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Abstract: In hydraulically actuated mobile cranes, actuator-induced force variations directly affect internal stress levels.
The motion under dynamic loading can lead to progressive stress build-up over time, increasing the risk of material
degradation and structural failure. Conventional control approaches typically omit structural stress feedback, focusing on
performance objectives and overlooking internal force effects. This study introduces a stress-responsive valve control
framework for the hydraulic crane systems. The proposed method uses simulation data to create a stress profile that
follows the same pattern as the applied loads. A control coefficient K is computed in real time based on normalized stress
and stress rate, using a polynomial formulation. This coefficient adjusts the actuator valve signals to reduce control
intensity when stress levels increase or fluctuate. The implementation is carried out in a rigid multibody simulation
environment with integrated sensor emulation and actuator logic. At each simulation step, valve signals are updated
according to the stress levels therefore adjusting the dynamics of crane, adaptively. Comparative analysis between the
stress-aware control system and an uncontrolled baseline is performed under identical actuation conditions. Results
indicate a reduction in stress peaks while maintaining smooth and desired movements of crane. The analysis showed a
62.71% reduction in the effective damping ratio. These results demonstrate that the proposed method reduces actuator
aggressiveness in high-stress regions and limits structural loading without compromising actuation objectives.

Keywords: Closed loop Control, Stress Aware Control, Hydraulic Actuation Systems, Flexible Multibody Dynamics,

Structural Stress Feedback, Exponential Smoothing, Rigid Body Models, Real-time Crane Automation.

1. INTRODUCTION

Hydraulic actuators play a significant role in the
operational efficiency of heavy machinery specifically
cranes, excavators, and construction robots due to their
capacity for high force output and reliable response.
Rapid or aggressive valve actions, while effective for
quick response, can introduce undesirable internal
stresses, especially in flexible linkages and critical stress
points (subjected to maximum load), potentially
accelerating wear or causing failure under repetitive
loading conditions.

Most common control strategies being utilized in
hydraulically actuated heavy machinery are Sliding
Mode Control (SMC) and Model Predictive Control
(MPC) due to their robustness in handling system
uncertainties. Proportional-Integral-Derivative (PID)
control remains a common approach due to its
straightforward design and proven effectiveness in many
hydraulic applications. However, PID control often
struggles to maintain performance when the system faces
rapid load changes or strong nonlinearities, which are
common in hydraulic cranes. As sliding mode control has
gained popularity in electro-hydraulic systems [1,2], its
applications have primarily been focused on trajectory
tracking or force regulation without direct concern for
structural stress evolution. Recent efforts, such as
adaptive ~ SMC

robustness and signal estimation under uncertain system
dynamics. Similarly, algorithms such as backstepping
sliding mode frameworks [5,9] have shown promising
results in controlling complex hydraulics with uncertain
dynamics. However, explicit integration of real-time
structural stress feedback into the control loop remains
underexplored.

In systems like hydraulic cranes, internal stress levels
fluctuate rapidly with payload movement and joint
interactions. As technology has advanced using adaptive
control through observer designs such as dual observers
[4] or neural networks [10], they primarily focus on
improving tracking and disturbance rejection, without
explicitly incorporating internal structural stress into the
control loop. Load inertia plays an important role in
maintaining a stress profile during a functional operation
in heavy machinery such as cranes and recent studies
have shown that trajectory control and anti-sway control
[6] lack the control response towards flexible stress
dynamic situations. Taking such into account, load
depends heavily on the mass distribution and distance
between the mass and axis of rotation. Adaptive methods
have shown the value of using control parameters based
on time-varying mechanical states, such as load inertia or
environmental resistance [7,8]. These works inspire a
broader vision: control architecture that dynamically
responds not just to trajectory error or external forces, but
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Filtering input signals and regulating valve
commands are common practices for achieving smoother
motion in heavy machinery. While filtering helps reduce
noise and produce stable signals, it does not adapt to the
actual state of the machine. As a result, these methods
cannot adjust control actions in response to changing
system conditions [19] [20]. The limitation becomes
critical in hydraulic systems where internal structural
stress evolves rapidly during operation and must be
considered in real-time decision-making.

