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ABSTRACT

Deep reinforcement learning (DRL) algorithms have shown increasing promise for autonomous decision-making
and continuous control, yet their practical value relative to established control methods remains difficult to
assess under realistic control-engineering conditions. Existing evaluations are often narrow, application-specific,
or based on inconsistent assumptions. As a result, it remains unclear when learned controllers are suitable
alternatives to conventional designs. This paper presents a systematic assessment framework that compares four
prominent DRL controllers with a classical control baseline across a diverse set of applied control problems,
including non-minimum phase dynamics, flexible mechanical systems, nonlinear marine control, and aerial
robotics. The framework standardises modelling assumptions, reward design, controller tuning, computational
budgets, performance metrics, robustness tests, and deployment conditions. This allows fair and reproducible
analysis across methods and applications. The evaluation covers tracking accuracy, settling time, overshoot,
control effort, actuator saturation, disturbance rejection, model uncertainty, robustness margins, and sim-
to-real transfer. The results show that performance depends strongly on the algorithmic structure, system
dynamics, and operating conditions. Learned controllers provide advantages in some cases, particularly for
nonlinearities, constraints, and uncertain operating regimes. Classical control remains competitive in accuracy,
simplicity, and reliability for several benchmark conditions. Under combined saturation and unmodelled
dynamics, the learned controllers maintained stable operation where the classical baseline became unstable.
Real-time deployment on a quadrotor platform further demonstrated stable sim-to-real transfer. The study
establishes a rigorous and reproducible evidence base for assessing the practical suitability of these data-
driven control algorithms in applied control. It clarifies the trade-offs between learning-based and conventional
control. This addresses a critical gap that cannot be easily inferred from isolated, system-specific studies.

1. Introduction

Automatic control theory has undergone more than a century of

2. Addressing problems that cannot be easily modelled by conven-
tional methods, particularly in the development of autonomous
and intelligent control systems where decision-making is central

development in modern history, with a myriad of real-life applications
in various industries that extend into our daily lives (Maxwell, 1868;
Minorsky, 1922; Bennett, 2002). Most controllers have traditionally
been designed based on models or detailed knowledge of the system.
Despite many ups and downs throughout its history, the successful
deployment of model-based controllers remains unquestionable. Nev-
ertheless, a renewed interest has emerged in data-driven, model-free
controllers, motivated by ambitious new goals (Saviolo and Loianno,
2023; Khaki-Sedigh, 2023; Tang and Daoutidis, 2022). These objec-
tives are not aimed at surpassing the already resolved problems of
model-based controllers, but rather at achieving broader ambitions:
1. Enhancing the generalisability of controllers beyond existing ro-
bust and adaptive methods, which are applied to specific model
structures and their associated uncertainties;

* Corresponding author.

(i.e., increasing the autonomy levels of algorithms Antsaklis,
2020; Vagia et al., 2016).

Such challenges include scenarios where control objectives are ei-
ther poorly defined or cannot be properly specified, necessitating a
shift from ‘how’ to ‘what’ to control (Chen, 2024), or even towards
intrinsic motivation to intelligently determine the most appropriate
goal (Tiomkin et al., 2024), potentially realising human-level decision-
making and control. Recent advances in Artificial Intelligence (AI),
Machine Learning (ML), and their subset, Deep Reinforcement Learning
(DRL), have demonstrated significant progress, sometimes achieving
superhuman performance, particularly in gaming and simulation en-
vironments. These advancements have been more prominent in areas
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such as text, voice, and image processing, particularly demonstrated
with the emergence of Large Language Models (LLMs). However, this
progress has not yet been convincingly replicated in the control of
dynamical systems, although some promising results have been re-
ported. In the field of DRL, several solutions, developed through a
paradigm distinct from classical control theory, have attracted consid-
erable attention in the literature, with encouraging results in various
control and autonomy applications (Kendall et al., 2019; Eschmann
et al., 2024; Hadi et al., 2024). The development of DRL algorithms
has seen remarkable advancement, beginning with DQN’s breakthrough
performance on Atari games by DeepMind (Mnih et al.,, 2013). For
continuous control problems, DDPG (Lillicrap et al., 2015) pioneered
an actor—critic approach with deterministic policy gradients, whilst
TD3 (He and Hou, 2020) enhanced stability by addressing overes-
timation bias. PPO (Schulman et al., 2017) introduced a stochastic
policy approach, and TD-MPC2 (Hansen et al., 2023) merged model
predictive control principles with deep learning for improved long-
term performance. TD-MPC2 (Hansen et al., 2023) extends TD-MPC by
integrating decoder-free latent-space with a unified architecture that
demonstrates scalability and generalisation capabilities across diverse
control tasks.

Nonetheless, these approaches’ success has not yet translated into
widespread industrial adoption (Tang et al., 2025), unlike the en-
during fame of the Proportional-Integral-Derivative (PID) controller
or, subsequently, the Model Predictive Control (MPC) approach (Hag-
glund and Guzman, 2024). Regardless of the complexities of tuning
and implementation, a key challenge is the lack of a clear under-
standing of the capabilities and limitations of DRL approaches when
applied to the operational demands of control, especially in a quan-
tified manner. Existing approaches face several real-world limitations
that have hindered this understanding. First, most DRL controllers
are developed and tested exclusively in simulation, with little con-
sideration of performance degradation during sim-to-real transfer due
to unmodelled dynamics, sensor noise, and actuator imperfections.
Second, evaluation under idealised conditions, perfect models, no ac-
tuator constraints, no measurement noise, means the performance are
rarely reproducible in deployment. Third, the absence of standardised,
control-oriented benchmarks means that different studies use incom-
patible metrics, making cross-algorithm comparison unreliable. Some
efforts have been made to address this gap through qualitative surveys,
such as in Busoniu et al. (2018) or in specific process control applica-
tions focused mainly on tracking performance. However, a systematic
and rigorous quantified analysis, as presented in this paper, has not
yet been carried out. There have been a number of recent efforts,
primarily in the process control community, aimed at quantitatively
assessing the performance of these approaches (Lawrence et al., 2022;
Dutta and Upreti, 2023; Joshi et al., 2023; Oh, 2024). Nevertheless,
as thoroughly reviewed in Section 3, these studies remain limited
in scope, and this paper aims to fill that gap by providing a more
systematic and comprehensive evaluation. It is important to note that
the value of DRL does not rest on outperforming classical controllers
in standard regulation tasks, where well-tuned model-based methods
remain highly competitive. Rather, its potential lies in scenarios where
classical methods face fundamental limitations: systems that are diffi-
cult to model, highly nonlinear, or subject to unpredictable constraints
and uncertainties that cannot be easily anticipated at design time.
Understanding precisely where DRL delivers genuine advantages and
where it does not is therefore the central motivation of this study.

