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Abstract

Design usage spectra for fatigue evaluation contain occurrences per hour of each maneuver but no sequential
order is imposed. However, when applying fatigue cycle counting methodologies (such as rainflow) associated
to Maneuver-to-Maneuver (MTM) spectrum, the order of maneuvers has a preponderant influence. To define
a sequential order, mission scenarios based on operator’s usage may not cover all possible flight operations
and may not be in line with design spectrums found in certification guidance materials. On the other hand,
sequences maximizing load amplitude (and then, fatigue damage) may be physically unrealistic and too
penalizing. This paper proposes the use of Ant Colony Optimization (a metaheuristics-based algorithm) on a
MTM spectrum to generate sequences respecting simultaneously the constraints of occurrence (given by the
spectrum) and physical realism (given by maneuver pairwise chaining rules).

1. NOTATION
Symbols
D distance matrix
P pheromone matrix
Nants number of ants
Npest number ants updating pheromones
Niter Number of iterations
a distance emphasizing factor
B pheromones emphasizing factor
é decay rate
Acronyms:
ACO Ant Colony Optimization
DUS Design Usage Spectrum
LCF Low Cycle Fatigue
GAG Ground-Air-Ground
MG Material Guidance
MTM Maneuver-To-Maneuver
TSP Traveling Salesman Problem

2. INTRODUCTION

Low cycle fatigue is one of the most contributing fac-
tors in helicopter mechanical part sizing. It consists in
addressing the fatigue damage linked to high load
amplitudes sustained during flight and due to the se-
guence of flight maneuvers. These fatigue cycles are
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traditionally reduced to GAG cycles as they generally
cover the MTM cycles. However, advances in the field
of mechanical parts fatigue evaluation, optimization of
designs and emergence of Condition Based Mainte-
nance concepts make the fatigue evaluation of MTM
cycles increasingly important (Ref. 1.).

MTM fatigue computation is generally done thanks to
a design usage spectrum (DUS) such as the one pro-
posed in Ref. 2. It provides a set of maneuvers and
associated occurrences (number per hour) but does
not impose any fatigue evaluation method. It is up to
the rotorcraft manufacturer to propose an exploitation
method and submit it to the regulation authorities for
approval. For each maneuver, a load evaluation is
performed either through simulation or test. To deter-
mine a LCF fatigue damage from this load spectrum,
one well-known way is to perform a fatigue cycle
counting with the rainflow methodology such as de-
scribed in Ref. 3. and Ref. 4. Rainflow cycle counting
consists in extracting each closed loading reversals
from a load history. LCF load histories can be seen
as sequences of peaks and valleys (non-reversal
points are removed prior to the rainflow cycle count-
ing). The total fatigue damage can be obtained using
Miner’s rule for each rainflow cycle.

part of their paper. The authors confirm that they give per-
mission, or have obtained permission from the copyright
holder of this paper, for the publication and distribution of
this paper as part of the ERF proceedings or as individual
offprints from the proceedings and for inclusion in a freely
accessible web-based repository.



load

Rainflow cycles
B

OITI®O0

E
E
A

time

Figure 1: Rainflow fatigue cycle counting methodol-
ogy illustration

However, the rainflow cycle counting methodology is
history dependent, meaning that the total damage as-
sociated to a set of cycles depends on the sequential
order of the maneuvers.
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Figure 2: Two different histories from same maneu-
vers and occurrence spectrum

The fatigue spectrum from Ref. 2. does not provide
any guidance in the sequencing of the recommended
spectrum, therefore, a method for ordering the DUS
must be defined when using the rainflow methodol-

ogy.
3. SPECTRUM OPTIMIZATION
3.1. Traditional solutions

Several methods are appropriate to build load se-
guences for this purpose. One way is to define flight
scenarios inspired from real operator usage. The

main issue with this method is its unadaptability to de-
termine scenarios covering all possible usages made
by the operators. It is possible to build one scenario
per mission type (oil and gas, emergency medical
services, search and rescue etc.) but it is very difficult
to ensure that operators remain in their associated
scenario without a periodic and thorough verification
of their usage. The case of multi-purpose rotorcrafts
also addresses the problem of combining different
scenarios in appropriate proportions.

