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ABSTRACT

This paper presents a memory-based Simultaneous Perturbation
Stochastic Approximation (M-SPSA) method for the optimal Propor-
tional–Integral–Derivative (PID) controller tuning in flexible joint manip-
ulators. The study addresses convergence instability in standard SPSA
variants by introducing a memory-retention mechanism that preserves the
best-performing design variable. The research contribution is the formulation
of a memory-driven SPSA framework that improves convergence stability
and robustness while maintaining computational efficiency. The proposed
method is validated through simulation using a nonlinear flexible joint
manipulator model. Its performance is compared with two established
variants, namely Norm-Limited SPSA (NL-SPSA) and Normalized SPSA
(N-SPSA), to evaluate convergence behavior, energy efficiency, and tracking
accuracy. Results show that the proposed M-SPSA achieves consistent and
stable convergence across all simulation trials. The algorithm effectively
minimizes the objective-function value and reduces control energy while
maintaining accurate trajectory tracking. Compared with NL-SPSA and
N-SPSA, the proposed method exhibits improved convergence reliability and
smoother control input behavior. These outcomes indicate that incorporating
memory retention enhances stability and resilience in stochastic optimization
applied to flexible robotic systems. Future work will focus on real-time
validation, and extension of the approach to multi-input multi-output and
adaptive control systems to strengthen its practical applicability in advanced
robotics.
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1. Introduction

The use of optimization algorithms in data-driven controller tuning has proven essential for accu-
rately estimating control parameters, which often outperform classical tuning methods [1], [2]. These
algorithms have been widely applied in motor drives [3], robotics [4], process control [5], aerospace
systems [6], and thermal power plants [7]. They play a crucial role in enabling adaptive and robust
control, particularly when mathematical models are difficult to obtain or when real-time reconfigura-
tion is required in dynamic environments [8], [9].
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Flexible Joint Manipulators (FJMs) represent a particularly significant and complex domain for
data-driven control methodologies. These systems, including lightweight robotic arms and space-
based manipulators, exhibit highly nonlinear dynamics, underactuated structures, and strong cou-
pling between rigid and flexible components [10], [11]. These characteristics make FJMs a suitable
and challenging benchmark for evaluating data-driven optimization algorithms because they require
precise coordination between flexibility and control accuracy. Ensuring both compliance and preci-
sion in FJMs is crucial in high-stakes applications such as medical robotics and aerospace operations.
Conventional model-based control strategies often require precisely identified mathematical models
and are highly sensitive to parameter uncertainties, limiting their practicality in dynamic or unpre-
dictable environments. As a result, data-driven optimization techniques have gained prominence as
robust, model-independent, and adaptive alternatives for controller tuning in Flexible Joint Manipu-
lator (FJM) systems [12], [13]. Nevertheless, these methods often demand substantial computational
resources, especially in high-dimensional or real-time scenarios. This limitation highlights the need
for lightweight, efficient algorithms that maintain control accuracy while minimizing computational
overhead [14], [15].

Generally, optimization strategies can be categorized into population-based and trajectory-based
methods. Population-based metaheuristics such as Particle Swarm Optimization (PSO), Genetic Al-
gorithm (GA), Ant Colony Optimization (ACO), Archimedes Optimization Algorithm (AOA), and
Grey Wolf Optimizer (GWO) have been extensively applied in controller tuning across various do-
mains. PSO and its enhanced variants have achieved faster response times, reduced overshoot, and
improved robustness in DC motor and robotic manipulator control [16]–[21]. Likewise, ACO, AOA,
and GWO have demonstrated superior performance in electric-vehicle control, voltage regulation, and
automatic voltage regulation systems [22]–[24]. GA-based PID tuning has also been used to enhance
stability and minimize steady-state deviation in DC-motor and power-system applications [25], [26].
Comprehensive surveys [27]–[29] confirm that hybrid and adaptive versions of these metaheuristics
deliver strong global performance across many control problems.

Despite their success, population-based methods remain computationally intensive because each
iteration requires numerous function evaluations across large populations. This scalability issue limits
their suitability for real-time and embedded controller tuning, where computation time and sample
efficiency are critical [30], [31]. Consequently, trajectory-based optimization approaches, particularly
SPSA, have gained attention as lightweight, data-efficient alternatives capable of achieving compara-
ble performance with drastically fewer evaluations. This distinction forms the rationale for focusing
on SPSA and its variants in this study.

