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Abstract. Control systems are experienced in everyday life and provide optimization for several tools and systems that
human beings rely on. In some cases, the usage of controllers in dynamic systems directly aims at their applicability and
safety increment, hence their proper functioning is directly linked to the appropriate target plant modeling. Considering
these points and the different possibilities of damage that dynamic systems can suffer due to the nature of their operation,
the need for monitoring the structural health of these systems, which may have their physical characteristics modified, is
validated. A commonly used technique for this purpose is Structural Health Monitoring (SHM), which is a data-driven
system that can help detect failures, therefore allowing appropriate action arising from an early prognosis. Since it’s
based on the detection of patterns, a suitable tool used for this purpose is the so-called Artificial Immune System (AIS)
which, compared to the Natural Immune System (NIS), is based on the differentiation between self and non-self agents
for the classification of signals. In this paper, we propose the application of a SHM system, with AIS as a pattern
recognition tool applied to a Rotary Inverted Pendulum (RIP) as a reference model for damage detection in controlled
dynamic systems. Since this mechanical system is naturally unstable, its operation is directly dependent on the existence
of a controller, which must be able to guarantee its stability and the desired dynamic behavior, such as variable reference
tracking. The approach taken uses the some of the controller state variables as the data for monitoring and classifying
operational conditions. The proposed technique applied to the analysis of four different structural state conditions, with
the combination of multiple sensor data, came in a damage detection rate of 99.07%, and a full classification capability.

Keywords: Structural health monitoring, Artificial immune systems, Controlled systems, Damage detection, Dynamic
mechanical systems.

1. INTRODUCTION

Control theory consists in the implementation of autonomous dynamic systems (Dorf and Bishop, 2017). Since the
1930s, advancements in frequency response methods have facilitated the practical design of controllers that meet desired
specifications. Alongside advancements in computational capabilities, control systems have gained widespread usage
in both industrial and everyday applications (Franklin et al., 2010). To ensure effective response within a broad range
of operating states, control systems rely on a consistent model that accurately represents their dynamics, enabling the
implementation of optimal control laws (Ogata, 2010).

This paper focuses on the Rotary Inverted Pendulum (RIP) as a benchmark model for detecting damage in controlled
dynamic systems. Within this context, damage refers to any type of anomaly that can impact the overall performance
of the system. According to Frank (1990), three types of damage can occur in dynamic systems: component damage
(CD), which involves the failure of a mechanical part within the system; actuator damage (AD), which occurs due to the
failure of the actuator assembly in a mechanical system, such as motors; and instrument damage (ID), which arises when
monitoring sensors fail to collect data. The presence of damage is expected to alter properties such as stiffness, mass, or
energy dissipation modes (Sohn, 2007). Consequently, monitoring the health of the system can proactively anticipate the
occurrence of undesired behaviors that may compromise productivity, functionality, and even safety (Isermann, 2006).

Structural Health Monitoring (SHM) encompasses a well-defined set of processes aimed at implementing a damage
identification strategy in engineering infrastructures. The strategy can be summarized in four steps: operational evaluation,
data acquisition, feature extraction, and statistical modeling for feature classification. In essence, data series are obtained
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during different operating conditions of a system and must be processed by mathematical tools capable of indicating their
patterns. Once the healthy condition (baseline) is known, a statistical analysis is performed to determine which data differ
from it, being classified as damage. (Farrar and Worden, 2007; Figueiredo et al., 2009; Tokognon et al., 2017)

The mathematical tool employed in this paper for data processing is a specific type of algorithm known as an Artificial
Immune System (AIS). AIS refers to a collection of algorithms that emulate the operational principles of the Natural
Immune System (NIS), primarily employed for pattern recognition, classification, and data clustering. Within the AIS
framework, algorithms are classified based on the replication of NIS concepts. The algorithm implemented in this study is
based on the Negative Selection (NS) mechanism observed in the classical view of NIS, which enables the discrimination
between self and non-self agents. (Engelbrecht, 2007; Talbi, 2009; Almeida, 2022)

In certain instances, traditional methods for damage detection in dynamic systems, such as ultrasonic inspection, X-
rays, and acoustic emission testing, may not be feasible. In such cases, modal and/or temporal analyses are employed
as alternative approaches, which are well-established methods. However, these analyses entail significant additional
costs due to the requirement for specialized equipment, software utilization, and the involvement of expert professionals.
Consequently, there is a motivation for Structural Health Monitoring (SHM) methods to generate analysis outcomes based
on alternative techniques. (Farrar and Worden, 2012; Almeida et al., 2022)

This article presents the implementation of intelligent damage monitoring in closed-loop control structures, utilizing
existing controller data for analysis. By utilizing angular displacements collected for control purposes, the opportunity
for damage monitoring arises without the need for additional hardware complexity. Under various operating conditions,
including healthy and simulated CD and AD, data is collected while the pendulum remains in its vertical position and its
rotary arm follows a square wave pattern. The collected data is then used to train the AIS algorithm to recognize proper
signals and determine the presence of damage. Additionally, a second scenario is created to test and categorize random
signals based on their similarity to the existing database of known operating conditions.