Another way is to ignore the maneuvers and only con-
sider loads. It is then possible to calculate the load
sequence that maximizes load amplitudes, thus, max-
imizing the damage calculated by the rainflow
method. This can be done by combining the maxi-
mum loads in decreasing order with the minimum
loads in increasing order and distribute the occur-
rences to match the spectrum. This method is simple
but also very conservative as it produces the most pe-
nalizing sequence in terms of loads. The obtained se-
guence, when translated in terms of maneuvers has
no physical realism as it chains maneuvers that could
not been always physically chained.

The challenge here is is to get a middle ground be-
tween a severe but unrealistic sequencing and the
real flight histories performed by the operator. Ro-
torcraft manufacturers must also be able to ensure
that the fatigue safe life limits cover the damage that
any operator might have during its operations.

This paper proposes a methodology of MTM se-
guencing aiming at chaining the maneuvers in a phys-
ically realistic way, while fitting to the DUS occur-
rences.

3.2. Toward sequence optimization

The DUS can be seen as a “bag” of maneuvers that
has to occur in a flight history representing thousands
of flight hours. By extending the occurrences to suffi-
cient flight hours, each occurrence can be trans-
formed to an integer. Basically, a maneuver with an
occurrence of 0.01 per hour needs an history of at
least 100 hours to happen. The number of hours nec-
essary to get each maneuver at least once depends
on the lowest occurrence of the spectrum.

The problem is then to determine physically realistic
histories that contain each and every maneuver from
the spectrum at the specified occurrence. To do so,
one must first define rules of sequencing for each



couple of maneuvers. This can be done with a pair-
wise chaining rules matrix giving the information:
“‘what maneuvers can follow what maneuver”.

Building maneuver chaining rules is rather peremp-
tory as long as it is kept simple and obvious. One
would easily agree to the fact that a take-off can be
followed by a hover or a climb but not by a taxiing (a
landing must occur first). By keeping these rules at
this level, the number of possible sequences remains
huge whereas all the flights performed by actual op-
erator are necessarily contained in the space of pos-
sible. A too detailed matrix would also make its vali-
dation more difficult.

Can be followed by
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Figure 3: Extract of maneuver pairwise chaining
rules matrix (chaining: 1 = possible, 0 = impossible)

A simple example of a DUS is given in Table 1 for the
sake of illustration. In this example, each maneuver
has an occurrence allowing it to appear in a flight his-
tory of 10 flight hours. A simple pairwise chaining
rules matrix is joined on the spectrum to define the
next possible maneuvers associated to each line.

Maneuver Occurrence Next possible

for10 h maneuvers

G 5 G,D

D 2 HF T A

H 3 HFTA

F 3 HFT

T 2 F,T

A 2 G,D

Table 1: Simple example of a design usage spec-
trum with pairwise chaining rules

Having this construct in mind, it is possible to design
the problem as a navigation through node to node into

a directed cyclic graph with 2 constraints: 1) all the
nodes shall be visited the exact number of times
specified by the occurrence, 2) the navigation shall
respect the directions provided by the arrows.

* Number of allowable visits

Figure 4: Example of a directed cyclic graph from
Table 1 data

Depending on the number of nodes and the pairwise
chaining rules, it is not always possible to find solu-
tions that respects both constraints. Choice has been
made to preserve the DUS occurrences at the ex-
pense of pairwise chaining rules in case no solution
exists.