In contrast, trajectory-based optimization methods recently employed in data-driven control pri-
marily focus on tuning PID [32], [33], fuzzy logic [34], and neural network [35], [36] controllers.
These techniques operate by refining a single candidate solution through stochastic perturbations
of its design parameters, thereby leading to significantly reduced computational effort compared to
population-based algorithms. Among these, the Simultaneous Perturbation Stochastic Approximation
(SPSA) [37] algorithm has emerged as a particularly attractive candidate due to its ability to approx-
imate gradients with only two objective function measurements. As a result, SPSA and its variants
have found practical applications in diverse areas such as level control system [38]–[40], well place-
ment [41], [42], system identification [43], training neural network [44], Dynamic Traffic Assignment
(DTA) [45], optimal control problem [46], distributed sensor networks [47], Unmanned Aerial Vehi-
cle (UAV) [48], and quality control for medium voltage insulator [49]. Since its inception, SPSA has
evolved into multiple advanced formulations aimed at addressing specific convergence, efficiency,
and robust challenges. Early developments include a one-measurement SPSA to enhance efficiency
in non-stationary systems by requiring only a single objective evaluation per iteration. This was fol-
lowed by second-order SPSA and adaptive variants, which leverage concurrent Hessian estimation to
exploit local curvature, thereby accelerating convergence, particularly in ill-conditioned optimization
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landscapes [50]. Generalized SPSA (G-SPSA) has been proposed to broaden the standard algorithm
by introducing more flexible perturbation and gradient estimation schemes, thereby improving con-
vergence across a range of problem structures [51]. Meanwhile, one-sided SPSA techniques approxi-
mate gradients by contrasting perturbed and unperturbed measurements, thereby reducing the number
of required evaluations while maintaining convergence behavior [52]. For high-dimensional parame-
ter tuning, multi-resolution SPSA (MR-SPSA) decomposes the optimization process into sequential
phases with varying design vector dimensions, leading to more rapid convergence through progres-
sive refinement [53], [54]. More recently, weighted SPSA (W-SPSA) approaches integrate stochastic
gradient perturbations with consensus dynamics to enable distributed cooperative target tracking, en-
hancing convergence rates and track accuracy in multi-agent systems under uncertainty [55]. Collec-
tively, these advancements underscore the versatility of SPSA and its adaptations in tackling diverse
optimization problems across engineering domains.

In data-driven control frameworks, SPSA serves as a powerful tool for optimizing controller
parameters. However, directly applying the standard SPSA algorithm to such tuning tasks can be
challenging. Due to its stochastic update mechanism, parameter adjustments may become exces-
sively large, potentially driving the system toward instability. Furthermore, since the performance
objective function is often not defined in closed form, it becomes difficult to ensure that the resulting
tuned parameters will consistently yield a stable closed-loop response under all operating conditions.
To mitigate these issues, several SPSA variants have been proposed. The Norm-Limited SPSA (NL-
SPSA) [53], [56] introduces a saturation function to restrict the magnitude of parameter updates,
thereby enhancing convergence stability. Nevertheless, this improvement comes at the cost of addi-
tional parameters and a narrower search space, which may constrain exploration. To address this, the
Normalized SPSA (N-SPSA) [57] normalizes perturbation-based measurements relative to their peak
values at each iteration, improving convergence uniformity without introducing extra tuning parame-
ters. While both approaches enhance robustness, they remain reactive in nature and operate solely on
instantaneous feedback, without leveraging historical information from previous iterations.