Recent studies have shown that Unscented Kalman Filter

(UKF)-based frameworks are widely used for state
estimation in hydraulically actuated cranes. These
approaches make it possible to reconstruct internal states
such as joint angles, velocities, and pressures with high
accuracy, while reducing the need for a large number of
physical sensors [13]. However, in many cases, the
estimated states are only used for observation and
monitoring. When this information is not directly
integrated into the control strategy, its practical value
becomes limited. Without a mechanism to adjust the
control actions based on the estimated stress or other
internal variables, the benefits of real-time simulation
and digital twins cannot be fully realised. Incorporating
control into this loop improves both safety and
performance by allowing the system to respond
dynamically to changing conditions.

Accurately estimating the stress in hydraulically
actuated cranes is essential for mechanical reliability as
it regulates control adaptivity, particularly for real-time
applications to make intelligent and accurate decisions.
In this study, structural stress is not directly measured but
derived from the force profile, as stress is related to the
internal force distribution and its dynamic behavior.

Machine learning techniques, such as deep learning
models and transformer networks, have been explored in
recent studies for predicting dynamic stress in
mechanical systems [12]. These approaches can capture
complex temporal patterns and learn relationships that
traditional models may overlook. However, despite their
potential, machine learning methods often face
challenges related to limited training data and uncertainty
in model generalisation [15]. In many industrial
applications, it is difficult to collect enough high-quality
data that fully represent all possible operating conditions.
This lack of data can reduce prediction accuracy and
reliability when the model encounters new situations. For
this reason, there is growing interest in developing more
advanced Al algorithms that can handle uncertainty more
effectively [16]. Some studies have investigated hybrid
strategies that combine machine learning with physics-
based models to improve robustness and interpretability
[17].

We introduce a method that integrates real-time stress
estimation from sensor data (pressure and position) with
adaptive control of actuator valve position. Unlike
passive estimation methods [6], the controller adapts
valve opening in real time based on filtered, time-

localized stress trends. ng a&)gé? %

change, and adaptive controller gain K. This gain is
modified based on stress change over time, ensuring that
actuator aggressiveness is adjusted in real time to prevent
excessive stress buildup.

2. METHODOLOGY

In this paper, a simulation-driven framework that
combines multibody modeling, sensor data-driven stress
estimation, and real-time valve regulation is considered.
The research is carried out using a multi-body model
developed in Exudyn, which represents a hydraulically
actuated mobile crane PATU 655 [13]. The crane
structure is modeled as a rigid-body system. The model
includes key components such as the pillar, lift boom, tilt
boom, and hydraulic actuators, with connections defined
through joints and constraints that reflect the mechanical
layout of the real PATU crane. Each of the hydraulic
actuators is driven using control inputs that replicate real
joystick signals captured from the real crane during the
experimental trial.

These inputs are interpolated and injected into the
model to generate realistic movement and dynamic stress
evolution during lifting and positioning operations. To
capture internal stress patterns that emerge during such
motions, virtual sensors are embedded at the critical
points along the crane boom structure. These sensors
record joint forces, torques, and angular velocities over
time. The same values can be calculated in a real system
from the pressure and position data obtained from
sensors.  Finite element modeling (FEM) is
computationally expensive and time-consuming, which
makes it challenging for real-time applications. To
address this limitation, we employed simulation data to
implement the proposed technique, providing a solution
for real-time stress regulation in hydraulic cranes. While
we used simulation data in this study, a similar approach
could also be proposed using machine learning methods,
such as neural networks, to predict stress or other
parameters from real data. Neural networks have been
applied in similar contexts, such as predicting the top
deflection in flexible hydraulic cranes based on cylinder
positions and pressure data for positional correction,
specifically through a feed-forward deflection
compensator [18]. The shift in focus, from tip-level
geometric compensation to joint-level stress awareness
enables more targeted intervention to avoid structural
overload and improve the operational safety of the heavy
machines in general.

The interaction between the control system, the crane
structure, and the stress-aware logic proposed is shown
in figure 1.
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Fig. 1. Proposed stress-aware controller structure.

