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Abstract—Identifying the parameters of a dynamic model
under real-time operating conditions is a challenging task,
especially when dealing with uncertain disturbances. This study
introduces a reinforcement learning-based approach for robust
parameter estimation, enabling the determination of optimal
model parameters directly from raw data. The proposed method
operates as an online parameter identification algorithm, elim-
inating the need for labeled training datasets or observation
windows. It demonstrates superior performance compared to
classical methods, effectively rejecting unknown disturbances in
dynamic processes and adapting seamlessly to new environments
without requiring historical data. The algorithm’s robustness
and effectiveness are validated through simulations focused on
acquiring accurate parameter values.

Index Terms—reinforcement learning, proximal policy opti-
mization, parameter estimation.

I. INTRODUCTION

Mathematical models are the building blocks of modern
systems in the area of engineering, representing information
and providing the foundation for decision-making and control.
These models play a significant role in many applications,
including chemical process control, manufacturing systems,
and aerospace engineering, as well as smart buildings [1].
The increasing availability of computational resources has
enabled the use of complex models in real-time decision-
making, paving the way for autonomous systems. However,
many of these systems exhibit nonlinear and time-varying
behaviors, necessitating continuous adjustments to model pa-
rameters during operation. Addressing this challenge is vital
for achieving high performance and adaptability in dynamic
and uncertain environments. Traditional parameter estimation
techniques often involve methods like gradient-based opti-
mization [2], statistical modeling [3], and recursive prediction
error minimization [4]. While these methods have been suc-
cessfully applied to systems of manageable complexity, they
face significant limitations in highly nonlinear, time-varying
systems. Approaches such as extended Kalman filters (EKF)
[5], unscented Kalman filters (UKF) [6], and particle filters
[7] address some of these challenges but are computationally
expensive or require simplifying assumptions about system
dynamics. These limitations make them less suitable for
modern, complex, and dynamic engineering applications. To
overcome these challenges, researchers have turned to data-
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driven and machine learning approaches. Supervised learning
methods offer solutions for parameter estimation but are
constrained by the need for large datasets and struggle to gen-
eralize outside predefined conditions [8]. Furthermore, noisy
measurements frequently lead to suboptimal performance in
tracking model parameters. Reinforcement learning (RL) has
emerged as a promising alternative, offering the ability to
learn complex tasks with high sample efficiency [9]. Unlike
supervised methods, RL enables parameter estimation policies
that adapt dynamically to changes in system behavior without
requiring extensive offline training datasets or intrusive system
perturbations. The benefits of RL are particularly relevant for
nonlinear and time-varying systems, where traditional methods
fall short. By formulating parameter estimation as a sequential
decision-making problem, RL provides a robust framework
for exploring and exploiting parameter spaces. Existing works
have demonstrated the application of RL in calibration tasks
[10], parameter estimation for chemical process [11], and forg-
ing machines [12]. However, challenges remain in ensuring
convergence, robustness, and scalability to broader contexts.

This paper focuses on leveraging Reinforcement Learning
(RL) for online parameter estimation, a key challenge in
dynamic systems, where real-time adaptability and robustness
are essential. Specifically, we propose an automated RL-
based approach utilizing the Proximal Policy Optimization
(PPO) method to estimate parameters from limited and dis-
turbed observations [13]. PPO, a policy-gradient algorithm,
is particularly well-suited for this task due to its ability
to balance exploration and exploitation while maintaining
stability during training. The proposed method incorporates
disturbance rejection mechanisms directly into the learning
framework, enabling the RL agent to minimize the impact of
disturbances on the parameter estimation process. This ensures
a more robust and consistent estimation in scenarios with
high variability or unpredictable disturbance. To evaluate its
effectiveness, we test the approach on a rotary flexible joint,
a representative system for dynamic and disturbance-prone
mechanism.

The paper is organized as following: Section II describes the
RL’s procedure and releases the proposed approach. Section
IIT presents the model of rotary flexible joint. In Section IV,
the model parameters are elaborated by the proposed approach
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and comparisons are made with a classical method. Finally,
conclusions are drawn in Section V.

II. PROPOSED METHOD

This section presents the main algorithm and the key
components of the RL problem.