This paper addresses a critical research question: How do leading
model-free DRL algorithms perform when confronted with real-world
control challenges, including actuator constraints, time delays, pa-
rameter uncertainties, and external disturbances? We evaluate four
well-established DRL algorithms DDPG, TD3, PPO, and TD-MPC2, and
a model-based LQR controller, all trained with the same reward(cost)
function, on four distinct benchmark problems selected for their rep-
resentative challenges: a non-minimum phase system, the two-mass
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spring system, a nonlinear autonomous underwater vehicle model, and
real-time implementation on a quadrotor drone.

The primary contributions of this work are as follows. It should
be noted that whilst the idea of evaluating DRL through classical
control metrics has precedent in the literature, the contributions of
this paper lie in the systematic consolidation and empirical rigour of
the evaluation rather than in the introduction of new algorithms or
theoretical developments.

First, we establish a comprehensive benchmarking methodology
that evaluates DRL algorithms using metrics directly relevant to control
engineering practice, building on the standardised criteria proposed
in Sarhadi (2025). Specifically, the framework includes settling time,
rise time, overshoot, integral of squared error (ISE), integral of time-
weighted absolute error (ITAE), integral of absolute control effort
(IACE), integral of absolute control effort rate (IACER), peak control
value, gain margin, and delay margin, collectively covering transient
response, control effort, and robustness dimensions essential for in-
dustrial deployment. Whilst individual metrics have appeared in prior
studies, no existing work applies this complete metric set consistently
across multiple algorithms and benchmarks.

Second, unlike previous studies that evaluate algorithms under
idealised conditions with perfect models and no practical constraints,
our approach incorporates actuator amplitude and rate saturations,
measurement noise, external disturbances, time delays, and model un-
certainties simultaneously. This reveals performance degradation pat-
terns and failure modes not apparent in idealised simulations, providing
crucial insights for reliability assessment.

Third, we provide systematic assessment across four carefully se-
lected benchmark problems representing fundamentally different con-
trol challenges: non-minimum phase dynamics, resonant mechanical
systems, nonlinear marine vehicle control, and real-time aerial robotics.
This diversity enables identification of which algorithmic paradigms
suit which classes of control problem, providing practitioners with
actionable guidance.

Finally, beyond simulation, we provide concrete evidence of real-
world viability through hardware deployment on the Crazyflie plat-
form, quantifying sim-to-real performance degradation and demonstrat-
ing that DRL controllers can achieve stable operation despite training-
deployment mismatches.

It should be emphasised that the conclusions drawn in this study are
limited to the evaluated benchmark systems, operational conditions,
and experimental framework considered herein, and should not be
interpreted as universal performance claims applicable to all control
scenarios or DRL methods. Nonetheless, similar results may be expected
in comparable engineering systems.

2. Control algorithms and state-of-the-art

In this section, we present the control methods evaluated in our
benchmarking study, including a classical optimal control baseline
(LQI) and four deep reinforcement learning approaches (DDPG, TD3,
PPO, and TD-MPC2). The selection of these specific algorithms is mo-
tivated by their representation of fundamentally different paradigms:
DDPG and TD3 cover deterministic off-policy learning, PPO represents
stochastic on-policy learning, and TD-MPC2 exemplifies model-based
planning. Together they span from deterministic policy learning to
stochastic policy learning, and from model-free to hybrid model-based
approaches.

2.1. Justification for algorithm selection

The continuous control landscape includes numerous prominent
algorithms such as Soft Actor—Critic (SAC) (Haarnoja et al., 2018a),
Trust Region Policy Optimisation (TRPO) (Schulman et al., 2015),
Advantage Actor—Critic (A2C) (Mnih et al., 2016), and more recent
developments like Randomised Ensembled Double Q-learning (REDQ)
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(Chen et al., 2021) and Dropout Q-Functions (DroQ) (Hiraoka et al.,
2021). Our selection criteria prioritised algorithms that represent fun-
damentally different approaches to continuous control whilst demon-
strating practical viability through widespread adoption and successful
applications.

The selected algorithms are therefore not intended to represent
the entirety of modern reinforcement learning methods for control,
but rather a carefully chosen subset spanning the principal paradigms
most relevant to continuous-control applications. The objective of this
selection strategy is to enable an interpretable and practically man-
ageable comparative analysis whilst still capturing key methodolog-
ical differences between deterministic, stochastic, and model-based
DRL approaches. Similarly, several prominent alternatives, including
SAC, TRPO, REDQ, and hybrid learning-based MPC methods, were
not excluded due to lack of relevance or performance, but rather to
avoid excessive overlap between algorithmic families and to maintain
a focused evaluation framework within the scope of the present study.