The control system receives input signals wu;;f; and
Uz, Which are provided by a crane operator through
joysticks, and translates them into actuation commands
for the virtual crane model (denoted as PATU in Figure
1). Real-time joint forces, velocities, and actuator states
are calculated from the actuators’ pressure and position
sensor data and passed to the stress estimation section.
This part returns the predicted stress ¢ which is used by
the control logic to generate the final actuation command
ii. In this study, a simulation model is used instead of a
real crane. The simulation operates in a rigid-body
configuration, where the structural components of the
crane, such as the Lift Boom, are treated as undeformable
segments connected by joints. Despite the absence of
elastic deformation in such a rigid model, the internal
mechanical loading can still be inferred from the reaction
forces and torques that develop at the joints in response
to actuator inputs and external forces, such as payload
weight and gravity. At each time step, the simulation
provides access to the joint force vector [F, F, F;] and
torque vector [Ty, Ty, T,] using sensor emulation. These
vectors represent the net reaction forces and moments
experienced at the base joint of the Lift Boom, which
result from the dynamic interactions between the rigid
bodies in the system, the hydraulic actuator forces, and
the imposed constraints. Since the structure is not
modeled as flexible, accurate stress cannot be derived
from strain or deformation. Instead, it is estimated from
the force profile using beam theory, under the assumption
that the Lift Boom behaves like a cantilevered beam and
thus this information is fed into the system. In practice,
any real-time stress estimation method or direct strain
measurements can be used to obtain stress values in a
critical point. In this study, we are more interested in
stress dynamics rather than in accurate stress estimation.
Since rigid body model provides faster dynamics, we use
it to test real-time capabilities of the method.

Following the estimation of internal stress at each time
step, the control logic proceeds to assess the system’s
structural loading rate and adjusts the actuator signals,
accordingly, making it adaptive. The first computation
involves the rate of change of stress shown in equation
(1), which is calculated by subtracting the previous stress
value from the current one, using finite difference
approximation. Manuscript

o(t)—a(t—At)

a(0) = At

(1)

Where At =0.01 s is based on the underlying
simulation's integration resolution and the control loop's
execution frequency. From a control perspective, this
interval provides sufficient temporal resolution to detect
and respond to changes in internal stress without
introducing excessive sensitivity to noise, therefore
capturing the short-term changes in structural loading.
Considered structural loading parts include Pillar, Lift
Boom, Tilt Boom, and Extension Boom, along with the
Lift Boom Actuator and Tilt Boom Actuator, which are
responsible for moving the crane, and crane was
subjected to specific movement cycle as shown in figure
2.
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Fig. 2. Multibody Simulation of PATU Crane 655,
critical stress point concluded having highest stress.

The control logic defines two threshold parameters: the
minimum stress o,,;, and the maximum stress Gp;qy-
These values define the expected operating range of
internal stress magnitudes within which the controller
performs adaptive input regulation. Outside the range, the
controller is not involved, and the input signal from the
joysticks goes directly to the actuators. In this
implementation, d,,;, = 300 MPa and 0,4, = 410 MPa.
These values are chosen based on empirical observation
of the stress evolution during nominal and extreme
loading scenarios in the simulation environment.

The minimum stress threshold represents the lower
bound of the stress region where the system is considered
fatigue safe. The maximum stress threshold serves as the
upper bound beyond which the structure is at risk of
overload or fatigue damage. It marks the point at which
the controller must strongly attenuate the control input to
prevent further structural stress escalation. By defining
this range, the control strategy introduces an adaptive
mechanism that maps stress into a normalized unit
interval. This mapping allows the same logic to apply
across a range of operating conditions, regardless of the
actual magnitude of stress. Afterwards, both the stress
value and its rate of change are normalized.
Normalization ensures that these quantities are scaled
into a common unitless range to make them compatible
with the polynomial control adjustment. The
normalization maps the stress signal into the interval
[0,1], the normalized stress is computed as:

_ a®)=omin (2)

Onorm = _ j
Omax~%min
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Normalization of the stress rate is also carried out using
the following equation:

o 5(t)
Fnorm = — 3)

Oscale

where Ggcqp. 18 the constant representing the maximum
expected stress rate used for scaling purpose. This is
necessary because the derivative of stress, (t), varies
over a dynamic range. Without normalization, small
variations in d(t) could disproportionately affect the
control logic due to inconsistent scaling relative to stress
magnitude. Once both the normalized stress and
normalized stress rate are available, penalty terms are
introduced, concluding the controller gain K(t). The
purpose of control is to scale the actuation aggressiveness
based on the internal structural condition of the system.
When internal stress is low and changing slowly,
unchanged input signal is allowed, as shown in the 3D
plot in figure 3, adaptive response of the K-factor as a
function of both stress (in MPa) and stress rate (in
MPa/s), depicting how the system adjusts its behavior
under different loading and stress scenarios.
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Fig. 3. Operating Trajectory, Adaptive K-factor response
surface showing polynomial-based control adjustment as
a function of structural stress and stress rate of change.

