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Figure 12. Bow-tie for occupational accident first level analysis in the MDF process plant.

The analysis is carried out at the first level, highlighted in yellow on the graph. The observations
are made in the worst case taking the plant in general, which means that the observations are collected
on the one hand for the preventive barriers, the general safety barrier (SFisg) and the initiation causes
(ic) that collect all workers in one shift; and on the other hand, from each of the mitigative barriers.
SF1-SFy; and associated (ic) is the group in which the general passive and active protections are located
in each workplace of the plant; the SF2-SF,; and associated (ic) is the group in which the general
safety controls, fire extinction, alarms and the automated or manual shutdown of every workplace are
located, and the SF3-SF3; and associated (ic) is the group for the general emergency power, general fire
extinction systems and internal rescue actuations. The observations are made at 10 time intervals per
day, covering all shifts. Figure 13 shows three observed causes in intervals 4, 7 and 8.

Collecting observations is expected that can follow a Poisson, an Exponential or a Weibull
distributions, being the g(data/p) in Equation (1). And the statistical parameter p is corresponding to
the rate A or frequency of events and the prior f(p) can be defined as a gamma or a normal distribution.
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Interval 1 2 3 4 5 6 7 8 9 10
(ic’s) - - - 1 (ba) - - 11Sssc  1(FTS)
1 (ba) equipment failure affecting SF11; 1 ISusc job self control fail; 1 (pot) (FTS) failed test affecting SF3

Figure 13. Initiation causes (ic’s) and barrier fails collected at 10 intervals.
4.2.1. Poisson-Gamma Model

With a Poisson-gamma model the expression for f(p/data)ecg(data/p)-f (p) with parameter p = A is;

F(A/datayocg(data/A)f (A)ocA @+ 1e=ABNO = o (o 45,8 +NI) )

s= Zdﬂtu = Zyi 3)

Being Nt number of interval and s the sum of initiation causes (ic’s) and safety barriers incidences
as data y; in the corresponding time interval i. The values « and 3 are the parameters of the
gamma distribution.

A recurrent method with mean prior and equal to a desired value as a target, is applied. In this
case the target is for have zero accidents, then the parameters of the gamma prior are « = 3 = 0.001.
Working with +/=10post the posterior values are (Figure 14):

where;

Prior Posterior Observed --
Time alfa beta alfa beta lambda  lambda LCL MEAN UCL
interval
0 0.001 0.001 - - 0 0 - 0
1 0.001 0.001 0.001 1 0 0 0 0 0.032
2 0.001 1 0.001 2 0 0 0 0 0.016
3 0.001 2 0.001 3 0 0 0 0 0.011
4 0.001 3 1 4 0.25 0.25 0 0 0.25
5 1 4 1 5 0.20 0 0 0 0.20
6 1 5 1 6 0.17 0 0 0 0.17
7 1 6 2 7 0.29 0.33 0 0 0.20
8 2 7 3 8 0.38 1 0 0 0.22
9 3 8 3 9 0.33 0 0 0 0.19
10 3 9 3 10 0.30 0 0 0 0.17

Figure 14. Poisson-gamma model. Recurrent with mean prior method. Evolution of collected (ic’s)
and safety barrier fails in 10 intervals.

The following comments can be made for every interval.

Interval 1. With zero incidences, is, y; = [0] and posterior density for A; gam(a + s, p + Nt) =
gam(0.001, 1) with Apost = 0 and opost = 0.031.

Interval 2. Also with zero incidences, is, y; = [0] and posterior density for A; gam(a +s, f + Nt) =
gam(0.001, 2) with Apost = 0 and opost = 0.016.

Interval 3. With zero incidences, is, y; = [0] and posterior density for A; gam(a + s, p + Nt) =
gam(0.001, 3) with Apost = 0 and opost = 0.011.

Interval 4. With one incidence in one sensor affecting the SFy; safety barrier sub-function, is in
this case, y; = [1] and posterior density for A; gam(a + s, p + Nt) = gam(1, 4) with Apost = 0.25 and
0post = 0.25. Due to the no memory characteristic of the exponential, Poisson and Weibull distributions,
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the observed parameter value for 1 incidence in 4 time intervals is 0.25 that is coincident with the
posterior. The values are in the upper control limit (UCL).