Although these improvements are notable, both NL-SPSA and N-SPSA remain memoryless op-
timizers. Each iteration updates parameters based only on immediate perturbation feedback, without
considering the historical quality of prior solutions. As a result, in noisy or time-varying environ-
ments, these algorithms may exhibit erratic convergence behavior or discard previously optimal pa-
rameter sets. This limitation reveals a critical gap: the absence of a stabilizing mechanism capable
of retaining useful historical information while maintaining SPSA’s lightweight computational struc-
ture. The proposed memory-retention mechanism directly addresses this shortcoming by introducing
a persistent feedback path that reuses the best-performing design variable as a reference for subse-
quent updates. Conceptually, this transforms the SPSA framework from a purely reactive process
into a history-aware stochastic approximation model, marking a new paradigm that embeds memory
within single-trajectory optimization rather than merely adjusting algorithmic parameters. In contrast
to saturation-based or normalization-based variants, the memory mechanism operates as a stabilizing
anchor that continuously references the best historical state, thereby preventing stochastic divergence
and premature convergence. It also enhances exploration stability in multimodal landscapes without
introducing additional hyperparameters, ensuring that the search trajectory remains both adaptive and
computationally lightweight.

Building upon this identified gap, our earlier work introduced the memory-based Simultaneous
Perturbation Stochastic Approximation (M-SPSA) [58], a variant that enhances tuning stability by
retaining the best-performing design variable associated with the minimum objective function value
throughout the optimization process, thereby preventing deterioration due to stochastic noise. When
previously validated on a liquid-slosh suppression system, M-SPSA achieved lower objective func-
tion values, reduced variance, and faster convergence than the NL-SPSA while maintaining compara-
ble computational cost. Extending this algorithm to FJMs introduces additional nonlinear coupling,
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underactuated dynamics, and oscillatory flexible-link behavior, creating a more demanding optimiza-
tion landscape that further validates the robustness and adaptability of the memory mechanism under
complex and non-stationary conditions.

This paper investigates the application of the proposed M-SPSA for optimal PID tuning of FJMs.
The study begins by illustrating the convergence instability commonly encountered with the standard
SPSA algorithm, followed by the presentation of the proposed M-SPSA incorporating a memory-
retention mechanism that preserves the best-performing parameter set throughout the optimization
process. This strategy is then integrated into a PID tuning framework specifically designed for flexible
manipulators to evaluate its practical effectiveness. The algorithm’s performance is assessed through
simulation, demonstrating notable improvements in convergence reliability, tracking accuracy, and
control efficiency. The research contributions of this study are as follows:

i. Formulation of the M-SPSA algorithm that enhances convergence stability through adaptive memory-
based parameter updating.

ii. Integration and validation of M-SPSA for data-driven PID tuning in FJMs, achieving improved
tracking accuracy, energy efficiency, and convergence reliability compared to previous SPSA vari-
ants.

2. Methodology

This section begins by introducing the standard SPSA algorithm and highlighting its typical
convergence challenges. To maintain methodological consistency and ensure fair benchmarking, the
illustrative example from [59] is adopted for evaluating the proposed approach.

2.1. Standard SPSA

Fig. 1 illustrates the general framework of data-driven optimization tools, where algorithms
such as SPSA and its variants adaptively tune controller parameters in real time. The controller
generates the control input based on the reference signal, while the plant output is compared with
the reference to compute the error. This error, evaluated through a performance index, guides the
optimization tool in updating the controller parameters and minimizing the objective function. This
process enables adaptive, data-driven tuning without the need for an explicit plant model.
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Fig. 1. Research flow of data-driven optimization tools framework [60]
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Building upon this framework, the standard SPSA algorithm serves as the baseline optimiza-
tion approach for this study. Originally introduced by Spall [37], SPSA is a stochastic optimization
method that estimates the gradient of an objective function through simultaneous perturbations of
all parameters. The algorithm requires only two function evaluations per iteration, regardless of the
problem dimension, making it computationally efficient for noisy or high-dimensional optimization
tasks.

Let f : Rn → R be the objective function, and z ∈ Rn represent the design variable to be
optimized. The optimization goal can be expressed as:

min
z∈Rn

f(z) (1)

Within the SPSA framework, the design variable z is iteratively updated as

zk+1 = zk − akg(zk) (2)

Here, zk ∈ Rn is the design variable at iteration k, ak ∈ R+ is a positive scalar gain, and
g(zk) ∈ Rn represents the gradient approximation obtained via stochastic perturbation.

g(zk) =



f(zk + ck∆k)− f(zk − ck∆k)

2ck∆1k

f(zk + ck∆k)− f(zk − ck∆k)

2ck∆2k

...

f(zk + ck∆k)− f(zk − ck∆k)

2ck∆nk


(3)

The stochastic gradient is estimated as (3), where the scalar ck ∈ R+ defines a secondary gain
parameter, ∆k ∈ Rn is a vector of randomly generated perturbations, and ∆ik ∈ R denotes the i-
th component of ∆k. The expected value of g(zk) closely approximates the true gradient of f(zk),
allowing SPSA to operate as a randomized form of the classical steepest-descent method. Table 1
presents a stepwise summary of the standard SPSA procedure, which forms the basis for subsequent
variants, including N-SPSA [50], NL-SPSA [59], and the proposed memory-based SPSA (M-SPSA)
developed in this study.