DDPG (Lillicrap et al., 2015) serves as the foundational algorithm
for deterministic policy learning in continuous spaces, establishing the
actor—critic framework that underlies many subsequent developments.
Its inclusion is essential as it represents the baseline from which im-
provements are measured. Whilst DDPG has known limitations, under-
standing its performance characteristics provides insight into the fun-
damental capabilities and constraints of deterministic deep reinforce-
ment learning. Its relatively simple implementation and widespread
availability in standard libraries (Raffin et al., 2021) also make it
accessible for practitioners, justifying its continued relevance despite
more sophisticated alternatives.

TD3 (Fujimoto et al., 2018) directly addresses DDPG’s critical weak-
nesses through targeted algorithmic improvements, making it the nat-
ural evolution of deterministic policy learning. The algorithm’s modifi-
cations, twin critics, delayed updates, and target smoothing are specifi-
cally designed to combat overestimation bias and training instability
that undermine value-based methods. Empirical studies consistently
demonstrate TD3’s superior performance over DDPG across diverse
continuous control tasks (Fujimoto et al., 2018), whilst maintaining
similar computational requirements. This combination of improved
reliability and practical efficiency has led to TD3 becoming the de facto
standard for deterministic policy learning in applied settings.

The exclusion of SAC (Haarnoja et al., 2018a), despite its pop-
ularity, merits explanation. SAC employs entropy regularisation to
learn stochastic policies that maximise both expected return and pol-
icy entropy, theoretically providing better exploration and robustness.
However, comparative studies have shown that whilst SAC excels in
sparse-reward and multi-modal tasks, its performance in traditional
control problems with dense rewards often matches or slightly under-
performs relative to TD3 (Cai et al., 2023). Furthermore, SAC’s entropy
tuning introduces an additional hyperparameter that requires care-
ful calibration for control applications where exploration—-exploitation
balance differs from typical RL benchmarks. Given that PPO already
represents stochastic policies in our evaluation and TD3 covers the
twin-critic architecture, including SAC would provide limited incre-
mental insight whilst increasing experimental complexity. It is also
worth noting that the quadratic reward structure shared across all
DRL algorithms does not constrain them to replicate linear behaviour.
The results under operational challenges, particularly the Rohrs uncer-
tainty test in Section 4.4.3, provide evidence of this: whilst the LQI
controller fails under combined actuator saturations and unmodelled
dynamics, all DRL algorithms maintain stable operation and achieve
near-zero steady-state error. This fundamentally nonlinear behaviour,
emerging from policies trained on the same quadratic cost function as
LQI, confirms that the algorithms discover genuinely nonlinear control
strategies rather than approximating linear responses.

PPO (Schulman et al., 2017) represents the on-policy, stochastic
policy paradigm, offering fundamentally different theoretical guar-
antees and practical trade-offs compared to off-policy methods. Its
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selection over TRPO (Schulman et al., 2015) reflects practical consid-
erations: whilst TRPO provides stronger theoretical guarantees through
KL-divergence constraints, PPO achieves comparable performance with
significantly lower computational cost and implementation complexity
(Engstrom et al., 2019). PPO’s clipped objective provides an elegant
approximation to TRPQ’s trust region that proves more robust to hyper-
parameter choices in practice. The algorithm’s success across diverse
domains—from robotic control (Andrychowicz et al., 2020) to game
playing (Berner et al., 2019) demonstrates its versatility and reliability,
making it the natural choice for representing on-policy methods.

TD-MPC2 (Hansen et al., 2023) exemplifies the integration of
model-based planning with deep reinforcement learning, representing
a fundamentally different paradigm from pure model-free approaches.
TD-MPC2’s decoder-free architecture and unified learning framework
address key limitations of earlier model-based methods, particularly the
computational overhead of pixel-based planning and the instability of
separate model and policy learning. Recent benchmarks demonstrate
TD-MPC2’s state-of-the-art performance across diverse control tasks
(Hansen et al., 2024), validating its position as the leading model-based
approach for practical control applications.

We deliberately excluded pure model-based methods without rein-
forcement learning components, such as Learning-based MPC (Hewing
et al., 2020) or Gaussian Process MPC (Kamthe and Deisenroth, 2018),
as these represent a different paradigm that warrants separate in-
vestigation. Similarly, evolutionary strategies (Salimans et al., 2017)
and derivative-free optimisation methods (Mania et al., 2018), whilst
showing promise for control applications, operate on fundamentally
different principles that would complicate cross-algorithm comparison.

The four selected algorithms are considered sufficient representa-
tives of the continuous DRL design space for the conclusions drawn
in this paper. Specifically, the evaluation supports conclusions about
the relative performance of deterministic versus stochastic policies, on-
policy versus off-policy learning, and model-free versus model-based
planning under classical control metrics.

2.2. Linear Quadratic Integral Control (LQI)

The LQI controller serves as our classical baseline, providing an
optimal solution for linear systems with complete model knowledge.
The selection of LQI over other classical controllers such as PID or
MPC is deliberate and justified on several grounds. First, LQI represents
a well-understood optimal control solution that provides theoretical
performance guarantees for linear systems, making it a meaningful
upper bound for classical linear control performance. Second, the LQI
cost function J = [(x"Qx+u] Ru,)dt provides a natural and transparent
basis for defining the DRL reward function, ensuring all algorithms opti-
mise the same underlying objective and enabling a fair cross-paradigm
comparison. Third, LQI requires full model knowledge, making it the
strongest possible classical baseline for systems where such knowledge
is available, and thus any DRL advantage observed over LQI is mean-
ingful. PID controllers, whilst more widely deployed industrially, lack
the systematic multi-state optimisation framework necessary for fair
comparison with DRL methods that optimise over full state vectors.
MPC, whilst arguably a stronger baseline for constrained problems,
introduces additional design complexity and computational require-
ments that would complicate the isolation of algorithmic performance
differences. The selected LQI weights (Q = 10I, R = 1) were kept
identical across all benchmark systems to maintain consistency and
avoid system-specific tuning that would favour the classical baseline.
The motivation for including LQI stems from its widespread industrial
adoption and well-understood theoretical properties (Anderson and
Moore, 2007). By augmenting the standard LQR formulation with in-
tegral action, LQI addresses the fundamental limitation of steady-state
tracking error that affects other classical controllers. This augmentation

transforms the original plant system %, = A,x, + B,u through the
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incorporation of an integrator state, yielding the augmented system:

X = Ax + Bu, (€]

where the augmented state vector x = [x; [eadt ! includes both
plant states and the integral of tracking error, with system matrices
appropriately constructed to preserve the original dynamics whilst
incorporating integral action.