Interval 5. With zero incidences, is, y; = [0] and posterior density for A; gam(a + s, p + Nt) =
gam(1, 5) with Apost = 0.20 and opost = 0.20. As a characteristic of the Bayesian inference, the posterior
distribution responds softening the reduction of parameter A from 0.25 to 0.20.

Interval 6. With zero incidences, is, y; = [0] posterior density for A; gam(a + s, p + Nt = gam(1, 6)
with Apest = 0.17 and opost = 0.17. The Bayesian inference also responds by softening the reduction of
parameter A from 0.20 to 0.17.

Interval 7. With one incidence affecting a job self control fail (JSC) in the hot pressing process, with
yi = [1] and posterior density for A; gam(a + s, B + Nt) = gam(2, 7) with Apost = 0.29 and opest = 0.20. The
observed parameter value for 1 incidence in 7 — 4 = 3 time intervals is 0.33 that is practically coincident
with the posterior. An out of limits is also displayed.

Interval 8. With one incidence affecting a failed test in the SF3 safety barrier, with, y; = [1] and
posterior densityfor A; gam(a + s, p + Nt = gam(3, 8) with Apost = 0.38 and opost = 0.22. The observed
parameter value for 1 incidence in 8 — 7 = 1 time intervals is 1. And also shows and out of limits.

Interval 9. With zero incidences, is, y; = [0] and posterior density for A; gam(a + s, p + Nt = gam(3, 9)
with Apost = 0.33 and opest = 0.19.

Interval 10. With zero incidences, is, y; = [0] and posterior density for A; gam(a + s, p + Nt =
gam(3, 10) with Apost = 0.30 and opest = 0.17.

Charts for intervals 4 and 7 for posterior and observed values are presented in Figures 15 and 16.

interval t=4 interval t=7

Interval Interval

05 1 15 2 25 3 35 4 45 5 55 1 2 3 ‘ 5 6 7 8

Figure 15. Poisson—-gamma model. Recurrent with mean prior method. Charts based on posterior
lambda evolution for intervals 4 and 7.

Parameter interval t=4 Parameter interval t=7
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Interval Interval

05 1 15 2 25 3 35 4 45 5 55 1 2 3 ‘ 5 6 7 B

Figure 16. Poisson—-gamma model. Recurrent with mean prior method. Charts based on observed
lambda evolution for intervals 4 and 7.
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4.2.2. Exponential-Gamma Model

With an exponential-gamma model the posterior expression f (p/data)ecg(data/p)-f (p) with parameter

p=A>Ais:

being « and p the parameters of the gamma distribution and  the observed time between causes.
The analysis also will be effectuated using a recurrent method with mean prior and equal to a
desired value as a target, being in this example changed to a less restrictive value of 1 accident in
20 time intervals and equal to 0.05, with gamma prior parameters « = 0.5 and 3 = 10. Working with
+/—10post and using the Metropolis-Hastings (MH) sampler, Figure 17 shows the collected values and

f(A/data))ocg(datalA)f (A)och® e MB+O

the (MH) sampling with acceptance rate (AR) 58% at interval 8 in Figure 18.

Time Lambda
interval prior
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Figure 17. Exponential-gamma model. Recurrent with mean prior method. Evolution of collected (ic’s)
and safety barrier fails in 10 intervals. Confidence interval (CI) [5%—95%]. Out of limits framed blue.
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Figure 18. Metropolis-Hastings. Interval 8. Sampling n = 4500, burn = 500; 10 cycles. Acceptance rate

(AR) = 58%.
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4.2.3. Weibull-Gamma Model

With a Weibull-gamma model the human fatigue is considered in the analysis and the posterior
expression for f(p/data)cg(data/p)-f (p) with parameter p = A is;

f(A/data))ocg(datajA)f(A) o« (A)“‘l-exp (=AB)-(M)-exp (—(AE)°) 5)

being a and (3 the parameters of the gamma distribution, ¢ the observed time between causes and c is
the fatigue parameter.