2.2. Unstable Convergence of Standard SPSA

To highlight the limitations of the standard SPSA, a benchmark scenario consistent with [59]
and [50] is adopted. The nonlinear objective function is defined as:

f(z) =
(
(z − 1)T(z − 1)

)3
(4)

And possesses a global minimum at z = 1 for dimension n = 10. Following [50], the gain
sequences are defined as ak = 0.05/(k+200)0.602 and ck = 0.01/(k+1)0.101, while the perturbation
vector ∆k is drawn from a symmetric Bernoulli distribution and the initial design variable is initialized
as z0 = 0.
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Table 1. Standard SPSA algorithm [37]

Step Description
S1 Initialize the gain sequence parameters a, A, α, c, and γ for a(k) and c(k). Assign an

initial guess for the design variable z(0), define the total number of iterations kmax, and
set the iteration index k = 0.

S2 Construct a random perturbation vector ∆(k), with each component typically sampled
from a symmetric Bernoulli distribution.

S3 Perform two evaluations of the objective function at the perturbed design variable:
f(z(k) + c(k)∆(k)) and f(z(k)− c(k)∆(k)).

S4 Estimate the gradient g(zk) using:

g(zk) =
f(z(k) + c(k)∆(k))− f(z(k)− c(k)∆(k))

2c(k)
·∆(k)−1

S5 Update the current design variable as follows:

z(k + 1) = z(k)− a(k) · g(zk)

S6 If k = kmax, return the final solution z∗ = z(kmax); otherwise, increment k = k + 1
and return to Step S2.

To demonstrate the convergence characteristics of the standard SPSA, the algorithm is evaluated
on this benchmark configuration. Fig. 2 illustrates the divergence of the objective function value over
successive iterations, highlighting the algorithm’s inability to approach the global minimum under
these gain settings.

This result shows that divergence can occur even when theoretical convergence conditions are
satisfied. The instability arises from unbounded update norms inherent in the stochastic approxima-
tion process, rather than parameter mis-tuning or implementation error.

Consequently, this example motivates stabilization strategies such as the NL-SPSA [59], the
N-SPSA [50], and ultimately the M-SPSA proposed in this study.

Building upon these prior stabilization strategies, the following section introduces a memory-
based formulation that further mitigates stochastic divergence while preserving the computational
efficiency of the SPSA framework.

2.3. Memory-based SPSA (M-SPSA)

This part of the study focuses on addressing convergence instability that commonly arises with
the standard SPSA algorithm. To overcome this, the M-SPSA method integrates a memory-based
strategy that continually stores the best design variable encountered during the optimization.

Let z(k) ∈ Rn represent the design variable at iteration k, and let f(z) be the objective function
to minimize. At each iteration, a perturbation vector ∆(k) ∈ Rn is generated, with each element
∆i(k) drawn from a symmetric Bernoulli distribution. To facilitate a more concise mathematical
representation, the perturbed parameters are defined as z+ = zk + ck∆k and z− = zk − ck∆k.
The associated objective function evaluations are denoted by f(z+) = f(zk + ck∆k) and f(z−) =
f(zk − ck∆k), respectively. Using these evaluations, the gradient is approximated as:

ĝi(k) =
f(z+(k))− f(z−(k))

2c(k)∆i(k)
, i = 1, . . . , n (5)

In the following, we present an improved update formulation for the design variable, modify-
ing (2) as:

zk+1 = zk − akĝ(zk) (6)
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Fig. 2. Illustration of unstable convergence of f(z) under standard SPSA

To enhance stability, the algorithm retains the best-performing solution across iterations using
the following rule:

zbest(k + 1) =

{
z(k + 1), if f(z(k + 1)) < f(zbest(k))

zbest(k), otherwise
(7)

The algorithm proceeds iteratively until the specified maximum number of iterations, kmax, has
been completed. At this point, the optimal solution is defined as z∗ = zbest(kmax). Table 2 summa-
rizes the complete procedural steps of the proposed M-SPSA algorithm, where the memory mecha-
nism is explicitly incorporated following the gradient-evaluation and update stages (corresponding to
Steps S3 and S5 in Table 1).