The remainder of this study is organized as follows. Section 2.presents the mathematical modeling of the physical
system and develops the controller used. Section 3.provides the complete development of the SHM system, with details
of the experimental execution, AIS algorithm and results discussion. Finally, Section 4.presents the main conclusions of
this paper.

2. ROTARY INVERTED PENDULUM MODELING AND CONTROL

The RIP is an electromechanical system composed of a pendulum, a rotary arm, an electric motor and two incremental
encoders for angular displacement data acquisition. Only the rotary arm is actuated and it moves in order to keep the
pendulum in its upward vertical position. Due to its underactuated nature, inherent instability, and nonlinear dynamics,
the RIP requires the implementation of a controller to ensure its proper functioning. (Yang et al., 2009)

Figure 1 shows the schematic representation of the system, with indications of variables and their directions and
senses. The variables θ and α are positive in the counterclockwise (CCW) direction and represent the angle between
the rotary arm and the x0 axis and the angle between the pendulum and an axis parallel to z0 that follows the point M,
respectively. The Lr represents the arm length, Jr its moment of inertia, Lp represents the pendulum length, mp its mass
and Jp its moment of inertia in respect to its gravity center. The origin is represented by O, M represents the point where
the pendulum shaft bearing is and GC is the pendulum gravity center.

The differential equations that govern the system’s motion are obtained through the Euler–Lagrange equations as
demonstrated by Rao (2009). They are represented by:
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Where θ̇, θ̈ are rotary arm angular velocity and angular acceleration, respectively. The terms α̇, α̈ are pendulum
angular velocity and angular acceleration, respectively. The terms τm, Br and Bp come from non-conservative effects
and refer to the torque applied to the rotary arm by the motor, the damping terms of the bearing shafts of the rotary arm
and pendulum, respectively. And g is the gravity constant.

The system model is used for the development of a Full State Feedback (FSF) controller. This system can be rep-
resented in state-space form when linearized, according to Machado (2007) for equilibrium points such as the upward
position, which is the case of this application, linearization can be done by applying Taylor series up to the first order to
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Figure 1: RIP schematic representation and variable conventions.

the Eq. (1), considering all the initial terms null, it can be rewritten in its linear form as:
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In the control process, the torque τm, present in the Eq. (2), is modified by varying the voltage applied to the motor. It
can be replaced by:

τm = AmVm −Bmθ̇ (3)

Where Vm represents the voltage applied to the motor, Am and Bm represent the motor constant gain and the motor
damping due to dissipative effects, respectively. Its state, represented by x, is defined as:

xT =
[
x1 x2 x3 x4

]
=

[
θ α θ̇ α̇

]
(4)

Where x1, x2, x3 e x4 are alias terms for θ, α, θ̇ and α̇, respectively. Its derivative, represented by ẋ, is given by:

ẋT =
[
x3 x4 ẋ3 ẋ4

]
=

[
θ̇ α̇ θ̈ α̈

]
(5)

Where ẋ3 e ẋ3 are alias terms for θ̈ and α̈, respectively. The state-space representation can be done by:

ẋ = Ax+Bu

y = Cx+Du
(6)

Where y is a vector containing the system output values (angular displacements θ and α, in that order). The system
control vector is represented by u, in this application it is a scalar and a alias for Vm. The terms A, B, C and D represent
state matrix, input matrix, output matrix and feed-forward matrix, respectively.
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Table 1: System constant values used for modeling.
System property Value
Pendulum mass (mp), Kg 0.127
Pendulum length (Lp), m 0.337
Pendulum moment of inertia (Jp), Kg ·m2 1.20× 10−3

Pendulum bearing shaft damping (Bp), N ·m · s 2.40× 10−3

Rotary arm length (Lr), m 0.216
Rotary arm moment of inertia (Jr), Kg ·m2 9.99× 10−4