When c = 1 the failure rate function is constant being equivalent to an exponential-uniform
model. If ¢ > 1 the failure rate function is increasing. If 0 < ¢ < 1 the failure rate function is decreasing.
A conservative ¢ = 1.5 value can be adopted. With a value of 1 accident in 20 time intervals equal to
0.05 and working with +/=10p0st the Metropolis-Hastings sampler is applied. The Figure 19 shows the
collected values and the (MH) sampling with acceptance rate (AR) 63% at interval 8 in Figure 20.

Time Lambda Lambda Cl Observed _
interval prior posterior [5%-95%] lambda
0 0.046 - 0.045-0.047 0 - 0.05 -
1 0.046 - - 0 0.022 0.05 0.078
2 0.046 - - 0 0.022 0.05 0.078
3 0.046 - - 0 0.022 0.05 0.078
Z 0046 | 0134 [01300136| o025 | O 0.05 E
5 0.134 " - 0 0 0.05 0.133
6 0.134 - - 0 0 0.05 0.133
7 0.134 0,178 0.176-0.181 0.33 0 0.05 0.140
8 0.178 0,238 0.234-0.242 1 0 0.05 0.153
9 0.238 , . 0 0 0.05 0.153
10 0.238 - - 0 0 0.05 0.153

Figure 19. Weibull-gamma model. Recurrent with mean prior method. Evolution of collected (ic’s)
and safety barrier fails in 10 intervals. Confidence interval (CI) [5%-95%]. Out of limits framed blue.

350

T
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N

300 |

Post=0.238
ClI=[0.234 - 0.242]

250
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Parameter

" " i L 1 h

0 02 04 086 08 1 12 14 186 18 2

200

50

Figure 20. Metropolis—-Hastings. Interval 8. Sampling n = 4500, burn = 500; 10 cycles. AR = 63%.

The out of limits are presented in the same time intervals as the previous model. It should be
noted that the parameter p = A is modeled as a gamma distribution. The posterior distribution is
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also a Gamma distribution independently of the observations as Poisson, exponential or Weibull
functions. Another possibility is to apply a normal distribution for the approximation to the parameter
p characteristic.

4.2.4. Exponential-Normal Model

With the exponential-normal model the posterior expression f (p/data)ocg(data/p)-f (p) with parameter
p=A>Ais;

f(A/data))ocg(datalA)f (A)ochexp (=At)-1/o exp (—(x — N)?/20° (6)

being t the observed time between causes and x the evolution of the parameter value.

With the same 0.05 prior value and working with +/=10pest also in recurrent method with mean
prior, the collected values are presented in Figure 21, and in Figure 22 the (MH) sampling with
acceptance rate (AR) 56% at interval 4.

Time Lambda Lambda Cl Observed _
interval prior posterior [5%-95%] lambda
0 0.05 - - 0 - 0.05 -
1 0.05 - - 0 - 0.05 -
2 0.05 - - 0 - 0.05 -
3 0.05 - - 0 - 0.05 -
‘_4] 005 | o161 |o1590163| o025 | O 0.05 W—'
5 0.161 - - 0 0 0.05 0.114
6 0.161 - - 0 0 0.05 0.114
7 0.161 0.242 0.240-0.244 0.33 0 0.05 0.142
8 0.242 0.559 0.549-0.570 1 0 0.05 0.257
9 0.559 - - 0 0 0.05 0.257
10 0.559 - - 0 0 0.05 0.257

Figure 21. Exponential-normal model. Recurrent with mean prior method. Evolution of collected (ic’s)
and safety barrier fails in 10 intervals. Confidence interval (CI) [5%-95%]. Out of limits framed blue.

300

Counts

Post=0.161

280 | CI=[0.159 - 0.163]

200

Figure 22. Metropolis—-Hastings. Interval 4. Sampling n = 4500, burn = 500; 10 cycles. AR = 56%.
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This model also presents out of limits at intervals 4, 7 and 8. The posterior is a normal distribution.