The control law u, = —Kx emerges from solving the algebraic Ric-
cati equation that minimises the quadratic cost function J = [ xTOx+
ul Ru.)dt. This formulation provides several advantages that make it
an ideal baseline: guaranteed stability margins for the nominal system,
systematic tuning through weight matrix selection, and optimal per-
formance within the linear quadratic framework. However, LQI faces
inherent limitations when confronting nonlinear dynamics, actuator
constraints, and model uncertainties, precisely the challenges where
DRL approaches may demonstrate advantages. To ensure fair compar-
ison across all algorithms, we employ the negative of the LQI cost as
the reward function for training DRL controllers, thereby aligning all
methods towards the same underlying objective. This is a deliberate
and important methodological choice: by negating the quadratic cost
J = [(x"Qx+u] Ru,)dt, the DRL reward signal directly mirrors the LQI
optimisation objective, ensuring that all algorithms are incentivised to
minimise the same weighted combination of tracking error and control
effort rather than pursuing algorithm-specific reward structures that
would compromise the fairness of the comparison. It is emphasised that
the selected LQI weights do not necessarily represent optimal tuning for
each individual system, but rather serve as a uniform and transparent
classical baseline for comparative evaluation.

2.3. Deep Deterministic Policy Gradient (DDPG)

DDPG (Lillicrap et al., 2015) emerged from the recognition that
value-based methods like DQN cannot directly handle continuous ac-
tion spaces without discretisation, which becomes computationally
intractable for high-dimensional control problems. The algorithm’s key
innovation lies in combining deterministic policy gradients with deep
function approximation, enabling direct optimisation of continuous
control policies. This approach leverages the insight that deterministic
policies can be more sample-efficient than stochastic alternatives when
exploration is handled separately through action noise.

The algorithm employs an actor—critic architecture where the actor
network y(s) learns a deterministic mapping from states to actions,
whilst the critic network Q,(s, a) estimates the expected return. The
actor parameters are updated by following the gradient of expected
return:

Yyl ~Eyp [V,,Q(,(s, a))a% S)vd,;%(s)] @)

(

This formulation enables efficient learning by backpropagating the
critic’s value gradient through the deterministic actor, avoiding the
high variance associated with stochastic policy gradients.

The critic is trained using temporal difference learning with experi-
ence replay and target networks to stabilise learning:

LO) =By oy syep [(r + 700 (s 1y (5) = Qys, a))z] 3)

where ¢’ and ¢’ denote slowly-updated target network parameters that
provide stable regression targets.

2.4. Twin delayed deep deterministic policy gradient (TD3)

TD3 (Fujimoto et al., 2018) was developed specifically to address
the overestimation bias and brittleness that afflict DDPG. The algo-
rithm’s name reflects its three key innovations: twin critics to mitigate
overestimation, delayed policy updates to reduce per-update error, and
target policy smoothing to regularise the critic. These modifications,
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whilst conceptually simple, dramatically improve learning stability and
final performance.

The twin critic architecture maintains two independent Q-networks
and uses the minimum of their estimates for policy updates:

y=r+yminQy(s'.a )

This pessimistic estimate reduces the overestimation bias that accu-
mulates through temporal difference bootstrapping. The theoretical
foundation rests on the observation that whilst any single critic may
overestimate due to function approximation error, the minimum of two
independent estimates provides a lower bound that prevents runaway
overestimation.

Delayed policy updates address the coupling between actor and
critic learning rates. By updating the actor less frequently than the
critics, typically every second iteration, TD3 allows value estimates to
stabilise before policy improvement. This decoupling prevents the actor
from overfitting to transient critic errors during early training when
value estimates are least reliable.

Target policy smoothing adds controlled noise to target actions:

a= y¢/(s/) + clip(e, —c,c), €~ N(0,0) (5)

This regularisation technique prevents the critic from learning sharp
peaks in the value landscape that the actor might exploit, instead
encouraging smooth value functions that generalise better.

2.5. Proximal Policy Optimisation (PPO)

PPO (Schulman et al., 2017) emerged from the challenge of achiev-
ing stable policy gradient learning without the computational expense
of trust region methods like TRPO (Schulman et al., 2015). The algo-
rithm’s fundamental insight is that constraining policy updates through
a simple clipped objective can achieve similar stability guarantees
whilst maintaining computational efficiency suitable for real-time con-
trol applications. Unlike DDPG and TD3’s deterministic policies, PPO
employs stochastic policies that naturally balance exploration and ex-
ploitation without requiring explicit noise injection.

The algorithm’s core innovation lies in its clipped surrogate objec-
tive:

L (9) = E, [min (r,(8)A,, clip(r,(0), 1 — ¢, 1 + e)A, )] (6)

where r,(0) = my(als,) /7, (als,) represents the probability ratio be-
tween updated and current policies. This formulation prevents destruc-
tively large policy updates by clipping the probability ratio when it
exceeds the bounds [1 — ¢, 1 + €], effectively creating a trust region
without expensive second-order optimisation.