When stress is high or rising quickly, the control signal
is damped to avoid further loading. To implement this
logic, a polynomial penalty function is used to compute
K(t) in a continuous and differentiable manner.

The controller gain is constructed by subtracting three
penalty terms from unity. Each term represents a distinct
structural risk condition, and each one is independently
weighted using tunable scalar coefficients.

Pp=a,- Uznorm 4)
P, = ay * |Grorml (©)
P;=a;- a/-norm ' |6norm| (6)

The first term P; penalizes high stress levels. The
quadratic form ensures that the penalty increases
nonlinearly as the normalized stress approaches 1, which
corresponds to (t) = Opqy. This formulation prioritizes
strong attenuation when the system operates close to its
defined stress limit. The use of a square term ensures that
small stress values contribute minimally to the penalty,

stress is increasing or decreasing. The absolute value
captures the magnitude of the rate of change. A high rate
implies that the structure is undergoing fast dynamic
loading, potentially due to sharp actuator inputs, impacts,
or quick payload motion. With this term, the control logic
reduces valve aggressiveness during fast transitions to
prevent stress overshooting. The third term P; penalizes
the joint condition where stress rate is high. This
represents a critical scenario in which the internal load is
not only large but also escalating quickly. The use of a
product enforces that the penalty is only significant when
both contributors are non-negligible.

Each penalty term is scaled by a coefficient where a,
controls the strength of response to high stress, a,
controls the response to rapid stress transitions and as
controls the response to simultaneous high stress and fast
change. Once the three penalties are computed, the raw
K-factor is calculated as:

Kigw =1—P, — P, — P (7N

This value represents the unbounded gain level. A high
K,qw=1 means minimal damping, allowing control
changes to be fully applied. Low value implies that the
system is under significant structural stress or instability,
and actuation should be suppressed accordingly.

The raw K-factor is passed through an exponential
smoothing filter to reduce discontinuities or oscillatory
behavior in the actuator response. The filtered gain is
updated recursively using:

Ksmootn () = aKsmooen (E — 1) + (1 — @)K (t) (8)

where « is a constant smoothing coefficient in the certain
defined range to introduce inertia into the K-value,
ensuring that sudden shifts in stress do not cause abrupt
control changes. The smoothed K-factor is then applied
to the raw control inputs derived from the joystick signal.
After the raw valve commands are adjusted using the
polynomial-based K-factor, additional limiting and
smoothing layers are applied to enforce stable actuator
behavior and prevent sudden or excessive command
changes. These layers introduce secondary constraints
that adjust the actuator inputs based on stress conditions
and signal dynamics. The first adjustment applies a
dynamic cap on how much the actuator command is
allowed to change in a single time step. This is done to
ensure that even if the adjustment factor permits a large
control update, the final actuator input remains within a
range that is safe for the structure.

The goal is to reduce actuation aggressiveness when
stress is high or rapidly increasing, while allowing full
actuation under low-stress conditions. To ensure
controlled actuator movement, the maximum allowed
change per step is defined as a function of normalized
stress:

88 =80+ 68 (1= Oporm)  (9)

Where 6, is a baseline actuator responsiveness even
under high stress, and §, allows larger adjustments when
stress is low. This ensures that the actuator moves more
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increases to protect structural integrity. After computing
the polynomial K-factor, the control system applies a
structured multi-stage processing pipeline designed to
ensure smooth and safe actuator behaviour. This pipeline
consists of four sequential stages: K-factor adjustment,
stress-adaptive limiting, adaptive output smoothing, and
final safety limiting. Each stage incrementally refines the
control signal to achieve robust performance under
variable loading conditions. In the first stage, the raw
control increment is calculated as the difference between
the current raw control signal and the previous actuator
command as shown in equation 10a.

AU(t) = UF™ (6) = Uy(t — 1) (10a)

This increment is then scaled by the exponentially
smoothed K-factor to reduce control aggressiveness
when the system is under higher structural stress:

Uite‘mp (t) = Ui(t -1+ Ksmootn (t) - AUi(t) (10b)

Here, Knmooen (t) 1s the adaptive gain computed from
the polynomial penalty terms described previously in
equation 8 and U[*™P(t) represents the actuator
command after the polynomial K-factor has been applied
but before stress-adaptive limiting or smoothing. This
scaling ensures that actuator commands are automatically
reduced as stress increases or fluctuates rapidly. The
second stage applies a stress-dependent limit on the
maximum permissible change 6,(,3” in actuator command
per time step from equation 9. To smoothly enforce this
limit, a hyperbolic tangent saturation function is used so
that the bounded increment remains continuous and
differentiable.

temp
limited () ®)-U;(t-1)
AU (6) = 50, - tanh (U2

) an
And finally, to prevent excessive or sudden changes
that could compromise structural stability, which is

critical for numerical convergence.

