effect scenarios that provoke accidents can be considered
single point of failures, while FRAM also requires to examine how resonance can propa-

gate through the system’s functions for every hazardous variability.

Tractor handling Resonances

Explosion of external hy- | Absence of maintenance for too long periods

draulic pipelines

Run-over High speed, poor maintenance (visibility and brakes)

Impact against struc- | High speed, poor maintenance (visibility and brakes)

tures and plants

Overturning Terrain slope not properly considered, high speed, wrong
turning curvatures, wrong ballasts, ROPS not into place

if present

Dragging Anomalies during the activity that have been tackled
with PTOs still active, tractor not turned off, mainte-

nance most likely skipped before starting the activity

Electrocution Contact of lifting equipment or other external compo-

nents with power lines

Tractor setup Resonances

Dragging Operating with active PTOs, PTOs not properly pro-

tected, tractor not turned off, maintenance most likely

skipped before starting the activity
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Tractor handling

Resonances

Severe burns

Physical contact with power components or hydraulic
pipes that have been used just before starting the activity,

PPEs not in use

Run-over

Tractor not in stationary position or not turned off

Connection error of hy-

draulic pipelines

Wrong or absent identification of the pipes, procedures

from the manual or training are not into place

Equipment setup

Resonances

Run-over

Equipment not in stationary position and absence of its

stopping system

Connection error of hy-

draulic pipelines

Wrong or absent identification of the pipes, procedures

from the manual or training are not into place

Overturning Equipment not in stable position

Coupling Resonances

Stability issues Three point linkage not regulated

Overturning Equipment and tractor not in stable positions

Dragging Operating with active PTOs that are also probably not
protected by carters, tractor not turned off, maintenance
most likely skipped before starting the activity

Overturning Equipment and tractor not in stable positions

Field shredding Resonances

Dragging Operating with active PTOs that are also probably not

protected by carters, tractor not turned off, maintenance

most likely skipped before starting the activity

Contact with active parts

Operating with active PTOs that are also probably not
protected by carters, tractor not turned off, maintenance

most likely skipped before starting the activity

Run-over

Equipment not in stationary position or not properly con-
nected to the tractor, operations are too close to the end

of the field provoking land subsidence
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Tractor handling

Resonances

Ejection of objects from

the shredder

Equipment not protected by carters and presence of by-

standers or workers on foot

Maintenance at the end

of the activities

Resonances

Safety systems not work-

Makeshift devices in action when the right safety devices

ing properly are not available
Run-over Equipment not in stationary position
Dragging Operating with active PTOs that are also probably not

protected by carters, tractor not turned off, keys still in

place

Severe burns

Physical contact with power components or hydraulic

pipes, PPEs not in use

Table 13: Accident resonance analysis

Another type of variability can be provoked by external factors, such the environmen-
tal context or work management. In the following table some aspects are examined and

their variability is taken into account for the related foreground functions.

Background function Description

Instructions to let workers perform
Manuals and procedures | certain activities in a proper way. Extremely

useful for maintenance and equipment setup.

. Keys must not be in ignition
Position of the key

during certain activities

An incorrect ballast would provoke
issues in performing activities and
Correct ballast
safety-related issues regarding overturn

accidents
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Background function Description

Environmental conditions can
Environmental conditions determine the speed, the moment

and the way activities are carried out

Harsh or bad terrain conditions
such as slope and humidity can
Terrain conditions represent a hazard for tractor drivers.

Good terrain conditions can

improve tractor’s stability instead

Table 14: Background functions and their variability

Previous table shows how external variability is mostly caused by the working envi-
ronment. Given that this pattern is present in many functions of the activity, it must be
considered as major concern in safety analysis methods. FRAM is a tool that allows to
see the big picture of working conditions in which danger arises from a mixture of rea-

sons that, sometimes, cannot even be considered failures or negative events by themselves.

5.4 Internal and external variability analysis

As already stated at the beginning of this chapter, FRAM is about variability analysis. It
is seen as the resonance that keeps propagating from a function to another, lining up a
series of negative outputs from other functions and generating a tight coupling that might
result in accidents even if every output, taken by itself, wouldn’t be able to generate it.

It should be noted that a similar concept might be mistaken for parallel failures that only
altogether can lead to a top-event in a fault tree, but it is not the case: those negative
outcomes might not even be failures at all, they can simply be anomalies in outputs or
missing parameters that do not prevent the outputs from working properly but might make
things harder to fix later if other anomalies appear.

The following tables describes every variability and analyses its outcomes.
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5.5 AECAT working modes identification

In the previous chapter an analysis model has been provided to further assess FRAM

outcomes, based on working modes that can be identified as:

Accident analysis;

Efficiency mode;

Compliance mode;

ALARP mode, as low as reasonably possible;

Thoroughness mode.

These working modes are an application of the Efficiency-Thoroughness (ETTO) princi-
ple. Given that list of working modes to be explored, graphical FRAM instantiations for
each of them has been generated.

It is worth remembering that more working modes can be added to the model, accordingly
to the type of activity. For instance, an activity might be performed in a way that is com-
pliant to regulations but that is not yet falling in the ALARP mode, so additional states
must be added; or again, there might be other working conditions between compliance
and efficiency mode.