PPO’s stochastic policy 7y(als) offers several advantages for control
applications. The natural exploration through policy stochasticity elim-
inates the need for hand-tuned exploration schedules, whilst the ability
to represent multi-modal action distributions enables more flexible
control strategies. The on-policy nature of PPO, whilst potentially less
sample-efficient than off-policy methods, provides more predictable
learning dynamics that are easier to debug and tune in practice.

2.6. Temporal Difference Learning for Model Predictive Control 2 (TD-
MPC2)

TD-MPC2 (Hansen et al., 2023) represents a fundamental shift from
purely model-free approaches by integrating learned dynamics models
with planning-based control. The algorithm addresses the sample inef-
ficiency of model-free methods whilst avoiding the compounding errors
that challenge pure model-based approaches. By learning and planning
in a compact latent space rather than the raw state space, TD-MPC2
achieves computational efficiency suitable for real-time control whilst
maintaining representational flexibility for complex dynamics.

The algorithm learns an encoder that maps observations to latent
representations z, = ey(s,), within which it simultaneously learns



K. Agyei et al.

three components that enable effective planning. The dynamics model
z1 = fy(z,4,) predicts state transitions in latent space, avoiding
the complexity of pixel-level or high-dimensional state prediction. The
reward model 7, = r,(z,a,) estimates immediate rewards without
requiring explicit reward engineering. The value function V,,(z,) pro-
vides terminal value estimates that extend the planning horizon beyond
computational limits.

Planning occurs through trajectory optimisation using the Cross-
Entropy Method (CEM):

H-1
ag. = arg max Z y"r¢(z,+,~,a,+,~)+yH Vi Zirnm) )
0: H-1 i=0

This formulation combines the accuracy of short-horizon model-based
planning with the long-term awareness provided by value function
bootstrapping, mitigating the compounding error problem that limits
pure model-based methods.

TD-MPC2’s decoder-free architecture eliminates the computational
overhead and training instability associated with reconstructing high-
dimensional observations, focusing network capacity on control-
relevant features. Unlike reconstruction-based models that learn to
predict full observations from latent representations, the decoder-free
design discards the generative component entirely, retaining only the
latent representations necessary for reward prediction, dynamics mod-
elling, and planning. The unified architecture with shared representa-
tions across all components enables efficient learning and inference,
making real-time control feasible even with limited computational
resources.

2.7. State-of-the-art progress in DRL assessment for control applications

Several studies have applied reinforcement learning to control prob-
lems, but a comprehensive evaluation of model-free DRL algorithms’
performance on standardised control benchmarks remains a significant
gap in the literature. As summarised in Table 1, existing work has
primarily focused on specific applications or limited algorithm com-
parisons without systematic assessment across multiple performance
criteria.

The integration of DRL into control applications has progressed
through distinct phases. Early work focused on discrete action spaces,
with DQN demonstrating breakthrough performance on Atari games
(Mnih et al., 2013). For continuous control, DDPG (Lillicrap et al.,
2015) established the actor—critic framework that underlies many sub-
sequent developments, whilst TD3 (Fujimoto et al., 2018) and SAC
(Haarnoja et al., 2018a) addressed its stability limitations. More re-
cently, model-based approaches such as TD-MPC2 (Hansen et al., 2023)
have demonstrated improved sample efficiency by integrating learned
dynamics models with planning. Alongside these algorithmic develop-
ments, several adjacent research directions have emerged that also aim
to address the deployment gap between RL and real-world control.
Offline RL methods (Levine et al., 2020) seek to learn from pre-
collected datasets without environment interaction, which is attractive
for safety-critical systems where online exploration is costly. Distribu-
tional RL (Bellemare et al., 2017) models the full return distribution
rather than its expectation, offering richer uncertainty information.
Hybrid learning-based MPC approaches (Hewing et al., 2020; Kamthe
and Deisenroth, 2018) combine the interpretability and constraint sat-
isfaction of MPC with the flexibility of learned models. Whilst these
directions show promise, their evaluation in applied control settings
using classical control-engineering metrics remains limited, which is
precisely the gap this paper addresses.

While Tavakkoli et al. (2024) compares a model-free DDPG con-
troller against a classical LQI controller for non-minimum phase sys-
tems under various conditions, their analysis is limited to a single DRL
algorithm and does not explore the full spectrum of control challenges
present in diverse benchmark problems. Similarly, Dutta and Upreti
(2022) evaluates multiple actor—critic methods but focuses primarily on

Engineering Applications of Artificial Intelligence 181 (2026) 115524

process nonlinearities without comprehensive analysis of control signal
characteristics and robustness metrics that are critical for practical
implementation.

A more critical examination of existing studies reveals important
methodological limitations. Dutta and Upreti (2023) apply DDPG to
nonlinear process control but evaluate performance using only ISE and
RMSE, providing no information on control effort, robustness margins,
or actuator constraints. Joshi et al. (2023) introduce a twin-actor SAC
framework for batch processes and demonstrate improved disturbance
rejection, yet their evaluation remains confined to domain-specific sce-
narios without broader generalisability. Oh (2024) provide one of the
more rigorous comparisons by evaluating DDPG, TD3, and SAC against
MPC for chemical processes, but their performance assessment relies
on cost function values rather than classical control metrics such as
rise time or gain margin, limiting interpretability for control engineers.
Tang et al. (2025) survey DRL in robotics but focus on success rates
and sample efficiency, metrics that are largely irrelevant to continuous
regulation problems. Collectively, these studies confirm that whilst
progress has been made in specific domains, no existing work provides
a unified, multi-algorithm evaluation across diverse benchmark prob-
lems using a consistent and comprehensive set of control-engineering
metrics under realistic operational conditions. This paper addresses that
gap directly.