A. Proximal Policy Optimization

In reinforcement learning, policy gradient-based algorithms
present an excellent framework for addressing problems in
continuous action spaces. The primary objective of these
algorithms is to maximize the cumulative expected rewards,
represented as L = E[Y", r(s;, a;)] where r is the immediate
reward at time ¢, s; iS the observation at time ¢ and a; is
the action at time ¢. The gradient of the objective function L,
incorporating a baseline, is commonly expressed

VoL = [ n(s) [ Vimolal)a(s.a)
=E[Vglogmy(als)A(s, a)]

)]

where ¢ represents the parameters of policy, S denotes the set
of all states and A denotes the set of all actions, respectively.
1(s) is an on-policy distribution over states. 7 is a stochastic
policy that maps state s € S to action a € A, and A is an
advantage function.

Trust region policy optimization (TRPO) [14] replaces the
objective function L with a surrogate objective and constrains
the divergence between the new policy and the fixed, previous
policy. This is achieved by solving the following optimization
problem:

molals) 4o
Ao
subject to  E[KL (mg,, (:|5), ms(-]s))] <6

2)

maximize E {
[

where, the previous policy, denoted as g, remains fixed
during training and is responsible for generating actions. The
goal is to optimize the current policy, 7y, while ensuring
that updates are not overly aggressive. To achieve this, an
upper bound § is imposed to constrain the Kullback-Leibler
divergence between 7wy and 7y,

Fig. 1 shows the overall process of an Actor—Critic PPO
algorithm performed by an agent whenever every episode
ends. First, the Actor—Critic PPO obtains a finite mini-batch of
sequential samples (i.e., experience tuples) from the trajectory
memory. In a mini-batch, the first data point is selected
randomly, but all following data points must come in order,
one after another, without skipping any steps. PPO can be
treated as an approximated but much simpler version of TRPO.
It roughly clips the ratio between 7y, and 7, and changes
the surrogate objective function into the form:

y§(6) = E[min (r()A, clip (r(¢),1— ¢, 1+ ¢) A)] (3)

where r(¢) % and e is the clipping bound. Note that
old

PPO here is an actor-critic style algorithm, where the actor is
the policy 74 and the critic is the advantage function A.
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Fig. 1. Architecture of PPO model

The advantage function intuitively measures how good a
state-action pair is relative to the average value of the current
state. Specifically, Q(s, a) represents the expected cumulative
reward for taking action «a in state s while V' (s) represents the
expected return for being in state s. The advantage function
is then defined as A(s,a) = Q(s,a) — V(s). Generalized
Advantage Estimation (GAE) [15] is the most commonly
used technique for computing the advantage function. This
approach is particularly suitable for PPO and other policy
gradient algorithms and can be formulated as follows:

Ai(sg,a) =1 + Y1+ F ’YT_tHrT,l

4
AT (s7) — V() @

where 1" represents the predefined maximum trajectory length
rather than the final time step of an episode and ~ denotes the
discount factor. To prevent bootstrapping, the value function
V(st) is set to zero if the episode terminates. Under such
conditions, the advantage function is defined as A; = Gy —
V' (st), where Gy is the discounted return following time ¢, as
established in [9]. Alternatively, a more generalized form of
GAE can be utilized:

Ai(s,ar) = 0 + (YA) g1 + -+
+ () e

where 6; = 1y + YV (str1) — V(s¢), which is known as
the Temporal Difference (TD) error. Notably, setting A = 1
reduces this equation to (4), introducing high variance, while
choosing A = 0 reduces it to §; which minimizes variance but
introduces bias [9].

To approximate the advantage function, it suffices to esti-
mate the state value function Vj,, (s) instead of Q(s, a), where
6 = 10 + YV, (s:41) — Vi, (5¢). Instead of optimizing the
surrogate objective, we aim to minimize the loss function.

&)

Ly,

b = (’I”t + YTt4+1 + -4 ’YT_HJT’T,l

. . (6)
T () — Vi, (s0))

where Vq;’ld denotes the fixed value function utilized in com-
puting d;.
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Fig. 2. Employing reinforcement learning for parameter estimation

B. RL for Parameter Estimation

This section formulates the RL approach to estimate the
parameters 6 of a dynamic system model by minimizing
the error between the physical system output and the model
output. The physical system output y and model output ¢ are
represented as

§=f(0,,u) (8)

with real valued parameters 0, states x, input v of the system
and an external disturbance d. ¢ denotes the output responses
from the simulator with the estimated parameter values of
6 and estimated states #. The estimation policy 7 aims to
learn a strategy that determines how parameter adjustments
can minimize the model error e = y — . Fig. 2 illustrates the
proposed parameter estimation method.