The main characteristic of the AECAT model is that foreground functions are always con-
nected in the same way because the hierarchical task analysis(HTA) always identifies the
same workflow. Such model, that can be implemented only because of that HTA out-
come, allows to properly assess the impact of background functions: these functions, like
environmental conditions and organisational variables, play a key role in the whole safety
assessment of agricultural activities.

The first graphical representation shows how shredding activities should be carried out in
a thorough way. Functions have all been already well described, and every hexagon con-
tains information regarding the functions’ own parameters (input, output, control, timing,
preconditions and resources). They are connected where the output of one is involved as a
parameter of another function. Red circles around a parameter indicates that it is needed,
but not provided by another function: it is like the resource parameter "fuel" for machin-

ery, which is required but not provided by any of the other functions in the instantiation.
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Rules can be established in order to know where to stop, and discard some parameters
that play no significant role in the activity as a whole and that are not involved in any way

in internal or external variability.
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Figure 32: Shredding activity - thoroughness mode

Thoroughness mode is the most complete among AECAT instantiations. From now
on, other working modes will be identified by removing some of the requirements (links)
that are present in that representation. For instance, terrain conditions represents an im-
portant parameter in that case but an activity, in real world, might need to be carried out
anyway: so, in the ALARP working modes, it would no more play as "control" parameter
in the field shredding function. This is the only difference among thoroughness mode
and ALARP working mode for the analysed activity, but scenarios might greatly differ

in other cases. The outcome of losing information regarding terrain conditions loses a
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dampening effect inside the field shredding function: since the function is indicated by
a sinusoidal symbol inside its hexagon, it means that its output can be affected by some
sort of variability that should be managed and kept under control. This is why ALARP

working mode is inherently less safer than the thoroughness mode scenario.
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Figure 33: Shredding activity - ALARP mode

As already explained, ALARP working mode is very similar to the thoroughness
working mode, except for the missing terrain condition parameter which was meant to
control the shredding function. Another parameter that is present in that instantiation but
that is not required by any regulation is weather conditions: the presence of rain might
prevent the activity from being carried out, but strong winds, for instance, would not do
the same. That is why the background function regarding weather is the most important

parameter that makes this working mode differ from compliance working mode.
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Manuals and
procedures

No other significant change seems to be required to skip from this working mode to com-
pliance working mode. The compliance working mode requires only what is requested
by regulations to carry out a particular activity, this is why some background functions
are not influencing the workflow in any way: this is the biggest work-as-imagined differ-
ence from work-as-done in agricultural environments, since these background functions
instead influence a lot the whole activity and might even prevent it from generating any

profitable outcome.
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Figure 34: Shredding activity - compliance mode

The previous figure shows a graphical instantiation for compliance working mode.
Despite it can theoretically be seen as minimum requirements scenarios, several other
working modes can be possible from there to the effectiveness working mode. This is
why performance-based safety management can represent a valuable resource in shaping
prevention and protections systems: another great value is represented by the possibility
to base the whole activity management on that performance-based safety solution that has

been identified with this method, enabling the coupling of performances to safety means.
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In order to reach the effectiveness working mode, several links have to be removed from
the compliance working mode. Maintenance would be performed as workers intend to
do without following any checklist or manual, and machinery coupling will follow the
same pattern (tractor might be turned on during activities which require it not to be in
ignition). Rollover protective system (ROPS). if present, might not be in place and ballast
size might not have been properly checked. These conditions can lead to accidents more
rapidly than other working modes, but on the other hand carrying out the activity would
require less time: that is why barriers get often removed during certain activities and that
is also why tight couplings happen, since there are no ways to dampen any kind of internal

or external variability.
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Figure 35: Shredding activity - effectiveness mode

Despite being often dangerous, such effectiveness working mode can be adjusted in a
way that might be considered acceptable for a short time. This must be done by including
additional functions that are meant to dampen the expected resonance of the system. Such

dampening effects would be designed to avoid losing time and resources, with the aim to
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increase system’s safety at least to the expected levels of compliance working modes.

Working mode switch Changes

From  thoroughness  to | No terrain conditions data

ALARP

From ALARP to compliance | No environmental conditions data

From compliance to effec- | Not following any manual or check-

tiveness list, safety devices disabled (ROPS)

Table 17: Summary of changes among working modes

At the end of an oversimplified analysis, it is already clear that the most important
sources of resonance are external to the system. This should not be seen, although, as a
source of hazard: weather, terrain conditions, barriers, are rarely responsible of accidents
but any misunderstanding on their impact (or absence) can lead to severe consequences.
Some of the background functions responsible of switching among working modes pro-
duce hazardous effects not just on the function they are linked to but also on other down-
stream functions. This is the effect of resonance on the system, since issues that involve
an upstream function show their effects on a downstream function. It cannot be identified
as a domino effect, since the upstream function might even show no anomalies at all but
just hazardous variability on its output.

This FRAM analysis can serve as starting point for additional safety analysis involving,
for instance, the identification of any suitable dampening effect for every scenario that
might need enhancements to be at least as safe as the compliance mode scenario.