4.2.5. Poisson—-Normal Model
In the Poisson—normal model the posterior expression f(p/data)ocg(data/p)-f (p) with parameter
p=A>Ais;

f(A/data))ocg(data/ A)-f (A)oc(Ay)"/n! exp (—Ay)-1/o exp (—(x — /\)2/202 (7)

Being y the observed data and x the evolution of the parameter value.

With the same 0.05 prior value and working with +/=10p0st in a recurrent method with mean prior,
the collected values are presented in Figure 23, and in Figure 24 the (MH) sampling with acceptance
rate (AR) 57% at interval 7.

Time Lambda Lambda Cl Observed _
interval prior posterior [5%-95%] lambda

0 0.05 - - 0 - 0.05 -

1 0.05 - 0 - 0.05 -

2 0.05 - - 0 - 0.05 -

3 0.05 - 0 - 0.05 -
:E 005 | o015 0152015 | o025 | 0O 0.05 0.127

5 0.154 - 0 0 0.05 0.127

6 0.154 - - 0 0 0.05 0.127

7 0.154 0.239 0.236-0.242 0.33 0 0.05 0.155

8 0.303 0.478 0.471-0.486 1 0 0.05 0.283

9 0.478 - - 0 0 0.05 0.283

10 0.478 - - 0 0 0.05 0.283

Figure 23. Poisson—normal model. Recurrent with mean prior method. Evolution of collected (ic’s)
and safety barrier fails in 10 intervals. Confidence interval (CI) [5%—95%]. Out of limits framed blue.
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Figure 24. Interval 7. Sampling n = 4500, burn = 500; 10 cycles. AR = 57%.
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This model also presents out of limits at intervals 4, 7 and 8. The posterior is a normal distribution.

4.2.6. Analysis of the Mitigative Safety Barriers Observing End States

If “0” is defined as a barrier is “correct” and active and “1” is in “fail” the possible end states are
defined in Figure 25. Where “000” means that the first, second and third barriers are active and the end
state is V1 = No injury; and the same logic applies to the rest.

Barriers situation End state Barriers situation End state

000 No injury (V4) 100 Minor (V2)
001 No injury (V1) 101 Minor (V2)
010 No injury (V1) 110 Serious (V3)
011 No injury (V1) 11 Fatality (Vs)

Figure 25. End states in function of the mitigative safety barriers situation.

A prior transition matrix is defined for the three safety barriers. Being p1; the probability for
the SF1 barrier to stay active in state 1; p1, the probability of transition from SF1 active to SF2 active
because SF1 has failed; p13 is the probability of transition from SF1 to SF3 because SF1 has failed and
also SF2 has failed, and so on. Additionally an emission matrix is defined to indicate the probabilities
that a barrier Sy, is active based on the observed end states (V; V, V3 Vy), Figure 26.

Vi v, v,

Py Pn Pi 08 0.15 0.05 ' 5, 08 0.1 005 005
Tran=| p, p, Py |=| 055 04 005 Emiss = S 04 02 02 02
02 04 04 2
Py Pn Ps

S, 03 04 02 0.1

Figure 26. Prior transition and emission matrices for mitigative safety barriers and end states.

The observations are made by creating a group of ten following a first in first out(FIFO) order.
Each new one is added to the group and the oldest one disappears. The observed sequence is
seqobs = [1111112311] indicating that in the six first observations times no injury has been sampled,
one minor injury in the seventh, one serious in the eighth, and no injury in the next two observations.
Performing a Baum-Welch algorithm, the posterior transition and emission matrices are obtained from
the observed data, Figure 27.

Vv, V, VY,

0.875 0 0.1250 . 1.0 0 0

Transobs = 1 0 0 Emisobs = 00 1 0
0o 1 0 8

0 1 0 O

S;
Figure 27. Posterior transition and emission matrices obtained from the observed sequence.

Also, the relative occupations at steady state, after an infinite number of transitions, are obtained,
being active SF1 = 80%, SF2 = 10% and SF3 = 10%. The number of visits or transitions to every state
into the 10 observations are presented in Figure 28.