The performance of the M-SPSA is assessed by re-evaluating the objective function defined
in (4). To ensure a fair comparison, both algorithms are limited to the same Number of Function
Evaluations (NFE) rather than the number of iterations. While the standard SPSA performs two ob-
jective function evaluations per iteration, the M-SPSA requires three evaluations due to the additional
memory update. Therefore, the total number of iterations for each algorithm is proportionally ad-
justed to maintain equivalent computational effort. For example, the standard SPSA with kmax = 30
(2×30 = 60 evaluations) is compared against the M-SPSA with kmax = 20 (3×20 = 60 evaluations),
ensuring both algorithms consume the same number of objective function evaluations.

This adjustment provides an unbiased and computationally fair basis for performance com-
parison. Under these identical conditions, the proposed approach formulated in (5) is tested us-
ing the same experimental setup and gain sequences, except for the modified gain factor defined as
ak = 0.004/(k+200)0.5. Fig. 3 clearly demonstrates that the M-SPSA significantly enhances stabil-
ity and achieves faster and more reliable minimization of the objective function, thereby addressing
the convergence limitations observed in the standard SPSA.

The inclusion of the memory mechanism in M-SPSA is theoretically motivated by the elitist-
retention principle widely used in population-based optimization algorithms such as PSO and GA.
Following the elitist principle that preserves the global–best solution to guide swarm behavior, the
M–SPSA algorithm retains the best historical design variable, θbest, and only updates it when a new
candidate solution yields a lower objective value.

This adaptive retention rule constrains the search trajectory within a stable region, preventing
stochastic divergence while maintaining exploration capability. By incorporating this bounded feed-
back mechanism, M-SPSA achieves improved convergence reliability without compromising global
search efficiency. When both algorithms are compared under an equivalent number of function eval-
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uations, as clarified in this section, the proposed method demonstrates enhanced stability and faster
convergence trends.

Table 2. Memory-based SPSA (M-SPSA) algorithm [58]

Step Description
S1 Set the parameters a, A, α, c, and γ for the gain sequences a(k) and c(k). Define the

initial design variable z(0), maximum iteration count kmax, and initialize k = 0. Also
set fbest = f(z(0)) and zbest = z(0).

S2 Generate a random perturbation vector ∆(k).

S3 Evaluate the objective function at two perturbed points: f+ = f(z(k) + c(k)∆(k))
and f− = f(z(k)− c(k)∆(k)).

S4 Update the best solution: If f+ < fbest, then set fbest = f+, zbest = z(k) + c(k)∆(k);
else if f− < fbest, set fbest = f−, zbest = z(k)− c(k)∆(k).

S5 Approximate the gradient ĝ(zk) using

ĝ(zk) =
f+ − f−

2c(k)
·∆(k)−1.

S6 Update the design variable

z(k + 1) = z(k)− a(k) · ĝ(zk).

S7 If f(z(k + 1)) < fbest, then set fbest = f(z(k + 1)), zbest = z(k + 1); else, assign
z(k + 1) = zbest.

S8 If k = kmax, return z∗ = zbest; otherwise, increment k = k + 1 and repeat from Step
S2.
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Fig. 3. Illustration of stable convergence of f(z) under M-SPSA

2.4. Computational Complexity and Comparative Analysis with Elitist PSO

To provide a comprehensive perspective on the computational implications of the proposed ap-
proach, the complexity of M-SPSA is examined and compared with that of the elitist PSO algorithm.
The computational complexity of the proposed M-SPSA is mainly governed by the parameter update
and objective-evaluation steps described in Table 2.