From another point of view, those background functions might be monitored inside of a
foreground function: this will be covered in the next chapter involving sensors and artifi-

cial intelligence on modern tractors.
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6 Enhancing the sensors: artificial intelligence for anomaly

detection

The increasing availability of data, both from machinery and from external sources (geospa-
tial information, detailed weather conditions, etc.) provides researchers with the oppor-
tunity to study and develop newer systems, based on artificial intelligence algorithms
like deep learning or machine learning, which can now rely on better and extremely fast
hardware. Some algorithms in fact already existed before and mathematical theory be-
hind them has been developed fifty or even a hundred years ago but they never had the
opportunity to run as fast as they needed on the microcontroller units like those we can
exploit today and that we can get very easily without spending too much. There are three
main development activities related to machine learning and artificial intelligence which
can enhance safety management of machines, systems and workplaces: - Identification of
performance variability, which are needed to identify any issues during the execution of
single tasks that can be generated by any lack on control, resources, inputs, preconditions
or timing and that alter the output of the task/function. Another kind of variability can also
be due to external conditions, like organizational requirements or environmental causes;
- Anomaly detection, that can be performed on human behaviours or variables to detect
abnormal values through isolation forests or autoencoders which don’t need examples of
the selected abnormal cases to train the algorithms since they just recognise them among
other cases as the values can look different and singular from normal cases; - Machine
Learning (ML) classifier for risk assessment, which allow to assess a specific situation as
low, medium or high risk. This can also be done for events in the imminent future and
identify a raise of risk level (i.e., a vehicle moving towards a high slope terrain and might

run into lateral overturning or backward rollover).
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Figure 36: Interactions among safety analysis models and Al for new assessment tools

All of that requires data from sensors, or big data from external platforms or a mix of
these which can allow to define user-dependent models (in which anomaly detection can
be adjusted to the user) and user-independent models (a mixture of user-dependent and
user-independent models is yet a possibility if enough data is available). The identifica-
tion of performance variability relies instead on existing methods and models for safety
analysis, which are mandatory to read any efficiency-thoroughness trade-offs as they hap-
pen and as they become too dangerous. Last but not least, it must be underlined that any
Artificial Intelligence algorithm (as machine learning, neural networks or deep learning)
require the usage of mathematical and statistical tools in order to perform a fine tuning of

their performances.
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7 Machine learning for risk analysis in agriculture

7.1 A case-study on tractor stability based on functional resonance

analysis

Agricultural and forestry activities represent a challenge for occupational safety and health
management due to dangerous working conditions, equipment that needs to be handled
properly and a series of environmental aspects like market demand, labour costs and cli-
mate change uncertainties. Given such a background, any investment for safer working
conditions must go hand in hand with product/service quality and should not be justified
by law compliance alone. To achieve an acceptable level of risk a variety of analysis meth-
ods could be taken from well-known industrial experience, but there are macroscopic dif-
ferences among the sectors which make the whole system to be considered as intractable:
lack of data, incomplete information about how hazardous scenarios arise, environmental
unstable variables and a strong interdependence between activities and background con-
ditions. Another important aspect, apart from root or single causes of accidents, is the
need to extend the analysis to those latent or hidden anomalies which can altogether be
responsible of an accident: it would be impossible to rely only on accident history or to
describe every element by using only two states (state of working or state of failure) and
even more critical would be the definition of formulas meant to detect hazardous work-
ing conditions since the model wouldn’t easily fit to reality. A newer concept based on

resilience engineering should instead be considered in order to:
* Define the state of components with fuzzy logic

* Consider any small or hidden changes of one (or more) variable(s) which may affect

the whole system’s safety
* Manage an efficiency-thoroughness trade-off

This approach can be found in the Functional Resonance Analysis Method (FRAM)[1]
which mainly aims to describe every basic function of a system by its inputs, outputs, pre-
conditions, controls, resources and timings needed to be carried out; from any variation

of a function’s variable a resonance could be produced (or not produced), and it extends
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to its downstream functions which can be affected by it. Even some dampening of an ex-
isting resonance might happen, reducing this why the risks derived by system instability.
The method can this way describe any instantiation of the system whether it is working
or not. This means on the other hand that a risk quantification might be a hard task to
perform since every change in the system might affect its resonance and the risk assess-
ment of that specific instantiation. In the following figure, a simplified description of the

activities which can be carried out to perform mechanical pruning is described, indicating:

Every function with a hexagon made by its Control, Resources, Inputs, Precondi-

tions, Timings and Outputs;

A different colour for every type of functions (human, technological, etc);

Links to show how every function relate to each other;

Labels to describe the meaning of the links;

A symbol of a sinusoid inside functions to indicate if they might affect system’s

resonance or not.
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Figure 37: example of FRAM model for mechanical pruning

The previous figure shows how FRAM can describe the expected outcomes of every func-
tion and can be done even to describe accidents by showing which variable(s) affected the
final outcome. Further development of the method can include a quantitative risk analysis
based on internal or external resonances among the functions. This might be done by
analysing enough data from a certain system and by identifying hidden anomalies which
might not lead to any immediate issue but might do so later in combination with another
one: a Machine Learning algorithm can be of great help in detecting such hazardous

working conditions.