Our work addresses this research gap by providing a systematic,
control-oriented evaluation of four leading DRL algorithms across mul-
tiple benchmark problems using a comprehensive set of standardised
performance criteria. Unlike previous studies that evaluate algorithms
using generic reinforcement learning metrics or limited control per-
formance indicators, our approach presents a unified framework for
assessment that considers a wide spectrum of characteristics relevant
to control engineers.

3. The analysis framework

Regardless of the design methodology, for a controller to become
operational successfully in the real world, three main aspects of met-
rics must be satisfied (Sarhadi, 2025): (1) setpoint tracking perfor-
mance, (2) control signal feasibility or energy consumption, and (3)
robustness. During the design stage, controllers are typically developed
with specific objectives that may target one or more metrics within
these aspects, as reflected in the cost function, stability analysis, or
overall control objective. However, once implementation begins, the
controller must rigorously satisfy all these aspects; otherwise, re-tuning
or redesign will be required, undermining sustainability in the design
process. The final consideration is real-time implementability, which
no longer poses a significant challenge thanks to the availability of
sufficient computational power.

Moreover, the controller should be either designed or at least tested
against operational challenges encountered in real-world conditions,
such as disturbances and noise, actuation constraints, dynamic lim-
itations including non-minimum phase behaviour or instability, and
model uncertainties. Even a model-free controller is typically developed
within a simulated environment before transitioning to the real world,
in order to reduce the number of required trials and to improve safety
and cost-effectiveness, factors that are often jointly considered. These
considerations are not only essential for control design but also extend
to higher-level functions such as decision-making in autonomous sys-
tems. Such challenges are well addressed in classical control, owing to
the availability of tools such as frequency domain techniques. However,
they are less thoroughly handled in nonlinear systems. As a result,
the capabilities and performance boundaries of emerging DRL-based
controllers require further investigation. Our evaluation methodology
is grounded in a performance assessment across the three fundamental
categories outlined above, employing the following classes of metrics
to meticulously analyse system behaviour:
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Table 1

Overview of reinforcement learning applications in control.
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Ref.

Application

Solution/Algorithm(s)

States

Reward function

Evaluation metrics

Dutta and Upreti
(2023)

Joshi et al. (2023)

Spielberg et al.
(2019)

Bao et al. (2021)

Dutta and Upreti
(2022)

Oh (2024)

Tavakkoli et al.
(2024)

Tang et al. (2025)

Haarnoja et al.
(2018b)

Recht (2019)

Nonlinear process
control (CSTR, pH)

Batch process control

Self-driving industrial
processes (HVAC)

Learning performance
in process control

Survey of actor—critic
methods

RL vs. MPC for
chemical processes

Setpoint tracking of
non-minimum phase
systems

Robotics

Continuous control

Continuous control

DDPG

SAC, DDPG

DPG

DDACP

Comparison of DDPG,
TD3, SAC, PPO, TRPO

DDPG, TD3, SAC

DDPG

DDPG, PPO, SAC,
TRPO, QR-DQN
SAC

Policy gradient,
Actor—critic

Partial system state

Partial system state

Partial system state

Partial system state

Partial system state

Partial system state

Partial system state

Partial system state

Full system state

Full/Partial system
state

A p -weighted composite
reward, minimising absolute
tracking error and control
effort variation

Absolute tracking error scaled
by time

Negative sum of absolute
errors (SAE)

Weighted quadratic
performance index balancing
tracking errors with control

Sparse reward on # -weighted
performance index

Negative of the MPC-style
stage cost

Negative LQI cost function

Task-specific rewards

Task reward augmented with
entropy maximisation term

Quadratic cost analogies
(LQR-style objectives)

Integral Squared Error(ISE),
Root Mean Squared Error
(RMSE)

Setpoint tracking error,
Disturbance rejection
performance

Integral Absolute error in case
studies

Average Returns

Integral Absolute Error (IAE),
Settling time

Mean and standard deviation
of the cost over multiple
Monte-Carlo runs

IAE; Overshoot; Settling time

Success rate; Sample efficiency

Average return; Sample
efficiency; Stability across
random seeds

Stability analysis, Control
performance insights

1. Tracking Metrics: These quantify how accurately the controller
follows the reference signal, including both transient behaviour
and steady-state performance, as well as its ability to reject
disturbances. Metrics include rise time (z,), maximum over-
shoot (M ,,) (or undershoot, M,, where applicable), settling time
(1,), steady-state error (e,,), integral of squared error (ISE), and
integral of time-weighted absolute error (ITAE).

2. Control Signal Quality: These measure characteristics of the
control signal that directly affect energy consumption, actua-
tor wear, and implementation feasibility. The criteria in this
category include the integral of absolute control effort (IACE),
the integral of absolute control effort rate (IACER), and the
maximum control value (u,,).

3. Robustness Characteristics: These assess the controller’s abil-
ity to maintain stability and performance in the presence of
uncertainties, disturbances, and parameter variations. Relevant
metrics include gain margin (GM) and delay margin (DM).

This is based on the understanding that a controller achieving
perfect tracking, yet requiring excessive control effort or lacking ro-
bustness to uncertainties, holds limited practical value. The selection of
these specific metrics is justified as follows. Rise time, overshoot, and
settling time are the canonical transient response metrics used in in-
dustrial controller specification and acceptance testing, providing direct
interpretability for control engineers. ISE penalises large instantaneous
errors and is particularly sensitive to poor transient behaviour, whilst
ITAE emphasises persistent errors that occur later in the response,
providing complementary views of tracking quality that neither metric
captures alone. IACE quantifies total energy consumption, which is
directly relevant to actuator wear and operational cost, whilst IACER
captures control signal roughness that can excite unmodelled high-
frequency dynamics and reduce actuator lifespan. Gain margin and
delay margin were selected as robustness metrics because they provide
frequency-domain insight into stability reserves that is directly compa-
rable across algorithms and immediately interpretable in engineering
terms, unlike stochastic robustness metrics. Together these metrics
provide a multi-dimensional characterisation of controller behaviour
that cannot be reduced to any single scalar without loss of important

information. Table 1 presents a comparison of existing research in
DRL control analysis, highlighting limitations in evaluation scope. The
evaluation criteria are summarised in Table 2, and detailed definitions
can be found in Sarhadi (2025). Most studies in this field either offer
only qualitative assessments (Busoniu et al., 2018), rely on visual
comparisons, or restrict their evaluation to tracking metrics such as the
Integral of Absolute Error (IAE).