Optimizing parameter values 0 to minimize the model
error e toward zero can be framed as a sequential decision-
making problem. In this context, each sequence of parameter
adjustments leads to a new state, characterized by the model’s
deviations. The choice of the next parameter estimate relies
solely on the current information available at each step,
making the process approximately Markovian—an essential
property for applying Reinforcement Learning (RL) methods.
This Markovian property is valid when observations o of the
environment are sufficiently informative to guide the decision
for the next action 6.

In RL, the environment is defined at discrete time steps ¢,
where the agent receives observations o; and selects actions
ét. These actions lead to transitions to new states s;4; ac-
companied by scalar rewards r; that provide feedback on the
agent’s performance.

Note that, in this study, our strategy to guarantee that the
parameter values are within physically possible ranges is to
clip the action values when the estimated parameter values
are out-of-bound. This clipping in turn ensures the stability
and reliability of our model estimation. The clipping function
is formulated as:

éclip = min (max(é, émin): émax) (9)

C. Agent Observations

The proposed RL agent aims to minimize the model’s pre-
diction error by incorporating information from the physical
system output y and the model output . For this purpose,
the model error e is selected as the primary observation.
Additionally, it has been observed that including the integral
and derivative of the prediction error in the observation space
provide the RL agent with richer information about the sys-
tem’s dynamic behavior.

Note that, state transitions are dictated by the physical
system, which is presumed to be unknown to the RL agent.
The agent has access only to the observed output of the system.
In this study, the physical system is simulated using a ”ground
truth” model.

D. Robust Disturbance Rejection Reward

The reward function plays a critical role in RL as it serves
as the guiding principle for the agent to learn and improve
its behavior. By quantifying the desirability of specific actions
or outcomes, the reward function shapes the agent’s decision-
making process, ensuring it aligns with the task’s objectives.
In this work, the designed reward function is formulated as

R = _ale - Zﬁl cllp ZNZ 0L At 1)2 - QQGE

(10)
where i is the number of estimated parameters, and «1,03;,
w; and oo are weighting factors. The first term penalizes the
squared error e? ensuring the agent focuses on minimizing
the discrepancy between system output and model output.
The second term penalizes the squared difference between 0
and a predefined clipping threshold échp. This prevents the
agent from taking actions that result in parameters outside the
allowed range. The third term penalizes the squared difference
between the current parameter estimate 0f and Hf 1. This
discourages the agent from taking abrupt parameter updates,
promoting smoother transitions in the parameter estimation
process. The fourth term penalizes the variance of error signal,
a2 which reflects the impact of disturbances on the system.
Penalizing the variance in the reward function allows the RL
agent to minimize the effects of disturbances. The variance
captures the degree of fluctuation in the error signal, with high
variance indicating significant disturbances and low variance
reflecting consistency.
To compute an approximation of the error variance, we use
a sliding window approach. A window of size N is defined to
capture the last N error values during the agent’s interaction
with the system. The mean error p. is calculated over a N-
value buffer. Using this, the variance of the error signal is
approximated by

an

1N
ezﬁz_:

which quantifies how much the error fluctuates over time. By
incorporating this term into reward function, the agent learns
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Fig. 3. Rotary flexible joint platform.

to minimize both the error magnitude ant its variability, pro-
moting disturbance rejection and higher system performance.

The weighting factors should be carefully tuned to avoid
disproportionately emphasizing any single term. Proper tuning
ensures that the main part of the reward function e? remains
dominant while still allowing the additional terms to effec-
tively capture their respective impacts on estimation accuracy.

III. CASE STUDY
A. Rotary Flexible Joint

In Fig. 3, the physical model of the rotary flexible joint
is shown. The basis of the model is the scaffolding that
supports the rotating structure. An electric drive, which is
designed to rotate the structure, is attached to the scaffolding.
The structure is mounted on the gear shaft of this drive. The
rotatably mounted boom, which is additionally stabilized by
two springs, is connected to it. Furthermore, an incremental
angle encoder for measuring the boom angle and a structure for
attaching the springs to the boom are also installed. Since the
boom is rotatably mounted, it can be deflected by an angle «
relative to the structure. The two springs generate a restoring
moment that brings the boom back to its rest position. The
angle between the scaffolding and the superstructure is referred
to as . The boom is formed by guide rail, along which the
cart can be positioned.