Updating the design variable z(k) requires O(p) arithmetic operations per iteration, where p
denotes the dimensionality of the problem, while the evaluation of the objective function at three
perturbed points, f+, f−, and f(zk+1), adds a constant number of function evaluations independent
of p. Hence, for a maximum iteration count kmax, the overall computational complexity of M-SPSA
can be expressed as O(kmax × p). This linear relationship with respect to both iteration count and
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problem size ensures scalability in high-dimensional control tuning applications. In contrast, the
elitist PSO algorithm, as detailed in the pseudocode of [61], maintains a population of Np particles,
each requiring independent objective evaluations and updates of local (pbesti, fbesti) and global
(gbest, fgbest) best positions.

Accordingly, its arithmetic and memory costs scale as O(kmax × Np × p), reflecting a sub-
stantially higher computational load due to its population-based structure. While PSO employs an
elitism mechanism that preserves both global and local best solutions across all particles, the pro-
posed M-SPSA retains only a single best pair (zbest, fbest), introducing merely O(p) additional mem-
ory overhead. This design allows M-SPSA to maintain the trajectory-based efficiency of standard
SPSA while integrating an elitist-inspired retention mechanism that improves convergence stability
and robustness.

3. Results and Discussion

This section presents the performance analysis of the M-SPSA algorithm applied to the data-
driven PID tuning of FJMs. The main objective is to minimize oscillatory motion typically observed
in lightweight mechanical structures, such as flexible joint systems [62].

As shown in Fig. 4, the control framework consists of a reference signal r(t) that represents the
desired tip angle, the actual output angle θ(t), the deflection angle α(t) of the flexible link, and the
control input u(t). The system dynamics are represented by plant G, adopted from [62], and serve as
the foundation for controller design and evaluation.

G :=

[
A B
C D

]
(8)

The matrices A, B, C, and D are formulated as per [62], enabling a full state-space representa-
tion of the flexible joint plant. This model is used to configure the PID controller structure for each
control loop as:

Ki(s) = Pi

(
1 +

1

Iis
+

Dis

1 + Di
Ni
s

)
(9)

Here, for i = 1, 2, the parameters Pi, Ii, Di, Ni ∈ R represent the proportional gain, integral
time constant, derivative time constant, and derivative filter coefficient, respectively. In the context
of flexible joint manipulation, the primary objective is to ensure that the output angle θ(t) accurately
tracks the reference signal r(t). Concurrently, the control mechanism should suppress vibration at
the flexible link, reflected in the deflection angle α(t), while minimizing the magnitude of the control
input u(t). To evaluate controller performance, the following objective function is formulated to
represent tracking accuracy, vibration suppression, and control-effort efficiency:

J(ψ) = 400

∫ 4

0
|r(t)− θ(t)|2 dt+ 400

∫ 4

0
|α(t)|2 dt+

∫ 4

0
|u(t)|2 dt (10)

Where ψ = [P1 I1 D1 N1 P2 I2 D2 N2]
T ∈ R8 denotes the vector of PID tuning parameters.

The reference signal r(t) applied during simulation is defined as:

r(t) =

{
50t, 0 ≤ t ≤ 1,

50, 1 < t ≤ 4.
(11)

Remark: The reference signal r(t), as defined in (11), follows a ramp profile from 0 to 1 second
and then holds steady at 50◦.
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Fig. 4. Block diagram of the PID-based control architecture for the flexible joint system [50]

This excitation strategy is intentionally adopted to evaluate the performance of the data-driven
PID controller tuned via M-SPSA, particularly during the ramp interval when tracking precision is
most critical. Such input profiles are frequently utilized in control applications to prevent excessive
vibrations that can result from abrupt step inputs.

The M-SPSA algorithm, as formulated in (5), is implemented by setting the objective func-
tion f to the cost function J , and applying a logarithmic transformation to the decision variables:
zi = logψi for i = 1, 2, . . . , 8, where zi denotes the i-th element of vector z. This transformation
improves numerical stability and enables more effective exploration of the parameter space. The
gain sequences are defined as ak = 0.206

(k+22)0.716
and ck = 0.09

(k+1)0.0892
, with the initial vector set as

z0 = [0.5 1.0 0.0 1.0 0.0 1.0 0.0 2.0]. To assess the robustness of M-SPSA, 30 indepen-
dent simulations are conducted. Performance metrics include the average, best, worst, and standard
deviation (Std.) of the cost function, in addition to the error norm and control input norm.