To address these limitations, our analysis approach encompasses all
three performance categories using the metrics in Table 2, with detailed
definitions available in Sarhadi (2025).

For consistency throughout this paper, the following notation is
adopted. The reference signal is denoted r(¢), the system output y(r),
and the tracking error e(r) = r(t) — y(t). The control input is denoted
u.. The plant state vector is x, € R” and the augmented state vector
including the integral state is x € R™!. All integral performance
metrics are evaluated over the simulation horizon T'. Stability margins
are computed from the open-loop transfer function G(jw) at the phase
crossover frequency w,. and gain crossover frequency w,, respectively.

This multi-faceted evaluation approach enables identification of
fundamental performance trade-offs inherent in different control strate-
gies, providing engineers with quantitative guidance for selecting al-
gorithms based on application-specific priorities such as speed, ac-
curacy, energy efficiency, or robustness requirements. These metrics
apply equally to regulation and tracking problems, as demonstrated in
our multi-step reference experiments, with transient metrics evaluated
at each reference change and integral metrics capturing cumulative
tracking performance throughout the trajectory.

4. Simulation studies

This section presents simulation results and analysis for our bench-
mark problems, comparing the performance of DDPG, TD3, PPO, and
TD-MPC2 algorithms across multiple scenarios and evaluation criteria.

4.1. Simulation setup

The simulation environment was implemented in Python using
PyTorch for the deep learning components and Control Systems Library



K. Agyei et al.

Table 2
Performance criteria for comprehensive controller evaluation.
Metric Mathematical definition Engineering significance Unit
1, Rise time (10% to 90% Speed of initial response s
of reference)
M, Maximum percentage Peak transient above %
overshoot reference
1 Settling time to 2% of Time to reach s
final value steady-state
ey lim|r(t) — ()| Steady-state tracking -
e accuracy
T
ISE / () de Penalises large tracking -
0 errors
r
ITAE / t|e(t)| dt Emphasises persistent -
0 late errors
T
IACE / Ju(r)| dt Total control effort and -
0 energy
T
IACER / ‘:T'l‘ dr Control signal -
0 smoothness
Upax m,axlu(r)l Peak control demand -
GM 20 logm(m) Stability robustness to dB
gain variations
DM ZM Robustness to time delays s

cg

for the dynamic systems simulation. For reproducibility and consis-
tency across benchmarks, we maintained standardised neural network
architectures and optimisation procedures if possible whilst adapting
hyperparameters for each specific control task. Hyperparameter choices
were kept consistent where appropriate and otherwise selected accord-
ing to the standard recommended settings for each algorithm to support
a fair and reproducible comparison.

The architectural choices are justified as follows. A two-layer net-
work with 64 hidden units per layer was selected for all algorithms
based on the low-dimensional nature of the state and action spaces in
the benchmark problems considered, where deeper or wider networks
have been shown to provide no significant benefit whilst increasing
training instability (Henderson et al., 2018). ReLU activations were
chosen for the hidden layers due to their well-documented advantages
in avoiding vanishing gradients and promoting sparse representations
(Arulkumaran et al., 2017). Tanh activations were applied at the out-
put layer to bound the action outputs within the normalised control
range [—-1, 1], ensuring compatibility with the actuator constraints of
each benchmark system. The discount factor y = 0.99 was selected
to encourage long-horizon planning appropriate for regulation tasks
where sustained tracking performance is required. Separate learning
rates for actor (10~%) and critic (10~3) networks follow the estab-
lished practice of using a faster critic update to provide stable value
estimates before policy improvement (Lillicrap et al., 2015). These
choices represent well-established defaults in the continuous control
literature and were kept consistent across algorithms to ensure that
observed performance differences reflect algorithmic properties rather
than architectural advantages.

Optimiser and weight initialisation

All trainable parameters were optimised using the Adam optimiser
(Kingma and Ba, 2014) with default momentum coefficients g, = 0.9,
f, = 0999, and ¢ = 1078, Network weights were initialised using
uniform initialisation (Glorot and Bengio, 2010) for all hidden layers,
with biases initialised to zero. The output layer of each actor network
was initialised with weights drawn from a uniform distribution (-3 x
1073, 3x1073) to ensure near-zero initial actions, preventing large initial
control signals from destabilising the plant.

Reward function
To maintain a fair cross-paradigm comparison, all DRL algorithms
were trained using the negative of the LQI cost function as the reward
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signal:
r =—(x;ert+u;rRu,) 8

where x, is the augmented state vector (plant states plus integral of
tracking error) and y, is the control input at timestep 7. This formulation
directly aligns the RL optimisation objective with the LQI cost, ensuring
observed performance differences reflect algorithmic properties rather
than reward shaping differences.

State observation

All algorithms receive the full augmented state as the observation.
For each benchmark, the observation vector o, consists of the plant
state x, € R", the tracking error ¢, = r — y,, and the accumulated
integral of error fO’edr. This is consistent with the LQI augmented
state formulation, ensuring all algorithms have access to the same
information as the classical baseline.