Solving this problem can be done with dynamic pro-
gramming using a deterministic algorithm as long as
the number of nodes remains small. However, the
simple example from Figure 4. has already 2400
unique solutions. One can easily demonstrate that
this problem is a variant of the so called “travelling
salesman problem” (TSP) and as so, is NP-hard (it
cannot be solved exactly in polynomial time). Given a
collection of cities and the pairwise distance between
them, the TSP aims at finding the shortest way of vis-
iting all of the cities and returning to the starting point
(Ref. 5.). The complexity to solve this problem by
brute force is O(n!) as there are (n-1)! alternative
routes. There is no algorithm to this day that is capa-
ble of exactly solving it in a polynomial time for large
values of n.

3.3. Ant colony optimization

Heuristic methods exist to find efficient solutions to
the TSP such as greedy method, genetic algorithm or
swarm intelligence (Ref. 6. and Ref. 7.). Swarm intel-
ligence combines optimization techniques based on
the collective behavior of decentralized, self-orga-
nized systems using multiple agents able to interact
with each other and with their environment. One of its
numerous derivatives is called Ant Colony Optimiza-


https://en.wikipedia.org/wiki/Collective_behavior
https://en.wikipedia.org/wiki/Decentralization
https://en.wikipedia.org/wiki/Self-organization
https://en.wikipedia.org/wiki/Self-organization

tion (ACO) (Ref. 8. and Ref. 9.). ACO is a metaheu-
ristics algorithm in which a colony of artificial ants co-
operate in finding good solutions to difficult discrete
optimization problems. ACO is inspired by the forag-
ing behavior of ant colonies that travel from their nest
to a food source and deposit pheromones on their
way to guide other ants. In ACO, simple agents (arti-
ficial ants) interact with the environment and update it
to influence the way other agents will behave. Good
solutions result by this indirect communication be-
tween agents mediated by the environment.

1 Nest 2 Nest 3 Nest

Food source

Food source

Food source

Exploration Optimisation Convergence

Figure 5: Ant colony optimization illustration

Many variants of this algorithm exist. The simple im-
plementation of ACO described in the following lines
represents a good trade-off between solution effi-
ciency and required computing power.

The input of ACO is a distance matrix representing,
for each couple of nodes, the distance between them.
In the present problem, the distance matrix D is a M
X M asymmetrical matrix with M, the number of ma-
neuvers to distribute. Each node corresponds to a
maneuver and the distance to every other node de-
pends on the pairwise chaining rules. Unrealistic se-
guencing is characterized by “long” distances and re-
alistic sequencing is characterized by “short” dis-
tances. D is then asymmetrical as some pairwise se-
guencing is not possible in both directions (taxiing can
be followed directly by a take-off but a take-off cannot
be followed directly by a taxiing). The short distances
between nodes with realistic pairwise chaining can be
set in different manners, for instance, inversely pro-
portional to the load amplitude associated to the
chaining of two maneuvers (maximizing the fatigue
damage).

A pheromone matrix P is instantiated, containing ini-
tially equal values inversely proportional to the dis-
tance between nodes.

_ 1
distance;

Q) pheromoneedgei

Starting from a specified node, n,,; artificial ants
(class-based entity) travel through all the nodes until
all the graph is visited. Each ant can store each vis-
ited node into a memory (stack type) to avoid visiting
a node more times than allowed and remember the
path. After all the nodes have been visited by each
ant, the n,,; ants (meaning those who discovered the
best paths) deposit pheromones on the path they
have travelled. P is then updated by adding new pher-
omones to the existing ones, still according to equa-
tion (1).

On their way forward, each ant has a stochastic node
selection policy to make decisions on which node to
go next. This policy is based on the distance to the
next node and the quantity of pheromones deposited
on the edge between current node and next node.

[z |

(2 Score(node;) = pheromone;

The role « of is to control the concentration of phero-
mones deposited by the ants at each iteration. The
role of f is to emphasize the attractiveness of next
nodes. If the concentration of pheromones is very low
(a close to 0), only closest nodes are likely to be se-
lected which makes the algorithm equivalent to a
classic stochastic greedy algorithm. On the other
hand, too high attractiveness of nodes due to phero-
mones will increase the probability of a stagnation sit-
uation.