Rotary arm bearing shaft damping (Bp), N ·m · s 2.40× 10−3

Motor constant gain, (Am), N·m / V 1.07
Motor damping, (Bm), N ·m · s 4.81
Gravity constant (g), m/s2 9.81

Substituting Eq. (3) into Eq. (2) and using the values for the system constants as listed in the Tab. 1, the state-space
matrices are evaluated as follows:

A =


0 0 1 0
0 0 0 1
0 81.366 −27.829 −0.930
0 121.892 −26.755 −1.394

 , B =


0
0

51.764
49.767

 , C =

[
1 0 0 0
0 1 0 0

]
, D =

[
0 0

]
(7)

The designed poles to be placed are represented by J =
[
−2.80 + 2.86j −2.80− 2.86j −30 −40

]
. The first

two poles are conjugate pairs with damping ratio ζ = 0.7 and natural frequency ωn = 4 rad/s, the other two are
selected to increase the system responsiveness. As pointed out by Ogata (2010), the gain matrix, K, can be defined using
Ackermann’s formula, its given by:

K =
[
−8.49 45.45 −4.10 5.20

]
(8)

Finally, a time based variable reference, xref , is defined:

xT
ref =

[
π
6 sgn

[
sin

(
2π t
3

)]
0 0 0

]
(9)

It can be interpreted as an input to the control system that modify the error periodically and forces the rotary arm to
rotate from −π/6 rad to 6/π rad and vice-versa in a period of 3 seconds, the expected behavior of each measured state is
simulated and presented in the Fig. 2.

Figure 2: Linear controller with variable rotary arm reference simulation.
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3. STRUCTURAL HEALTH MONITORING

The periodic monitoring of a structure serves the purpose of assessing its structural integrity, identifying existing
stages of damage, and determining the feasibility of its continued use. Farrar and Worden (2007), Figueiredo et al.
(2009) and Tokognon et al. (2017) outline four systematic steps for implementing a Structural Health Monitoring (SHM)
system: operational evaluation, data acquisition and manipulation, feature extraction, and statistical modeling for feature
classification. This section will detail these steps and comment on the results obtained.

3.1 Operational evaluation

The operational evaluation involves addressing specific inquiries related to the monitored system. In this study, the
RIP was chosen as the reference system, with the key focus being the utilization of variables already monitored for
the control system. By doing so, the developed SHM approach highlights how control variables can be employed for
damage detection in systems that exhibit repetitive and predictable motion, without external perturbations. This enables
the generation of evaluative metrics without incurring additional hardware costs.

3.2 Data acquisition and manipulation

The data acquisition step is straight forward in this process given the nature of the proposed approach, it consists of
storing the controller state variables only for the collected variables, that is, the angular displacements, used for monitoring
propose. Derivative data such as angular velocities are left behind as this process is carried out mathematically. To
recreate the oscillatory behavior observed in the simulation, an experimental apparatus is constructed. Time series data
are collected for each operating condition, beginning with the healthy (default) state and subsequently the damaged states.

(a) Mass fixed to the pendulum tip. (b) Operation in CD condition.

Figure 3: Assembly and experimental execution.

The damage caused to the structure is non-destructive, it artificially adds CD and AD. The CD is simulated by adding
masses to the pendulum tip, in one case 4.77 grams (small mass), in the second case 14.70 grams (large mass), while
the AD type damage is induced by modifying the motor saturation via software, a reduction from ±6 Volts to ±3 Volts
(saturation). Figures 3a and 3b show how the mass was fixed at the tip of the pendulum and an instant of its operation in
CD condition, respectively.

The first step in data manipulation is to remove the initial and final transients from the raw signals, it is done by
subtracting the initial and final 20 seconds. Then, they were divided into samples with two periods – 6 seconds – starting
from the movement performed by the rotary arm, its position was taken as a reference for the selection of the indices that
constitute each sample in both signals. The analysis indicates 326 passes through the origin, to satisfy the established time
criterion it is necessary that the rotary arm passes through the origin four times, resulting in 81 different samples for each
condition for each signal, each with approximately 3003 points. It’s a total of 324 samples per signal.

The hardware used collects data with a sampling rate of 500 Hz, however, small fluctuations may occur, so this step
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also treats this data, in order to make the time series of equal size. This was done by a generated function that returns a
polynomial with the degree equal to the initial number of points in the sample and without smoothing between the points,
that is, connected by a straight line, then a vector of 3003 equally spaced points was generated starting at 0 and ending at
6 seconds, this was replaced in the function, the return of this operation represented the new vector for the sample.