B. Mathematical Model

Based on the angular momentum theorem, the correspond-
ing differential equation of motion can be set up for both the
structure and the boom for an external driving torque M 4

d
E@uw+¢»+ma=0

3 (Iaté+9)+ Jsp) + B9 = Mo

where J4 is the moment of inertia of the boom, Js is the
moment of inertia of the structure, kg is the torsional spring
stiffness, « is the deflection angle of the boom, ¢ is the angular
displacement, 8 is the damping coefficient, and M4 is the
applied torque.

(12)

(13)
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The moment of inertia of the boom .J4 can be adjusted by
varying the cart position and is defined as J4 = Jp + my 1>
, where Jp is a constant component, myy is the mass of cart,
and [ represents its position on the boom. The time derivative
of the moment of inertia is given by jA = QmWi.

The external moment M 4, which acts on the structure, is
proportional to the armature current of the electric drive. This
proportionality is described by the torque constant k,,. Since
a gearbox is used, the gear ratio k; must also be taken into
account. The direction of the angles o and ¢ was chosen to
be opposite to the direction of rotation of the drive. This is
taken into account here by the negative sign: M4 = —ikgky,.

Neglecting the motor inductance, the armature current is

;U ghm -
z——Rm—l—Rm . .
kykr,

R’V",

kgknm

This results in the torque: M4 = ——%

R,,, is the motor resistance.
This results in the following differential equations of mo-

tion:
. ks kmks B\ . kmkg
¢=—a+|- i K2 u
JS Rm, JS JS Rm JS

G (R B o (FkS B Ja)
~\Us T Rds '« Js  Js )7

Ja . kmk,
Ta T Rds”

After introducing a state vector of the form x =
(p a ¢ &)7, we can derive the fourth order state space
model of system. In this model, ¢ and « are system outputs.

The used model parameters and data are summarized in
Table 1.

u—

¢, where

(14)

15)

TABLE I
MODEL PARAMETERS

system parameter value

ks 2.88 Nm/rad

Js 94386 x 10~° kgm?
JB 43789 x 10=6 kgm?
K 0.0209 Nm/A

K, 134

Ry, 1.34 Q

B 0.45 Nms/rad
myy 0.08 kg

Since many real-world plants have actuators which can only
be updated at a fixed sampling frequency, we discretize the
continuous-time model using Zero-Order Hold (ZOH) method.
The parameter estimation is then performed on the discrete-
time model, ensuring consistency between the estimated pa-
rameters and the system’s sampled behavior.

IV. SIMULATION AND RESULTS

In the discretized model, we conducted a sensitivity analysis
to evaluate the influence of each parameter on the system’s
output. This analysis identified three parameters as signif-
icantly more impactful than the others, making them the



primary candidates for estimation. However, due to the nature
of this discretized system dynamics, two of these parameters
consistently maintain the same value. As a result, a single esti-
mation value is used to represent both parameters, simplifying
the estimation process without compromising accuracy. This
approach reduces redundancy while maintaining consistency
with the system’s inherent dynamics. Furthermore, although
the system has two outputs, ¢ is not sufficiently sensitive
to the system parameters, and thus only « is considered for
estimation. Furthermore, for parameter estimation, we used a
pseudo-random signal as control input to excite the system
dynamics effectively.

The PPO network consists of two hidden layers, each
containing 64 neurons with tanh activations for the learned
parameters. Regularization is applied to prevent overfitting.
The agent’s parameters are optimized using the GAE advan-
tage function with a learning rate of 0.0001. For each training
episode, 100 rollouts of one timestep (0.1 s) each is collected.
Key hyperparameters include a discount factor  of 0.99 and a
batch size of 64. The trained agent’s performance is validated
using a separate dataset distinct from the training data. This is
ensured by generating random sets of model parameters with
seeds different from those used in training.

We conducted experiments to evaluate the performance of
our proposed model under two distinct scenarios to analyze
its robustness and disturbance rejection capability. In the
first case, we estimated the parameters without introducing
any disturbances to the physical system output, providing a
baseline for comparison. In the second case, we introduced
a correlated disturbance to the system output and tested the
performance of our method incorporating disturbance rejection
term into the reward function. This scenario demonstrated the
full potential of our approach in handling disturbances while
maintaining high parameter estimation accuracy.