As illustrated in Fig. 5, the proposed M-SPSA algorithm demonstrates stable convergence within
133 iterations for data-driven PID tuning of the flexible joint system. This is notably faster than the
200 iterations typically required for NL-SPSA and N-SPSA [50], confirming the improved conver-
gence efficiency achieved through the memory-retention mechanism that preserves the best-performing
design variable during optimization.

The final design variable at iteration k = 133 is obtained as Z133 = [1.3544 0.8827 −
0.8279 2.3370 − 0.4811 0.7868 − 1.2220 2.0064], which corresponds to the optimized PID
parameters ψ133 = [22.62 2.96 3.367 217.27 0.33 0.05 0.02 101.48]. These results validate
that M-SPSA achieves faster and smoother convergence while maintaining robustness and parameter
stability under simulation conditions.
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Fig. 5. Convergence of the objective function J(ψ) using M-SPSA

Fig. 6, Fig. 7 and Fig. 8 depict the system responses for θ(t), α(t), and u(t), respectively. In
each figure, the red-dotted line denotes the system output under the initial PID parameters (k = 0),
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while the solid black curve shows the optimized performance achieved at k = 133.
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Fig. 6. Evolution of θ(t) response with M-SPSA iterations
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Fig. 7. Evolution of α(t) response with M-SPSA iterations

As observed in Fig. 6, M-SPSA improves angular tip position tracking, achieving negligible
steady-state error and minimal overshoot. This outcome aligns with earlier findings on N-SPSA [50],
which also demonstrated enhanced tracking under optimized tuning. In this case, M-SPSA attains
comparable accuracy with fewer iterations, underscoring its convergence efficiency. These results
highlight the algorithm’s stability and precise control response.
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Fig. 8. Evolution of u(t) response with M-SPSA iterations
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Furthermore, as shown in Fig. 7, M-SPSA improves the damping of oscillations in the link
deflection response, achieving stabilization in approximately 2 seconds. Although the tuned controller
produces a slightly larger peak deflection (ranging from −1.9◦ to 2.4◦), the suppression of oscillatory
motion is considerably faster than with the baseline parameters. This outcome is consistent with
earlier findings using N-SPSA [50], which also reported enhanced damping through optimized tuning.

In the present study, M-SPSA attains similar suppression performance with fewer iterations,
demonstrating improved convergence efficiency. These results highlight the algorithm’s capability to
enhance transient stability while maintaining computational efficiency.

As shown in Fig. 8, M-SPSA produces a quicker settling response in the control signal. Although
the input stabilizes more rapidly than in the baseline case, it exhibits a spike of about −180V, which
increases the risk of actuator saturation in practical applications. This emphasizes the importance of
incorporating saturation-aware control strategies in real implementations.

Consistent with earlier studies using N-SPSA [50], which also reported faster response under
optimized tuning, the present results show that M-SPSA achieves comparable performance while im-
proving convergence efficiency. The findings highlight a clear trade-off: improved tracking accuracy
and faster settling are accompanied by a transient peak.

Table 3 presents a comprehensive statistical comparison of three SPSA-based data-driven PID
control strategies: NL-SPSA and N-SPSA, both adopted from [50], and the proposed M-SPSA. The
comparison is based on 30 independent simulation runs and evaluates performance using three quanti-
tative metrics: the overall cost function J(ψ), the combined squared tracking error and control effort,
and the total control-input energy.

Note that the bold values in Table 3 indicate the best performance for each metric. These sta-
tistical outcomes provide a quantitative benchmark for assessing the convergence efficiency, stability,
and energy-optimization capability of the proposed algorithm relative to existing SPSA variants.