7.2 Case study: qualitative risk analysis of tractor stability

One of the principal risks in agriculture is related to tractor overturns, which can be due
to a large number of aspects and might lead to severe or fatal consequences if all the
individual protection devices have not been put to work. The main goal is to achieve a

reasonable safety level by prevention, which means removing sources of danger or reduc-
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ing their impact on the system. To do so, a FRAM model has been defined to identify
which of the functions related to the use of a tractor can affect rollover probabilities: as a
result, despite many causes can be found inside the function itself, some of them depend

by external working conditions (environment, weather, type of activity, etc).
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Figure 38: basic FRAM model for safety-related functions involved in tractor usage which

can affect rollover probabilities

From the activities shown in figure 2, a set of system variables has been selected to
investigate how they can generate low, medium or high risk of rollover. Such variables

are:
¢ Internal:

the tractor;

Sequences (the way the driver should manoeuvre the vehicle);

Curvature angles while turning;

Type of activity performed on the field;
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¢ External:

Weather;

Timings;

Slope;

Humidity and soil stability.

From those 8 variables a dataset of 500 entries has been developed. Every value has
been defined by an index which spans from 1 to 10, except for activities (which go from 1
to 5) and timing (which has only 3 values: 1 for short period, 2 for normal and 3 for long
periods of activity). Minimum and maximum values would then correspond to the min-
imum and maximum achievable values for every specific measurement. For every entry
a rollover risk level has been manually assessed based on experience. The labels for risk
are 1 for low risk, 2 for medium risk and 3 for high risk. Starting from that dataset, 80
percent of the entries have been randomly picked for a Random Forest machine learning
algorithm[2], while the remaining 20 percent have been set apart for testing purposes.

As aresult of the random forest algorithm training, some conclusions can be drawn on the
importance of every variable for the final risk level prediction. As obvious the most im-
portant variables are speed of the vehicle and terrain slope, followed by the manoeuvring
and curvatures made by the driver. A certain impact is given from status of the terrain and
weather forecasts, while less importance has been given to type of activity and duration

of the activity, as shown in figure 3.
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Figure 39: mean decrease accuracy and mean decrease Gini for the Random Forest

The values shown in figure 3 are intended to be an estimation of the importance of the
variables within the dataset: this is due to the large number of very safe or highly unsafe
entries which do not depend by their type of activity or by their duration in any way.
More analyses can be performed on the dataset, before checking its reliability by doing
predictions on the test set based on what has been learnt on the training set. As shown
below, Euclidean distances and 3D distances can be plotted to show homogeneous values

in the dataset.
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From figures 4 and 5 is it clear that some points of the dataset have been labelled as 1
(low risk) but are shown within close distances from entries labelled as 2 (medium risk).
Same goes for many medium risk entries which appear in the high-risk area, labelled as
3. This is due to particular conditions affecting tractor stability and demonstrate that a

classifier algorithm couldn’t be hard-coded for this case-study, and that a machine learn-
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Figure 40: euclidean feature distances

Figure 41: 3D feature distances

ing algorithm could provide better predictions.

As a result of training a random forest algorithm with 3000 trees of 3 nodes, an Out of
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Bag error (OBB) of about 4-7 percent has been obtained. Predictions on test database (20
percent of the base dataset, 100 entries) showed at least 96 percent of correct predictions,
2 percent of predictions which reported lower risks classified as higher, while the remain-

ing 2 percent of predictions involved higher risks shown as lower risks levels (table 1).

o Label 1 Label 2 Label 3
Prediction
(low risk) (medium risk) (high risk)
Predicted as “Label 17 50 2 0
Predicted as “Label 2” 0 10 0
Predicted as “Label 3” 1 1 36

Table 18: algorithm predictions on the test dataset.

Further analysis could take into account the “voting” which resulted in every label
prediction: average results could be calculated (for example 60 percent label “3” and 40
percent label “2” would result in 0.60*3+0.40%2, so it would be 2.6 with an error of 0.4 if

correct value is label 3, or 0.6 of the correct label is 2).

7.3 FRAM-based machine learning for risk assessment

To increase the detectability of anomalies and the reliability of a machine learning algo-
rithm for risk assessment, internal and external resonances can be analysed separately.
First of all, it must be recalled from what has been described before that some of the vari-
ables can be considered as external sources of resonance since they belong to background
functions from figure 2, while others are specific of the main “blue function” related to
the usage of the tractor itself. From that classification there can be 4 different labels for

their impact on system’s stability:

* Label 1: low resonance and low risk. A dampening effect can also be noticed since

such conditions even reduce the overall risk conditions of the system;

» Label 2: low risk, doesn’t dampen nor increases the overall resonance of the system;
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e Label 3: low/medium risk, indicates a status which can be sustained without any

major safety concerns but only due to an internal dampening of the function;
» Label 4: high resonance, tendency to medium or high risk.

A comparison with the previous example might show an increase in the number of classi-
fiers, which are now 4 instead of 3. But for these classifiers less variables are needed and
results can be more precise and faster.