Even with stress-based limiting, joystick input noise
or sharp transitions can cause control spikes that degrade
system behavior. To mitigate this, adaptive smoothing is
introduced based on the magnitude of recent actuator
output changes. The output change magnitude is defined
as:

A(L) _ UleLted(t)

t,
& ou prev| (1 3)

This quantity captures how “aggressive” the new
control update is. The smoothing coefficient «; is then
determined using a linear relationship:

a =y +a; - AY) (14)

Subject to the constraint:

a; € [amin'amax] (15)

Where « is the baseline smoothing factor, a; controls
the increase in smoothing with larger signal changes, and
Amin and g, define the allowed range for the
smoothing coefficient. This mechanism ensures that
actuator response is bpth stable de

P S LR L

close to a,in, resulting in rapid adaptation and agile
response. Conversely, when Aggg is large, a; increases

towards 4y, enforcing greater damping and continuity
to avoid shocks or instability. The final smoothed
actuator command is computed via exponential
interpolation:

Uiﬁnal = Uiout,prev +(1- ai) . Uilimited (t) (16)

To prevent any remaining instability arising from
residual discontinuities caused by unanticipated input
spikes, numerical interpolation artefacts, or abrupt
transitions in stress state between consecutive steps, the
fourth and final stage applies a global maximum step
change limiter to the smoothed output. The final
increment is calculated as:

AUifinal (t) U final (t) out ,prev (17)

and bounded using another hyperbolic tangent function
as:

Sfinal
Uiout(t) — Uiout,prev + Sglobal -tanh (AUL (t) (18)
5global
The final bounded actuator command U;°**(t) from
equation (18) represents the stress-aware control output
that is applied to the hydraulic valve system.

3. RESULTS

This section presents the results from the
implementation of the stress-aware control framework
for a model of a hydraulically actuated crane. The
proposed system adapts valve control signals in real time,
considering the internal structural stress levels of the
crane during operation. To assess the performance of the
proposed  stress-aware  control framework, two
simulation cases were conducted using the same input
profile derived from experimental. The first case used a
conventional trajectory without any internal stress
feedback, while the second integrated the adaptive stress-
aware control. Both configurations operate on an
identical multibody crane model and are subjected to the
same mechanical and hydraulic loading scenarios.

The results showed that the stress range considered in
this study spans from 238.5 MPa to 392.9 MPa, while the
rate of change of stress ranges from -453.7 MPa/s to
411.4 MPa/s. To compare the stress response, a critical
point located at one meter from the lift boom base joint
was considered (Figure 2). According to FEM
simulation, this point has maximum stress values in
typical crane operations. In absence of control, the
internal stress exhibited rapid oscillations during the
early motion phase and continued to fluctuate throughout
the trajectory. Peak values exceeded 400 MPa, with sharp
transitions, particularly around actuator reversals. On the
other hand, adaptive regulation resulted in significant
smooth stress evolution. The raw K-factor reacts
instantly to stress and stress rate changes, so it can show
abrupt spikes and drops when stress increases quickly or
fluctuates due to noise or transient dynamics. Smoothing
was introduced to damp these fast variations and ensure
gradual transitions in the scaling of actuator commands
as shown in figure 6.
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The controlled system was able to maintain stress levels
within a range up to 377.8 MPa given 0,,;, = 300 MPa
and 04 = 410 MPa, as shown in Figure 5. This
indicated that the adaptive control system reduced
internal stress during operation.

Stress Monitoring with Control Thresholds

W»N‘%»« lEsass

£ 300
=
0 200{ —— Controlled Stress (d)
g - Uncontrolled Stress
in 1001 Stress Limit (omax = 410.0 MPa)

0 Stress Min (omin = 300.0 MPa)

0 10 20 30 |, 40 50 60 70 80

5400 M""" e v EhpaA g W____jL N
5350 t.,w*’"” ' i ¥ —
@ 300/ —— Controlled Stress (8)
=4 ---- Uncontrolled Stress
@ 2501 Stress Limit (omax = 410.0 MPa)

Stress Min (omin = 300.0 MPa)
62.5 65.0 67.5 70.0 725 75.0 77.5 80
_ Time (s) |
Control Modulation Coefficient K Over Time
o —
L . e
e

—— Control Factor K

K Factor
o
w
o

K Factor

0.6
~—— Control Factor K

62.5 65.0 67.5 70.0 725 75.0 77.5 80.
Time (s)

Fig. 6. Stress at the critical point and corresponding K-
factor evolution over the simulation time.