Py P Pi 804 093 1.03
M10)=| p,, pn Py |=| 824 083 093
Py Pu P 744 173 083

Figure 28. Number of visits for the posterior transition matrix.
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It is important also to know what will be the next passage, in observations intervals, from the SF1
and SF2 safety barriers to the most critical SF3 barrier. In this case is m; = 8 and m, = 9, meaning that,
according to the observations, from SF1 a transition to SF3 can be produced in 8 intervals, and from
SF2 to SE3 in 9 intervals.

The posterior transition and emission matrices in Figure 27, can be the new prior in the next
sampling, in this case a minor injury (V;) has been observed; then seqobs = [1111123112] and a new
posterior for transition and emission matrices is obtained, Figure 29.

ViV, v,
075 0 025 1 0 0 0
Transobs = 1 0 O Emisobs =
0 0 1 O
1 0 2
s, 01 0 O

Figure 29. Posterior transition and emission matrices obtained from a new observation.

With occupations at steady state SF1 = 67%, SF2 = 17% and SF3 = 16%, the number of visits or
transitions are presented in Figure 30.

Pu Pn Pi 6.67 158 1.75
M(10)=| p, Pn Py |=| 700 142 158
Din D D5 633 225 142

Figure 30. Number of visits for the posterior transition matrix.

The next passage values for the third safety barrier are m; = 4 and m; = 5, meaning that from
SF1 a transition to SF3 can be produced in 4 intervals, and from SF2 to SF3 in 5 intervals. The values
are lower than the previous ones because the sampled observation has been for state V;, a minor

injury, which reduces the number of no injuries, state V; and makes the possible use of the third barrier
more critical.

4.2.7. Analysis of the End States Observing Mitigative Safety Barriers

The prior matrices are defined as the transition matrix for the four end sates and the emission
matrix indicating the probabilities to stay in an end state S, being: S; = No injury; S, = Minor injury;
S3 = Serious injury and S, = Fatality; in function of the observed three active mitigative barriers
(V1 V2 V3), Figure 31.

‘/l V2 V3

08 0.15 003 0.02 S, 07 02 0.1

e 98 O 0I5 005 Emiss=| S, 04 04 02
02 03 04 0.

015 04 04 005 S; 03 03 04

S, 02 02 06

Figure 31. Prior transition and emission matrices for end states and mitigative safety barriers.

The sampling is obtained by sequentially observing the barriers, if the first is active, then its value
is 1, if it fails and the second barrier is active, then the value is 2 and so on; a group of 10 observations is
also maintained. The sampled sequence of the safety barriers is seqobs = [1111112211]. The posterior
transition and emission matrices are presented on Figure 32.
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wwnh
0.875 0 0.0513 0.0737 S 1.0 0
1 0 0 0 ;
Transobs = Emisobs= S, 0 1 O
0 1 0 0
0o 1 0 0 s 0 1 0
s, 0 1 0

Figure 32. Posterior transition and emission matrices.

With occupations Vi = 80%, V, = 10%, V3 = 4% and V4 = 6%, and number of visits or transitions
presented in Figure 33.

Pu Pa Pu Pu 804 093 0423 0.607
M(10)= Py Px» Px Pu _ 824 0.83 0.3819 0.5481
Py Pxn Ps Pu 744 1.73 03408 0.4892

Dot Po Pos Pu 744 1.73 03408 04892

Figure 33. Number of visits for the posterior transition matrix.

Showing a high number of visits to the end state 1 in concordance to with their occupations.
The next passage values for the forth state, are m; = 15, m = 16 and m3 = 17. Making a new observation
and adding it to the group is seqobs = [1111122112]. The new posterior and emission matrices are
obtained if the steady state occupations are S; = 0%, Sp = 100%, S3 = 0% and Sy = 0%, indicating that in
a steady state a high commitment is obtained in the use of the safety barrier SF2, due to the increase in
the number of minor injuries corresponding to their associated final state S2.