The dataset’s column used for this machine learning algorithm are only “weather”, “slope”
and “humidity”, plus a label column which has been manually estimated in order to let the
learning process begin. Some words can be spent again on the homogeneity of the dataset
which looks quite simple in the following figures 6 and 7. Some differences within a

label is still present, like in figure 6 for the Label 3 (green) which looks divided in two far

groups.
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Figure 42: New euclidean feature distances
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Figure 43: New 3D feature distances

Learning parameters have been left identical from the previous test, using 80 percent
of the dataset for training (400 rows) and 20 percent for testing (100 rows). OBB error for
this learning process has been lower than 3 erpcent, and as a result the algorithm managed
to predict the 97 percent of correct results, zero percent has been predicted as a higher la-

bel and 3 percent as lower label.

Prediction Label 1 Label2 Label 3 Label 4
Predicted as “Label 17 20 1 0 0
Predicted as “Label 2” 0 34 1 0
Predicted as “Label 3” 0 0 13 1
Predicted as “Label 4” 0 0 0 30

Table 19: prediction results for external system resonance

Another set of 4 variables (activity, curvatures, speed and sequences) has been identi-
fied as responsible of internal resonance in the main function of the FRAM scheme. Even
for this case the same set of labels has been used and models to understand feature dis-

tances has been developed.
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Figure 44: Euclidean feature distance in tractor activity function
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Figure 45: 3D feature distance in tractor activity function

Figure 9 shows again homogeneity among features but figure 10 is less clear. From
this point of view the solution of splitting functional resonances in different algorithms
seems to pay off. The OBB for this training algorithm has generally been lower than 5

percent, giving 98 percent of correct results, while predicting a higher label in 2 percent
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of cases and a no lower labels (0 percent of the cases).

Prediction Label 1 Label2 Label3 Label4
Predicted as “Label 17 20 0 0 0
Predicted as “Label 2” 1 12 0 0
Predicted as “Label 3” 0 0 24 0
Predicted as “Label 4” 0 0 1 42

Table 20: prediction results on function’s internal resonance

7.4 How to enhance risk assessment with resonance analysis

Risk analysis could be more precise if it could benefit of resonance analysis. To do so, the
original dataset has been edited and two columns has been added (backvar for resonance
from background functions and intvar for resonance inside the target function). On that
database another random forest training algorithm has been tested, with the same parame-
ters that has been previously used (3000 trees with 3 nodes, on 80 percent of data leaving

the remaining 20 percent for validation tests). New mean decrease accuracy and mean

decrease Gini parameters has been calculated, as shown in figure 11.
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It is clear that internal resonance and external resonance provide additional infor-
mation which is vital for risk assessment, and figure 10 confirms it. Another check on

Euclidean distances and 3D distances on the dataset has also been done, in order to un-

derstand how it changed with the inclusion of two new columns.
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Figure 47: Euclidean distances including resonance
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Figure 48: 3D distances including resonance

Figures 12 and 13 show that the inclusion of two new columns representing internal
resonance and background resonance might lead at first sight to an increase of entropy. It
has to be kept in mind that such columns are based on the dataset itself, so they can only
give extra stability to the risk assessment classification. From random forest analysis, an
average OBB error of 4.5 percent has been obtained and results are shown in the follow-

ing table.
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o Label 1 Label 2 Label 3
Prediction
(low risk) (medium risk) (high risk)
Predicted as “Label 17 51 1 0
Predicted as “Label 2” 0 11 0
Predicted as “Label 3” 0 1 36

Table 21: risk classification based on data and resonance analysis

Classification showed an accuracy of 98 percent. Extra randomization or algorithm
tuning can produce slightly different results, but no more than 1 percent in reduced ac-
curacy. 1 percent of predictions labelled a medium risk entry as low risk, remaining 1
percent of predictions labelled another medium risk entry as high risk. Given the small
amount of “Label 2” values, the dataset has been utterly enhanced with the addition of
100 new entries for medium risk. A new random forest algorithm has been trained on this
dataset: OBB was nearly 3 percent (Label 1: 0,005; Label 2: 0,04; Label 3: 0,06). After
training with 480 entries (80 percent of the dataset) the algorithm has been tested with
remaining 20 percent of values (120 entries), obtaining an even greater reliability (close

to 99,2 percent) as shown in table 5.

o Label 1 Label 2 Label 3
Prediction
(low risk) (medium risk) (high risk)
Predicted as “Label 17 44 0 0
Predicted as “Label 2” 0 31 1
Predicted as “Label 3” 0 0 44

Table 22: risk classification for based on data and resonance analysis (600 rows)

The only mistaken prediction happened for a high-risk entry (Level 3) which has been
labelled as medium risk. The algorithm has improved thanks to the better-defined Label

2 entries, avoiding some mispredictions that has been made before.
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7.5 Conclusions

Functional resonance provides extra information about system’s safety since it can show
anomalies, hidden hazards and describe with more details what can be assessed as safe
or unsafe. The implementation of a machine learning algorithm on pure risk assessment
showed good results, but still with an important degree of uncertainty (correct predictions
= 96 percent; optimistic predictions = 2 percent; pessimistic predictions = 2 percent).
Additional machine learning algorithms on internal resonance and background resonance
has also been tried, producing very promising results which in some cases could lead to a
good prediction with no mistakes or could even be evaluated by hard-coding the classifi-
cation rules. Finally, an implementation of functional resonance inside the original dataset
used for risk classification performed better than the original risk assessment learning al-
gorithm, with extra accuracy and less misclassification (correct predictions = 98 percent;
optimistic predictions = 1 percent; pessimistic predictions = 1 percent). If the dataset
is homogeneous even better predictions can be achieved, as shown for the last dataset
made with additional rows (correct predictions = 99,2 percent; optimistic predictions =
0,8 percent; pessimistic predictions = O percent). Further enhancements can involve an
even bigger dataset with more additional entries, and an application on larger scale by

analysing various sources of resonance inside a complex system.
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7 Analysis of expected outcomes and practical solutions