The crane moved in the same trajectory while the
amplitude of high frequency components of stress was
attenuated, resulting in low stress peak behavior as seen
in figure 6.

Valve opening signals were adjusted based on
stress levels to regulate actuator behavior. Figure 8
shows the valve opening signals for the Lift and Tilt
actuators under both controlled and uncontrolled
conditions.
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Fig. 8. Comparison of raw input signals versus controlled
valve outputs for tilt and lift actuators as a result of
adaptive stress-aware control.

The controlled actuators showed a more consistent and
concentrated behavior, with less wvariability in
displacement. On the other hand, the uncontrolled
actuators exhibit broader and more irregular
distributions, indicating instability and less precise
movement as shown in figure 9. Also, the phase plot
comparisons showed the improvements made by the
control system. The phase plot for the controlled
actuators (Actuator 1 and Actuator 2) demonstrated a
more stable trajectory, while the uncontrolled actuators
show erratic behavior.

Statistical Analysis: Controlled vs Uncontrolled Actuators
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Fig. 9. Statistical analysis of controlled versus
uncontrolled actuator performance, displacement
distributions and phase correlation plots.

The controlled systems showed concentrated
distributions around 1070mm and 1650mm respectively,
while uncontrolled systems exhibit broader distributions
across the same ranges. The phase plots correlate
controlled and uncontrolled positions at each time
instant. Actuator 1 (lift) displayed an elliptical pattern
indicating phase differences between controlled and
uncontrolled responses. Actuator 2 (tilt) showed tight
clustering along the y=x reference line, demonstrating
strong correlation between systems. This adaptive control
ensured a balance between responsiveness and safety,

adjusting actuator behavior according to real-time stress

oy @ﬁ?é}%&'ar for assessing system

Control, Automation and Systems (ICCAS). Received July 4, 2025.



CONFIDENTIAL. Limited circulation. For review only.

stability. Damping ratios were calculated based on the
peak-pair method, where logarithmic difference between
stress values at those peaks was calculated.

= log ("7") (17)

Xpeak i+1

Where, Xpeqk,i and Xpeqx i+1 are the stress values at the
consecutive peaks. The damping ratio was concluded as:
Ai

€ ZW (18)

After concluding the damping ratios for each A;, the
average damping ratio was calculated by taking the mean
of the non-zero damping ratios:

Zavg Z% IiV=1 51‘ (19)

Improvement was calculated as 62.71% indicating a
significant reduction in oscillatory behaviour in the
controlled system, as shown previously in figure 6.

4. CONCLUSION

This paper presented a stress-aware control system for
a hydraulically actuated crane. The system adapts
actuator control signals based on real-time stress
estimation, reducing excessive stress during operation
and extending system fatigue life. The evaluation
included two simulation cases: one with conventional
control without internal stress feedback and the other
with the proposed adaptive control framework.
The results demonstrated that the adaptive control system
successfully reduced stress peaks, with stress levels
remaining within a safer range during operation. The
stress fluctuations were significantly smaller in the
controlled system compared to the uncontrolled system.
The damping analysis was performed using the peak-pair
method, calculating the damping ratio for consecutive
peaks. The average damping ratio was obtained by
averaging the non-zero values. The results showed a
62.71% reduction in oscillatory behavior, indicating
significant improvement in system stability. The stress-
aware control system demonstrated proactive approach to
hydraulic crane control. This approach helps avoid
situations where the crane might experience structural
overload or failure, reacting to stress only after it has
exceeded safe thresholds. The results suggest that such a
system can improve the safety, and lifespan of hydraulic
crane systems by reducing internal structural stress and
enhancing damping behaviour.
Future research intended for this approach can be applied
to validate its effectiveness in practical settings to real
crane systems. Incorporating machine learning-based and
reduced-order model (ROM)-based stress estimation
techniques could further refine the system’s predictive
capabilities. Using real strain sensor data to directly
monitor and adjust damping behavior could also provide
valuable insights for improving the system's real-time
performance and accuracy.
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