A weight is calculated as the ratio between the score
of next possible nodes and the sum of all available
scores.

3) W (node;) = Score (node;)/Y.; Score(node;)

The effective choosing of the next node to visit is cal-
culated using a random proportional rule weighted by
the score calculated previously. The higher is the
weight, the higher is the probability for the node to be
chosen. This random rule ensures that nodes with a
low score could still be chosen but with a low proba-
bility. Increasing the number of ants of one generation
improves the exploration rate of the graph.



After P has been updated, a decay factor § is applied
to all edges. Letting pheromones decay avoids old
pheromones to confuse next generations of ants. Non
optimal paths on which pheromones have been ap-
plied by ants of first generations will eventually vanish
as the decay rate is applied and no new ants travel
through that path.

Ants of the current generation are then discarded and
another generation of ants is initialized. This routine
runs during n;., generations or when no progress
has been made since a specified number of iterations
(early stopping). The iterative updating of P leads to
the emergence of the best discovered paths.

Pheromone weight

Best path

Figure 6: Pheromone matrix evolution on a simple
case

The power of ACO algorithm lies in the local interac-
tions between each independent agent and its envi-
ronment. Although each agent is a simple entity with
only basic characteristics (memory of the path, node
selection policy and updating of environment), the al-
gorithm is capable a complex optimization, only due
to the multitude of agents involved.

A possible procedure in pseudo-code is given in Ta-
ble 2. While several implementations exist, the one
presented in the present paper has the advantage of
being simple and efficient.

Table 2: Pseudo code for Ant Colony Optimization
algorithm

Algorithm: Ant Colony Optimization

1: Procedure ACO(D,n_ants,n_best,n_iter,a,3,0)

2: Initialize pheromone matrix P

3: While iteration < n_iter do

4: Create new ants generation of n_ants

5: For each antdo

6: Initialize visited node set

7: Position ant at start node

8: While not all nodes are visited do

9: Move ant to chosen to node based on
P, a, B (equations 2 and 3)

10: Add node to visited node set

11: End while

12: Save path and total distance

13: End for

14: For each n_best saved path do

15: Update P based on D (equation 1)

16: End for

17: Decay pheromons based on &

18: End While

19: Return path list

20: End-procedure

In the present approach, the ACO implementation dif-
fers from a classical TSP on several points. First, the
distance matrix in input is asymmetrical (the distance
from A to B is not equal to the distance from B to A).
Secondly, the nodes have to be visited a specific
number of times (depending on the occurrence of the
maneuver). Due to the high flexibility of the ACO al-
gorithm, these adjustments can be implemented with-
out degrading the algorithm performances.

3.4. Hyper-parameters tunning

In order to get the best performances from the algo-
rithm some hyper-parameters can be tuned. The
number of ants n,,;; should be maximized in order to
have the highest exploration rate but at a cost of in-
creasing computational power required and time. The
key parameters to tune are a,  and §. A grid search
has been conducted on several representative but re-
duced distance matrix (randomly generated) with a
set of hyper-parameter values. The grid search score
is a min-max scaling of the best distance path found
by the algorithm (best = 1, worst = 0).
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Figure 7: Extract of grid search best results for ACO
hyper-parameters tuning

The grid search results for best optimization in the
present definition of the problem are a = 1, § = 1.9
and 6§ = 0.5. This setting is close to the optimal one
presented in Ref. 8.

4. TEST CASES
4.1. Distance matrix build

There are several ways to define the initial distance
matrix which will lead to different kind of solutions.
The simplest way is to define only two different dis-
tances, a small one for realistic connections and a
high one for unrealistic connections. The gap be-
tween those two distances has to be significative to
avoid misdirection of ants during the node selection
steps. The ACO will then produce a large amount of
flight sequences (depending on the number of ants)
both physically realistic and respecting the DUS oc-
currences. However, when using a permissive pair-
wise chaining rule matrix on a high number of occur-
rences, the dispersion will be tremendous and the
number of iterations required to cover the field of pos-
sibilities becomes huge.