A. Case A

We first evaluated our approach in the absence of distur-
bances to the physical system output. The agent was trained
for 350 episodes to optimize estimated parameters. We ob-
served that incorporating the second and third terms in the
reward function significantly reduced the number of training
episodes required for convergence. Fig. 4 illustrates the train-
ing process and the reward signal progression, highlighting the
agent’s learning dynamics and convergence. For comparison,
we employed the Prediction Error Minimization (PEM) [16]
approach, a widely used method in system identification.
The PEM method estimates model parameters by minimizing
discrepancy between the physical system output and predicted
output based on the model. By iteratively optimizing the
parameter set, PEM ensures that the identified model best
fits the observed data, providing a benchmark to evaluate
the performance of our proposed estimation approach. Fig. 5
demonstrates that both PPO and PEM achieved high accuracy,
with estimated parameter values closely following their refer-
ence values.
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Fig. 5. Parameter estimation results in the case without disturbance

B. Case B

In the second scenario, we evaluated our method in the pres-
ence of an external disturbance affecting the system output.
Unlike uncorrelated disturbances, which can often be mitigated
more easily, we considered a correlated disturbance—one of
the most challenging forms of disturbances in system identi-
fication. Correlated disturbances introduce dependencies over
time, making parameter estimation more difficult by masking
the true system dynamics. The applied disturbance is modeled
as a combination of white noise, a sinusoidal signal, and a
constant offset, given by

d(t) = w(t) + Asin(2n ft) + C (16)

where w(t) represents white noise, Asin(27ft) is a sinu-
soidal disturbance with amplitude A and frequency f and C
is a constant offset.

To evaluate the algorithm’s performance, we first train
the agent for 600 episodes in the presence of disturbances
without incorporating disturbance rejection term in the reward
function. As shown in Fig. 6, the estimated value of the first
parameter (f;) exhibits small discrepancies and fluctuations
due to disturbances, while the second parameter’s estimation
(62) is significantly worse, deviating further from the refer-
ence value. To enhance accuracy, we introduce a disturbance
rejection term in the reward function and train the agent using
two different window sizes—one small N = 5 and one large
N = 50—to assess their impact. With N = 5, the agent tracks
reference values more accurately for both 6; and 65, albeit with
higher fluctuations. In contrast, for N = 50 the estimation
is smoother but less accurate. The reason behind is that for
the small window, the agent reacts quickly to the changes,
capturing disturbances and rapid variations, leading to higher
accuracy but increased fluctuations. In contrast, a larger win-
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Fig. 6. Parameter estimation results in presence of external disturbance

dow averages out disturbances over a longer period, resulting
in smoother behavior but lower accuracy due to lag in adapting
to parameter changes. Finally, we compare our approach with
the Prediction Error Method (PEM). While PEM struggles to
estimate 0, accurately and performs even worse for 6 our
method successfully estimates both parameters dynamically
during training.

It should be noted that, as previously mentioned, due to
the nature of the discretized system dynamics, two of the
three selected parameters for estimation consistently maintain
the same value. In our model, we estimated only one of
these two similar parameters and used the same value for
both. However, PEM does not allow this approach; it requires
either estimating both parameters separately or fixing one and
estimating the other. In our study, we opted for the latter
approach, while estimating both parameters simultaneously led
to worse performance.

Finally, we compared the disturbed and non-disturbed out-
puts of physical system with estimated outputs across the con-
sidered parameter estimation approaches, see Fig. 7. Among
these approaches, the PEM method exhibits the weakest per-
formance, as its estimated output closely follows the disturbed
output, indicating poor disturbance mitigation. In contrast,
our disturbance rejection framework, implemented with both
N =5 and N = 50 demonstrates superior performance. The
estimated outputs in these cases deviate significantly from the
disturbed output and closely align with the non-disturbed out-
put, highlighting the effectiveness of our method in attenuating
disturbances and improving parameter estimation accuracy.

V. CONCLUSION

This work proposes an RL-based method for estimating
parameter sets and real-time system tracking using a distur-
bance rejection PPO algorithm. The reward function includes
a disturbance rejection term to minimize error variance. This
enables the agent to reduce disturbances’ impact on param-
eter estimation. Results show the learned strategy accurately
estimates rotary flexible joint parameters. It remains effective
even with correlated disturbances. The approach outperforms
the traditional Prediction Error Method (PEM).
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