Table 3. Statistical performance comparison among NL-SPSA, N-SPSA, and M-SPSA

Algorithm NL-SPSA N-SPSA M-SPSA
[50] [50]

J(ψ) (×103)

Average 4.1203 4.1027 4.1017
Best 4.1013 4.0717 4.0655

Worst 4.1493 4.1486 4.1544
Std. 0.0126 0.0191 0.0249

∫ 4

0
|r(t)− θ(t)|2dt+

∫ 4

0
|α(t)|2dt

Average 3.3717 3.3521 3.4776
Best 3.3039 3.2457 3.0997

Worst 3.4108 3.4306 3.6442
Std. 0.0257 0.0303 0.1285

∫ 4

0
|u(t)|2 dt (×103)

Average 2.7716 2.7618 2.7106
Best 2.7486 2.7363 2.6330

Worst 2.7987 2.8180 2.8748
Std. 0.0126 0.0187 0.0587

In terms of the cost function J(ψ), M-SPSA achieves the lowest average and best-case perfor-
mance, corresponding to improvements of 0.45% and 0.87% over NL-SPSA, and 0.02% and 0.15%
over N-SPSA, respectively. These results emphasize that M-SPSA attains comparable optimization
performance to N-SPSA while offering more efficient convergence relative to NL-SPSA.

Regarding the combined metric of squared tracking error and control effort, N-SPSA achieves the
lowest average value, indicating consistent performance across trials. However, M-SPSA provides the
best-case outcome, with improvements of 6.18% compared to NL-SPSA and 4.50% compared to N-
SPSA. This demonstrates that M-SPSA can reduce transient deviations and sustain accurate trajectory
tracking under optimal tuning conditions, while delivering comparable average performance to N-
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SPSA.

With respect to control input energy, M-SPSA achieves the lowest average and best-case perfor-
mance, showing improvements of 2.20% and 4.21% over NL-SPSA, while outperforming N-SPSA
by 1.86% and 3.78%. Although the latter improvement is relatively small, it indicates that M-SPSA
maintains energy efficiency comparable to the best existing variants, which is particularly important
in applications where actuator saturation and energy consumption are critical.

To strengthen the reliability of these results, a Wilcoxon Signed-Rank test was conducted to
assess statistical significance among the three methods. The analysis yielded a p-value of 0.0005
at the 5% level when comparing M-SPSA with NL-SPSA, confirming the statistical superiority of
M-SPSA. In contrast, the comparison between M-SPSA and N-SPSA indicated no statistically sig-
nificant difference (p = 0.992), suggesting that both algorithms perform at a comparable level. These
results indicate that while M-SPSA addresses the instability and variability observed in NL-SPSA, it
sustains performance levels consistent with N-SPSA, thereby validating its robustness and reliability
for nonlinear system identification of flexible manipulators.

3.1. Practical Implications and Closing Remarks

Collectively, the results confirm that M-SPSA delivers stable control performance within a
deterministic simulation setup. The observed improvements translate into practical benefits for FJMs,
particularly in applications that require precise motion control, reduced actuator effort, and reliable
tracking performance.

From a practical perspective, improved convergence efficiency can shorten controller tuning
time, while smoother and more energy-efficient actuation may contribute to extending actuator lifes-
pan and improving operational dependability. These characteristics suggest that M-SPSA could serve
as a viable approach for adaptive manipulators, cooperative robotic systems, and precision robotic
joints, where robustness and consistency are crucial.

4. Conclusion

This paper presents an enhanced Simultaneous Perturbation Stochastic Approximation (SPSA)
algorithm that integrates a memory-retention mechanism for the optimal tuning of PID controllers
in Flexible Joint Manipulators (FJMs). By integrating a memory mechanism that preserves the best-
performing design variable throughout the optimization process, the proposed M-SPSA enhances
convergence stability and reliability compared to other SPSA variants such as NL-SPSA and N-SPSA.

Simulation results confirm that M-SPSA achieves stable and efficient convergence with measur-
able reductions in the objective function and control energy while maintaining acceptable tracking
accuracy and actuator smoothness. Beyond numerical improvements, the key contribution lies in
demonstrating that memory retention introduces stability and robustness benefits in nonlinear, under-
actuated systems where stochastic divergence is common.

The algorithm offers a lightweight and scalable solution for reliable PID tuning in dynamic
environments, with applicability across robotics domains such as adaptive manipulators, unmanned
aerial vehicles (UAVs), and other flexible systems. Although the improvements are modest in
magnitude, they provide meaningful practical gains, including smoother actuation and improved
long-term reliability of control components. Future work will focus on real-time validation using an
experimental hardware setup and on extending the approach to multi-input multi-output (MIMO) and
adaptive control systems to reinforce its relevance for practical robotic applications.
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