7.1 Principles for performance-bases safety management

Finding every key instantiation in agricultural activities allows to develop a series of pos-
sible strategies that can be put into practice to prevent accidents in many different ways.
It is worth mentioning that since FRAM is based on resonance, negative outcomes must
be managed by identifying actions that can be put into place in every function that is
involved in the production of that resonance since there is not only one source and it is
rather produced by tight couplings inside the whole system.

Possible strategies include, for instance:

* Prevent safety-critical measures from being deactivated, bypassed or removed. In
case such actions are required, alternatives must be found to allow prevention or

protection devices to continue to be effective;

* Resonance can be diluted along the downstream functions that still have to start, so
it is not required to immediately stop working or solve the issues before passing the

input to the next function;

 Effects from background functions should be carefully analysed because, some-
times, negative impacts from them are inevitable and cannot be avoided (i.e. market

demand, market values, financial requirements, natural disasters, adverse weather).

These strategies can be included in management systems as a way to deal with unexpected
events in a resilient way. Activities could be classified and assessment can be made re-

garding the most resilient solution that can be put into place.

7.2 Tools for a competitive safety strategy in agricultural workplaces

Competitive safety strategy relies on the possibility to develop a fairly good safety man-
agement system designed to provide the safest possible working environment while max-
imising production. Loss prevention can be seen, in fact, also as production loss preven-
tion by reducing or eliminating downtime scenarios and by keeping all the workers fit to
perform their job without injuries or long-term effects of poor working conditions on their

working performances.
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First of all, based on the AECAT instantiation, cost analysis can be assessed for every
scenario. Accident scenarios also provide quantification of severity, so that comparisons
can be made. Another step would involve a forecast of how many days/activity cycles
will have to be performed under certain conditions, addressing them accordingly to the
efficiency, compliance, ALARP, thoroughness or any other previously identified working
mode. Great advantage can be generated by planning new work procedures which can
allow efficiency scenarios to be converted into compliance scenarios.

Given the opportunity of promoting an activity to a much safer working mode (i.e. ef-
fectiveness to compliance or compliance to ALARP, etc) additional improvements can be
found in moments of the activity which do not carry much concern about safety. This

would provide higher safety levels without great economic efforts.

7.3 Functions and strategies to dampen variability

Despite safety management tools can be a reliable source for managing variability and
avoid tight couplings among functions in activities, internal output variability still remains
a threat. In order to utterly improve safety at work in agriculture, a series of actions can
be put into place to dampen internal output variability or, at least, reduce those tight

couplings that might result in accidents. The actions can be listed as follows:

* Workers’ rotations in critical tasks, which allows to ensure that decisions that
need to be taken on the spot are made by workers that are not too tired or stressed.
During agricultural activities the workers, i.e. tractor drivers, have short time to
decide what to do in critical situations and even when it is not a matter of time
they still have to struggle to find the right thing to do among a lot of possibilities.
This clearly shows why it is not possible to speak of "human error" anymore, be-
cause the same mindset can lead to responses that avoid accidents or that provoke
accidents. At the same time dangerous approaches to tasks can also provoke no
accident at all, but yet take part in generating internal output variability and, as final
consequence, system resonance. Good ergonomics on machinery such as tractors

or self-propelled machines are also required in order to avoid too many rotations;

» Up-skill specialised personnel, since better trained and experienced workers can

both improve safety and production. Many times a well-organised training and
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safety information program at work also allows specialised workers to detect un-
expected or abnormal output variability or conditions in their tasks. This kind of
approach builds safety culture in the working environment and the possibility to
rely on workers that know what to do in case of emergency will eventually result in
influencing tasks as the presence of an utter layer of safety redundancy into place,

for both risk prevention and protection;

Forced checks of variables to reduce tight couplings. If certain upstream to
downstream coupling are known for being hazardous, the function must stop un-
til the abnormal output condition comes back to normal. Despite this kind of action
doesn’t really fit with an efficiency working mode, it can be considered as the ulti-
mate way to prevent accidents when no other solutions are available and something
must be done to avoid severe consequences to workers or, for preventing availabil-
ity losses, even to machinery and equipment. This is why a forced check to solve a
set of issues that might lead to accidents can be considered a valid effect even when
time is crucial. Additional actions might be required as well in order to eliminate
resonance in the system, so more functions might be needed to effectively carry

them out;

Creating space among functions or tasks in a function, by requiring a certain
amount of time to be spent in another task while waiting for better conditions to
carry out the function. It might even include pauses or any other activity which is
meant to eliminate or reduce the possibility of making bad decision under pressure,
and despite time can be critical in certain instantiations it is not a matter of wasting
it but rather investing it to save time later since anomalies will not rise anymore
and the probability of accidental stops or component failures in the activity will

certainly be lower;