Figure 4: Sample data from collected signals, θ and α.

A sample of each collected signal, in each condition, is represented in Figure 4. The subplots present, in details,
regions where it is possible to verify fluctuations in the values related to each condition.

It is noticeable in the zoom of the signals, for both sensors, that quantization effect occurs, firstly because the signal is
digital, therefore it is discrete, in addition, the encoders used have 12-bits and work in the range of 0 to 2π, so the minimum
value they can register is 0.0015 rad. As the application of this work focuses on a small set of sensors’ workspace the
quantization effect becomes more evident. This effect will be considered tolerable in the analysis, as it is still possible
to notice that there is considerable differentiation between the curves of each signal, in addition, at points with greater
amplitude variation, quantization is much less significant.

3.3 Feature extraction

Feature extraction will be done by the implementation of an AIS based on the classic view of NIS. This uses the NS
to generate affinity indicators between a sample and a given reference group, this will be the feature used for damage
detection and classification. The implemented concepts are seen in Forrest et al. (1994), Lima et al. (2013) and Almeida
(2022). The algorithm conceptually replicates the biological functioning of the T cells NS. It is divided into two stages,
Censoring and Monitoring. Figures 5a and 5b show the flowcharts with the commands executed by the algorithm in each
phase.

The censoring step is when the algorithm “learns” which samples are self (to compose the baseline) from known
default data, this is done by randomly selecting samples from a known set, in this paper two baselines were created for
damage detection, one for each sensor. In the Monitoring step, with the baseline defined, a sample that will be monitored,
goes through the equivalence checking process in relation to the entire set of self-detectors, if a minimum percentage of
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(a) Censoring flowchart.
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(b) Monitoring flowchart.
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Figure 5: Negative Selection Algorithm flowcharts.

affinity is reached for at least one of the baseline samples, this one is called self, otherwise a non-self sample is detected.
This process works analogously to mature T-cells, the detectors act as antibodies and the unknown signals as antigens.
(Forrest et al., 1993, 1994; Almeida, 2022)

Equivalence checking involves comparing a sample under analysis to a second sample, assessing compatibility point-
by-point with upper and lower tolerance thresholds. For a point to be considered compatible, its value must fall within the
tolerance range. To determine overall equivalence, a predetermined percentage of points must be classified as compatible.
This method of point-by-point comparison, as outlined by Lima et al. (2013) and Almeida (2022), acknowledges the
minimal probability of absolute point equality between samples and allows for a tolerated deviation by defining maximum
and minimum variation limits of reference sample values. (Forrest et al., 1994)

The percentage of points that are classified as compatible is defined as the affinity rate between the samples, and is
given by:

Ta =
An

At
× 100 (10)

Where Ta is the affinity rate between samples given in percentage, An is the number of points that fall within an
acceptable tolerance range, and At is the total number of analyzed points.

The tolerance range is described mathematically as:

Ai
b ≤ Ai

g ≤ Ai
b (11)

Where Ai
g is the nominal value of element i in the reference sample, Ai

b and Ai
b are the nominal value minus and plus

the adopted tolerance deviation in the i element, respectively. In these paper, these deviations are applied proportionally
and symmetrically to the value of the element i.

The determination of the upper and lower intervals, Ai
b and Ai

b, were set manually, as an example, Almeida (2022)
used the value of ±0.01%, while Lima et al. (2013) used ±3%, in this work the values used were determined so that the
detection rate was optimized, while the non-self signals remained distinct from each other for adverse conditions. For
example, if this value is too small, the final affinity rate between the samples would be indistinguishable, on the other
hand, if it is too large, samples under different conditions may generate equivalence results and disturb the classifier.
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The definition of the minimum affinity rate, Af , must be handled on a case-by-case basis, and its variation must be
analyzed, as done by Forrest et al. (1994). In some cases self signals may have high affinity with each other, while in
other cases this affinity may be reduced. The determination of affinity rates, for each signal analyzed in this work, was
done manually until an optimal point was found. The form of definition used measures the average affinity between the
samples of the healthy dataset (default), this value is used as a starting point, then variations are performed until there is
optimization of the results following the same principles used for the intervals.

According to Almeida (2022), it is pertinent that the baseline training samples rate do not compose a number greater
than 70% of all healthy signals. Following all these indications, the values used in this work, for each signal analyzed,
are represented in the Table 2. Thus, the developed NSA, combining data from both sensors, is able to detect damage
correctly 99.07% of the time with a F1-Score of 0.9938.