The number of visits or transitions, are presented in Figure 34.

Pu Po Pu P 0.7001 59137 16875 1.6986
M(10)= P2 P Pyn Pu _ 0 10 0 0
Psy Pn Py Pu 0 93 0.7 0
Pu Pa Po Pu 0  7.6013 1.698 0.7001

Figure 34. Number of visits for the posterior transition matrix.

With next passage values for the fourth state; m; = 2, my = 482 and m3 = 484. There is a
correlation between the number of visits or transitions with the passage for the last barrier. In this
case, in 10 intervals the transition py4 shows low stability in the fourth end state (Fatality) with a value
paa = 0.7, and the transitions py4 = p34 = 0 are indicating that there is no transition to the fourth state
from the second and third and, therefore, it shows high passage intervals 482 and 484.

5. Discussion

The observations in which the risk parameter p is a frequency or ratio of risk causes requires the
use of models based on Poisson, exponential and Weibull distributions that are those that have been
used in this work. A recurring procedure has been used due to the characteristic of not having memory
of this type of distributions, and each time interval begins as if it were new. The application of the
gamma and normal distributions to characterize the risk parameter p is adequate when the variability
and possible values are well collected, within the range of positive numbers, which this parameter
can adopt.

The posterior distribution, because it is a reflection of the evolution of the prior, always takes the
same distribution function.

The use of a control chart first requires, in every situation, previous tests to adjust the control
limits. In this case the required accident rate value is very low. The control limits +/— 1sigma are
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restrictive in order to highlight the out of limits situation well in advance. Due to have a prior mean
with a lower value near “0” and short upper limits has been possible to share the observations and the
posterior mean with the same limit controls.

Despite the restrictive limits, the Poisson-gamma model showed just at the upper limit the first
observation with value 0.25. As a characteristic the Bayesian inference softens the evolution of the
statistical parameter based on the observations, for example, in the first observation at interval 4 with a
value of 0.25, the Poisson-gamma model presents also a 0.25, showing an internal difference of a 4.5%
into the group consisting of the exponential-gamma, exponential-normal and Poisson-normal but
with a 60% difference with the Poisson-gamma. In the second observation at interval 7 with a value of
0.33, the inference models take values for a Poisson—-gamma of 0.29, and the rest of models show an
internal difference of 30% and a 135% difference with the Poisson-gamma. In the last observation with
a value of 1, the Poisson—-gamma shows a value of 0.38 and the exponential-normal with a value of
0.559 and Poisson-Normal with a value of 0.478 follow better this change to with the rest of inference
models. At low changes the Poisson-gamma respond better and with important changes are better the
Exponential-Normal and Poisson—normal.

The Metropolis—-Hastings sampling has been done with a random simulation of 4500 values and
removing (burning) the first 500 to guarantee the stability of the process, with a repetition cycle of
10 times, determining the average value and confidence intervals to obtain the representative posterior
values. The resultant traces of the sampling processes also show a correct stochastic variability,
with acceptance rates (AR) oscillating between 48% to 68% being necessary conditions to obtain a
good sampling.

When initiation causes occur, at the same time information is being obtained on the status of the
process and the different jobs, forcing a continuous review of its operation; for example, in the interval
4 due to a fault in a sensor that affects the hot pressing section, located in the sub-function of the SF1
mitigating safety barrier, it is a situation that requires verifying the same type of sensors. The same
situation occurs when in the interval 7 there is a failure of self-control of work (JSC), then it is necessary
to analyze the procedures and sub-functions that affect the design of the work, the environment of the
operator, the characteristics of the operator, the interface of the system, procedures and information
and design that affect workplaces. The last cause occurs in a failed rescue simulation that affects the
SF3 safety barrier, which requires reviewing the performance of this procedure.

The hidden Markov chain procedure allows you to follow the situation of the mitigating barriers
and obtain a map of your activity. The action of mitigating barriers is critical because when an accident
occurs, they have to act with the highest probability that no failures will occur. However, it should be
borne in mind that the method is an estimate of reality from the observations made allowing a quick
view of which barrier is most used and likely to fail because it is showing high occupation. According to
the experience gathered in the application of the Baum-Welch algorithm, the determination of the new
transition and emission matrices from observations must have 10 values to obtain representative results.