Driver assistance tools, which can be meant to better perform a task but also keep
track of dangers as they arise. Such tools include obstacle avoidance systems or
any other system which, for example, tracks weather conditions and provides alerts
if adverse effects on the task are detected. Roll-over prevention devices can also
be named regarding tractors, based on curvatures, terrain slopes, speed and pro-

viding counter-measures even without driver’s intervention. These tools can fall
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under SAE (Society of Automotive Engineers) J3016 standard ("Taxonomy and
Definitions for Terms Related to Driving Automation Systems for On-Road Motor
Vehicles") on automation level 1 and 2, meaning that partial automation is included
as, for instance, emergency braking or adaptive steering and cruise control. This
example, even if it is taken from automotive industry, shows how simple it could
be to improve tractors’ safety by exploiting technological innovations regarding au-

tonomous vehicles;

SAE J3016™ LEVELS OF DRIVING AUTOMATION™

INTERNATIONAL. Learn more here: sae.org/standards/content/j3016_202104

Copyright © 2021 SAE International. The summary table may be freely copied and distributed AS-IS provided that SAE International is acknowledged as the source of the content.

SAE SAE SAE SAE SAE SAE
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Figure 49: SAE levels of driving automation

* GIS based controls, these tools can detect the safest pathways for a tractor or, in
case, generate warnings if tractors approaches an area with high slope percentages
or harsh soil conditions. This can be performed onboard by sensors with the aid of
GPS information or, instead, be elaborated on a separated server and provided to the
tractor: in that case a reliable source of information, such as geospatial referencing

systems, must be present and available without downtimes during the whole task
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with no interruptions;

* Accident prevention functions, that as already said can work as additional func-
tions of the activity as one of the tasks it is made of, with the aim of recovering
missing information, parameters, handling any increase of output variability and
provide dampening effects by turning keeping the activity on safe instantiations.
Such functions can include part of the actions already mentioned before, but they

must be put in series with workflow rather than working in parallel with other tasks.

More actions can be utterly identified, but the seven listed above can work as pillars for

additional tools.

7.4 Discussion

New methodologies that combine safety and production have been largely explored before
already, but they have mainly been related to quality, reliability and savings on production
losses. The heart of the approach showed in this thesis is making safety management
mandatory to increase productivity, taking various instantiations that describe an activity
as a way to increase the knowledge on how work is carried out in several different (and
critical) scenarios rather than just on paper (work as done vs. work as imagined).

The FRAM-based approach discussed in this research allowed to obtain a semiquan-
titative methodology for risk assessments in agriculture that can be integrated in quality
management systems and safety management systems. Since the original method was
qualitative-only and its instantiations only represented particular moments of an activ-
ity (i.e. accident events), the dynamics of performance variability could have only been
shown by listing upstream to downstream couplings and eventually provide information
regarding their resonance and effects. A detailed analysis of particular scenarios like work
carried out in an effective way, or only in ways recommended or permitted by laws and
regulations, or again by following ALARP principles or performing it in a thorough way
highlighted a series of parameters, functions, external variables and other aspects which
influenced the activity and were responsible of any switch among the identified work-
ing modes. This is why those four states of work as done can be integrated with extra
working modes in order to perfectly describe how every adjustments in performing the

activity can generate significant differences in its outcomes. The most critical aspects in
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practical applications of the farm relied in the aforementioned limit in qualitative analysis
only and in the need of continuously changing the way in which the activity could have
been represented in order to follow the workflow in an exact way. The first critical aspect
has been overcome and now semiquantitative outcomes can be produced, but the second
critical aspect still remained an issue for safety analysis purposes: the type of activities
that are present in agriculture, although, proved to be very linear and thus simplifications
have been possible so that the workflow in foreground functions doesn’t change at all.
This is a clear advantage and a comparison with many other working sectors would show
that the same methodology cannot be applied in every context. Agriculture and forestry
can be considered tractable contexts for a simplified method of task analysis and FRAM
instantiation analysis, so will do all the working environments that show linear activities
with few or no changes in how they can be carried out but show instead many possible
sources of output variability coming from background functions. Similar cases could be
found in the fishing sector, or in any other working environment which involve few ways
in which an activity can be executed and external variables that might affect it.

Since activities can be represented by main tasks that are always linked in the same way
in all the analysed instantiations, every change in their behaviour can be tracked from
start to finish, enabling a series of control procedures that can be run by checking sensors
and other data through specific algorithms. The possibility to constantly track any change
in significant variables which result in output variability allows to perform live control
on the activity and determine which instantiation is the most appropriate minute after
minute. The right instantiation will be chosen among those that have been predetermined
by analysing the context, this is why machine learning perfectly fits the role of working
mode classifier. As it has been shown in chapter 6, such algorithms like Random Forests
not only help with classifying instantiations but also identify which features (variables)
are the most responsible for label changes (switch among working mode). This is the
advantage that suggested, in the beginning, to exploit such algorithms for safety-related
classifications.