Table 2: Values used in AIS for each position signal.
AIS Property Rotary arm (θ) Pendulum (α)
Baseline training samples rate (Xt), % 69.14 69.14
Minimum affinity rate (Af ), % 93.50 30.00
Upper and lower limit rate (±Abi), % ± 3.10 ± 3.00

Figure 6 shows, for the rotary arm (θ) and pendulum (α) signal, the comparison between a random sample and a
random default sample (which compose the baseline), the red areas of both charts illustrate the upper and lower tolerance
range, ±Ai

b. The points where the blue curve is located inside the red area, equivalences between the samples are counted,
so the affinity of the sample is relative to the proportion of this value in relation to the total number of points.

Figure 6: Linear controller with variable rotary arm reference simulation.

3.4 Statistical modeling for feature classification

The affinity of a sample in relation to the baseline is easily converted into the classification of its structural condition,
in this case, whether it has damage or not, this is done just by comparing the result to the pre-established minimum affinity
rate, Af .

This was the process performed to determine whether a pair of sibling samples made up the set of samples with or
without damage, and whether this classification was done correctly. A pair of sibling samples means that both samples
belong to the same moment in the data collection time series, in this case, when the AIS result is given, if any of the two
samples indicate damage, the pair of samples returns damaged as a diagnosis, on the other hand, the healthy state is only
true if both samples indicate greater affinity than the predefined one in relation to their respective baseline.

The AIS was run 20 times in a row for each signal and in each run the baseline sample set was randomly recreated,
so the detectors themselves were varied, and the results became different. Finally, an average of the obtained values was
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performed, which indicated the average global performance of the algorithm. Table 3 indicates the results obtained in the
form of a confusion matrix.

Table 3: Average confusion matrix from 20 random baseline generations.
Real condition

Damaged Healthy
Predicted
condition

Damaged 242 2
Healthy 1 79

For the classification process, the dataset of known samples is modified. In this case, for each set of samples of each
signal and condition, a unique baseline is generated, where 69.41% of the samples (or 56 samples) that make up this set
are randomly selected. In this way, four baselines are formed per signal, a sample that will be classified goes through the
calculation of average affinity in relation to each baseline, its classification is given by the highest affinity rate obtained.
As the signal samples are composed of sibling pairs, the final result is given by the average affinity rate between both for
each condition, the highest affinity to condition value being used as the result. Table 4 shows the classification results
obtained with signal combination.

Table 4: Average classification results with combined signals from 20 random baseline generations.
Combined signals

Condition Real count Correct test count Incorrect count Success rate, %
Default 81 100 0 100.00
Small mass 81 100 0 100.00
Large mass 81 100 0 100.00
Saturation 81 100 0 100.00

3.5 Results discussion

The obtained results demonstrate the effectiveness of the utilized method in both damage detection and classification.
The choice of employing an AIS with Negative Selection was motivated by the periodic and repetitive characteristics of
the signals. It is observed that the affinity rate among the samples from the rotary arm is higher compared to the pendulum
samples. This outcome is expected due to the actuated nature of the rotary arm, whereas the pendulum is indirectly
controlled. Although this difference may suggest that the pendulum signal is less reliable, it is, in fact, advantageous
as the affinity pattern observed in the rotary arm is also observed in the pendulum. By establishing a baseline, samples
from various conditions are compared, generating thresholds that encompass each type of signal, with minimal confusion
between them. The combination of both signals proves instrumental in mitigating classifier errors. Figure 7 illustrates the
behavior described for each signal and its baseline.

Figure 7: All samples’ affinity from both signal in relation to each baseline.
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4. CONCLUSIONS

The proposed method offers an approach for detecting damage in dynamic systems using a RIP as a reference model.
This method can be implemented in dynamic systems that share the same characteristic, such as being periodic and
repetitive for damage detection or classification of known operational states. A welcome side effect of this type of
monitoring system is that it would also work to detect disturbances, as these would alter the expected affinity rates. As
a data-driven process, there is naturally a need for data collection, however, once the baseline is formed, the damage
detection process takes place quickly and proportionally to the period of system activity. This type of AIS based on NS
proved to be efficient in detecting patterns in different types of real systems, the authors believe that its application should
be carried out in other dynamic systems to expand this validation. Another point to increase the usefulness of this type of
system is the generation of unsupervised classification methods, eliminating the need to generate baselines for unknown
conditions.
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