Another way is to calculate distances according to the
fatigue damage each pairwise chaining would pro-
duce. One way is to define the distances proportion-
ally to the load amplitude.

1
max(loady,loadg)—min (loady,loadg)

(4) dap =

The lower the distance, the higher is the load ampli-
tude generated by chaining node A to node B. The
ACO can then find sequences among the most dam-
aging ones, both physically realistic and respecting

the DUS occurrences. As ACO is a meta-heuristic al-
gorithm, there is no guarantee that it will find exactly
the most damaging sequence (the probability de-
creases drastically with the number of possible solu-
tions). However, it is almost certain that the solutions
found by ACO (when correctly tuned) are among the
best possible. Physically realistic sequences gener-
ated with ACO (with amplitude maximizing) generally
produce less fatigue damage than sequences maxim-
izing amplitude without account of sequencing rules.
On the other hand, the ACO generated flight se-
guence damage per hour remains higher than the one
seen by real operators (provided that the DUS is se-
vere compared to real operator usage).

4.2. ACO sequences interpretation

When all sequences have been generated (depend-
ing on number of ants and number of iterations), it is
possible to translate each sequence in terms of load
history (having a correspondence between each ma-
neuver and its corresponding load). After running a
rainflow counting cycle routine, a fatigue damage can
be calculated for each sequence. It is then possible
to compute the distribution of damages per hour as-
sociated to the DUS and respecting a physical real-
ism.

In order to asses the benefits of this methodology,
one must demonstrate that the damages per hour ob-
tained thanks to ACO are lower than the one obtained
with the load maximizing approach (most penalizing
but unrealistic sequence). It also necessary to show
that this method generates sequences covering the
actual usage of the operators.

4.3. Application cases

An application case on an actual H175 helicopter
drive system part has been performed. The DUS that
has been used derives from the twin turbine usage
spectrum given in Ref. 2. The loads for each maneu-
ver are those measured on an actual part during flight
tests.

In the end, three fatigue damages per hour were cal-
culated. 1) fatigue damage from sequences gener-
ated by ACO, 2) fatigue damage of the most penaliz-
ing sequence without taking into account of physical
realism, 3) real fatigue damage estimated from in-ser-
vice flight data. For the latter, a flight regime recogni-
tion algorithm was run on a large sample of flight re-
cordings for H175 fleet. The loads have been mapped
on the recognized maneuvers. Fatigue damage has



been calculated using rainflow cycle counting rational
with a representative fatigue curve.

Figure 8 shows the layout of the fatigue damage per
hours distribution evaluated with the three previously
describe methodologies.
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Figure 8: Distribution of damage per hour comparing
actual fleet, ACO generated sequences and most
penalizing unrealistic sequence

On this test case, the ACO sequences generate an
average fatigue damage per hour 68% lower than the
most penalizing unrealistic sequence. It is, on the
other hand, 20 times higher than average estimated
fleet damage. The less damaging ACO sequence
generates a damage per hour 3 times higher than the
most penalizing in-service flight recorded.

5. CONCLUSIONS

1. ACO provides a simple and quick optimiza-
tion method to generate flight sequences
both respecting a given occurrence spectrum
and a physical realism.

2. This technigue may help generating MTM se-
guences having a good trade-off between
fixed scenarios (always challengeable and
not covering all possible usage from the op-
erators) and amplitude maximizing histories
(physically unrealistic and too penalizing).

3. Test case shows that the ACO generated se-
guences remain conservative compared to
real operator usage while providing substan-
tial gains.

4. This kind of multi-agent metaheuristic tech-
nigue is also adaptable to solve other optimi-
zation problems.
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