The presence of tools that can detect internal variability provides the possibility to include
specific actions meant to produce dampening effects on variability, as previously shown
in this chapter. These kind of solutions increase the possibility to identify dangerous con-

ditions which may arise from abnormal values in certain aspects of a function that are also
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non-critical at the same time and could not be detected by any safety device or specific
procedure.

Having a system which can directly manage its internal variability can improve the chance
of being resilient against external variability. External sources of variability can be identi-
fied as weather, environmental conditions, soil conditions, natural disasters but also other
types of pressure that an activity can suffer: it might be related to short time availability
as a small amount of time for too many tasks to complete or a deadline which might be
challenging to respect, or market demands and any other financial reason that imply that
an activity cannot be further postponed. All those possible sources of external variability
influence an activity’s tasks in a predictable way and, in some cases, in a well detectable
way: this is very important since those variables are often responsible of switching from

one way to carry out the activity to another.

7.5 Conclusions

Conclusions can be drawn regarding the possible expected and practical outcomes derived
from the application of the methodologies presented in this research. The most important

aspects are listed below:

* Dynamic assessments can now be generated, even if static assessments are still
needed for specific conditions like accident analysis. This can be made operational
by safety management tools but can also generate a new way of safety analysis
for agricultural machinery which must take into account external conditions as
paramount to any assessment that can be made on the usage of the machines as

it can be imagined;

» There is now the possibility to execute certain activities with a fairly good level of
safety even if compliance has not been satisfied. This is the key advantage to prove
that safety can increase productivity and will not show it down at all, and safety
analysis can serve as preliminary management tool capable to identify which tasks
are the most critical for getting the right outcome from an activity. It can be seen
as an enhanced reliability and availability analysis that takes into account farming

businesses’ necessities as well;
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* The creation of a Competitive Safety Strategy by performance-based analysis method-
ologies for decision makers can be a valuable resource for policy makers too, since
regulations might take in consideration to allow exceptions to minimum require-

ments if alternative and more feasible ways are available.

Improvements might be done in future on specific methodologies covered by this research
such as management tools or internal variability detection devices, while additional ideas
can be elaborated to refine the strategies for dealing with the most important instantiations
of an agricultural activity in order to be able to generate pure quantitative assessments as

well.
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APPENDIX A — National data trends for accidents at work in agriculture -
Severe injuries (non-fatal)

Wounds and superficial injuries
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Bone fractures
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Dislocations, sprains and strains
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Traumatic amputations (Loss of body parts)
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Concussion and internal injuries
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Bruns, scolds and frostbites
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Poisonings and infections
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Drowning and asphyxiation
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Effects of sound, vibration, and pressure

0010 0015

2005

0,000

001 002 003 004

000

020 025 030

000 005 0.0 015

Ge-e

o:04

i

0020

0010 0015

000 0005

BE 86 cz DK DE
] n N g n
o @ 3
e s 4 »
S 5 . \ N
& e 7 e S0
24 \ \ / . ~
vl 4 % o
o < N
e s §4 L
ER b4
5 LS 1
2 °le 2] >
! ! T 1 i T T ' T | - 3 T | ! T
2014 2018 2018 2012 2014 2018 2018 202 2014 2016 2018 2010 2012 2014 2018 2016 2010 2012 2014 2016 2018
EE IE EL Es FR
o o H 2 R o] . —*
1 £ \
g H A\ A P
5 4 7\ s o o
o g '8 &) s
b4 &1 f X \ 8 3 -
- \
g 1 / \/ \ . /| el
8 2 b % / H
s 21 \ s
g | / N g
g 1/ ¥ 5
g <7 / 2
g . . 8 lo—n—e—s—s
T T T T T - 2 T T T T 7 T T T T ~ S : T T T T
T 0 o4 aote 0% a0 o e a0 oo o 012 oo 0w o016 0 2 i gote o0
HR I 5% v LT
2 . 2 .
< . o =
2 | s 2
g o i
g 3 5
o 3 g
3 % o 3
s 3
g — 24 2 e—e—s—s—s—0o—s
T T T T T (2 T T d T T T T T El T T T T
o s s w2 e o w0 w2 e W 08 W e wu e 2 we w2 a4 a6 2
Lu HU Mt NL AT
. . e El .
i - g9 H
B © = b4
g o ]
1 g 34 °
e a4 24 .
8 a H
3 - 8 —e"
e—e| 8 24 S S-.
1 1 H i T T i T T 1 T g ' T ! T @ T ! T 1 T
2014 2016 2018 2012 2014 2018 2018 2010 202 2014 2016 2018 2010 2212 2014 2018 2016 2010 2012 2014 2016 2018
PL PT RO si SK
- 3 m 0 o 0 s
") e .
& g 3
g s °
H bE | 8-
7 . s g . . *
8 2 | g 8. e s
T T - < T T - & T : T T - 8 T T T s T T : T T
s e oo w2 e e oo a0 0w ao1e oot on o0 o w6 20m ECIE T R PR T )
SE Is NO cH UK
— 2 4 2 4 a4
| . 3 H H
g ER R 37
. 24 24 24
T T T T e T T T T T 3 T T T = ¥ T T T
o s 01 w2 wa e s w0 w6 W6 018 w0 w2 w1 Wi w2 a2 2



Effects of temperature extremes, light and radiation
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Multiple injuries
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