If prior values for transition and emission matrices are not well known, the recurrent procedure
adjusts the subsequent values according to the observations.

Collecting observations for the Bayesian inference or for the application of the hidden Markov
chain can be carried out by the company’s own personnel, or by automated control systems, however
human failures, in general, must be collected on site by personal observation.

A control chart process could be established without the need to associate it with a Bayesian
inference; however, the objective of the new method, in addition to the graphic control of the evolution of
risk, allowing simultaneous and immediate corrective actions, is having, on the one hand, the objective
evaluation of a statistical parameter, which has been obtained from the observations that have been
made through a formal procedure, and on the other hand, being able to have a continuous map of the
functioning of the barriers of safety and the causes that affect the safety and health of workers.

The new method has strengths and weaknesses. The strong point is that the objective of the new
methodology is that it is easy to implement and use to quickly gain an idea of the overall risk status of
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the process and of the worker’s situation; at the same time this is a weakness since it alone cannot be
enough and must be complemented with other techniques. In addition, an important feature of the
new method is that it is based on dynamic risk methodologies which, with respect to the quantitative
risk analysis, allow the risk situation to be updated [87,126], and the weak points are based on the fact
that by itself it is not a substitute for other methods. New methodologies are emerging as the use of the
dynamic risk assessment and a decision-making trial and evaluation tool integrated into a Bayesian
network for assessing the situations of leakage accidents [127], or a new assessment methodology based
on the application of the FMECA including the economic valuation, [128] or the assessment of the
domino effect using a graphical network of events (PETRI-NET) tool for discrete event treatment [129]
or the general applications of the Bayesian networks and Petri-nets tools for risk assessment into the
manufacturing and process industries [130] or the new techniques for the identification and monitoring
of emerging risks over time [23,24]. These are new proposals that highlight the importance of risk
assessment and the supporting role that the new SRC methodology can provide.

Future work is extensive, in a specific scenario the analysis can be carried out considering the
entire industrial manufacturing process as a whole or analyzing more detailed areas. A sensitivity
analysis can also be carried out determining which initiation causes (ic’s) or failures in safety barriers
are more common and which areas within an industrial process have more incidence of risk.

6. Conclusions

From the review of existing methodologies, the dynamic methodologies are adapted to the need
to have immediacy in the information. The new methodology (SRC) applies the characteristics of
this group.

The bow-tie, which is an important element of the new methodology, was first generated by
establishing a framework for the general treatment of risks, followed by adaptation to occupational
accidents, which is applied without major changes in the treatment of the manufacturing plant case.

The content of the initiation causes (ic’s) and safety barriers have been defined and applied in the
analysis of a occupational accidents in a plant for obtaining laminated paper and wood producing
medium-density fiber (MDF) boards with melamine. The inference procedures applied in this case
cover data observations belonging to Poisson, exponential and Weibull distributions and considering
the risk statistical parameter under the evolution of gamma and normal distributions, showing that
they are suitable for this type of analysis.

The application of the hidden Markov chain for the analysis of reactive safety barriers provides
control for these types of barriers, since they are critical in their operation or failure in the event of
an accident. The application of the hidden Markov chain for the analysis of reactive safety barriers
provides control for these types of barriers, since they are critical in their operation or failure in the
event of an accident. The tool, in its application to the case of the manufacturing plant, is suitable for
obtaining information from the state of the different barriers or the situation of the different final states.

In conclusion, the SRC method is a formal method that allows us to meet the three characteristics
of prevention, simultaneity and immediacy. It is applicable to the assessment of occupational hazards
in different industrial and manufacturing scenarios, and offers an overview of the risk status in the
simplest way possible and at the same time it is reliable, in accordance with the established control
limits and providing warning in advance to be able to prevent risk.

This work can point towards future research actions considering its application in different types
of industries and in project management, analyzing how it can complement other methodological tools.
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