Exploration and warmup

For off-policy algorithms (DDPG, TD3, TD-MPC2), training begins
with a warmup phase of 5000 timesteps during which actions are
sampled uniformly at random from the action space to pre-populate the
replay buffer before any gradient updates are performed. TD3 uses zero-
mean Gaussian exploration noise N'(0,0.2) clipped to [—0.5,0.5] during
training, and adds target policy smoothing noise N'(0,0.2) clipped to
[-0.5,0.5] to target actions during critic updates. TD-MPC2 augments
its MPPI-planned actions with Gaussian perturbation noise WN'(0,0.3)
during training. PPO, as an on-policy algorithm, does not use a replay
buffer; instead, stochasticity is inherent in its Gaussian policy zy(a|s) =
N'(uy(s),6%) where o is a learned state-independent parameter. For the
classical baseline, the LQI controller was implemented using identical
weighting matrices (Q = 10I, R = 1) across all benchmark systems
to ensure consistency and avoid system-specific bias in the baseline
controller, where I is the scaled identity matrix. Table 3 presents
the hyperparameter configuration for the Non-minimum phase system
(NMPs) benchmark, which follows the same structure used across
all experiments. Comprehensive hyperparameter settings for all other
benchmarks are available in our public repository.!

All DRL algorithms were trained for 5 independent runs using
random seeds {0, 1,2,3,4}. The results presented throughout Section 4
correspond to the best-performing checkpoint across these 5 seeds
for each algorithm, selected based on the highest mean evaluation
return during training. This approach ensures that the reported perfor-
mance represents the capability of each algorithm rather than a single
potentially unrepresentative run.

Initial conditions and preprocessing

All simulations start from rest with zero initial conditions x,(0) =
0. No normalisation is applied to observations or rewards. Actions
bounded to [—-1,1] via Tanh output activation are linearly rescaled to

the system-specific range [—u,,,. Umax] before being applied to the plant.

4.2. Non-minimum phase CSTR plane

The first system is a Continuous Stirred-Tank Reactor (CSTR) pro-
cess control benchmark with the following transfer function (Bequette,
2003):

G(s) = —1.1355 +3.199
52 +4.719s +5.47

The presence of the unstable zero introduces fundamental perfor-
mance limitations and undershoot behaviour that significantly chal-
lenges control system design (Astrém, 2000; Sarhadi, 2025). Despite
these challenges being documented in classical control theory, the
efficacy of deep reinforcement learning approaches in managing such

©)



K. Agyei et al.

Table 3

DRL implementation parameters.
Parameter DDPG TD3 PPO TD-MPC2
Total timesteps 200,000 200,000 200,000 200,000
Batch size 256 256 64 256
Discount factor (y) 0.99 0.99 0.99 0.99
Target update () 0.005 0.005 N/A 0.001
Actor Ir le—4 le—4 le—4 le—4
Critic Ir le-3 le-3 le-3 le-3
Hidden dim 64 64 64 128
Actor net [64, 64] [64, 64] [64, 64] [64, 64]
Critic net [64, 64] [64, 64] x2 [64, 64] [64, 64]
Expl noise OU Noise Gaussian N/A Gaussian
Policy noise N/A 0.2 N/A N/A
Noise clip N/A 0.5 N/A N/A
Policy delay 1 2 N/A N/A
Buffer size 100,000 100,000 N/A 100,000
Clip param N/A N/A 0.2 N/A
Sim dt 0.1s 0.1s 0.1s 0.1s
Ep length 25s 25 s 25 s 25s
Activation ReLU ReLU ReLU ReLU
Output act Tanh Tanh Tanh Tanh

Table 4

Performance results for non-minimum phase system.
Metric LQI DDPG TD3 PPO TD-MPC2
t, (s) 3.90 2.30 1.70 0.90 0.60
M, (%) 0.00 0.00 0.10 12.60 34.50
t, (8) 7.70 6.10 3.30 5.50 8.10
e 0.00 0.00 0.00 0.00 0.00
ISE 2.00 1.20 1.10 1.00 1.20
ITAE 5.60 2.80 1.30 1.80 3.80
IACE 39.90 41.70 42.30 43.40 44.40
TIACER 1.65 1.35 1.40 2.20 3.50
Uy 1.65 1.73 1.81 2.10 2.64
GM 40.00 2.14 2.51 1.90 1.83
DM 1.70 1.61 1.58 0.90 0.7

dynamics remains relatively unexplored (Tavakkoli et al., 2024). Algo-
rithms are trained with parameters in Table 3.

All controllers were implemented using the same environment,
which provides a consistent interface for training and evaluating the
different algorithms across all benchmark problems. The environment
encapsulates system dynamics, reference generation, disturbance appli-
cation, and performance measurement. For each benchmark system, the
appropriate state-space model was integrated within this environment
framework.

4.2.1. Performance results

Fig. 1 shows the simulation results for the non-minimum phase
system. Table 4 presents the performance metrics for the non-minimum
phase CSTR system. All controllers exhibit the characteristic inverse
response, with initial movement opposite to the reference direction
before convergence.

TD-MPC2 achieves the fastest rise time (0.60 s) but with substantial
overshoot (34.50%) and the highest control effort (u,,, = 2.64).
PPO demonstrates rapid response (0.90 s) with moderate overshoot
(12.60%) and the best ISE performance (1.00) among all controllers.
TD3 delivers balanced performance with minimal overshoot (0.10%),
excellent settling time (3.30 s), and superior ITAE (1.30), indicat-
ing effective error minimisation over time. DDPG shows conservative
behaviour similar to TD3 but with slower dynamics.

The baseline LQI controller exhibits zero overshoot but significantly
slower response (1, = 3.90 s, 7, = 7.70 s) and requires the lowest
control effort (IACE = 39.90). All DRL algorithms demand higher

1 https://github.com/Klins101/Performance-Analysis-of-Deep-
Reinforcement-Learning-for-Applied-Control-Applications.git.
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control activity than LQI, with IACE values ranging from 41.70 to
44.40, reflecting the trade-off between response speed and actuator
demands.

Robustness analysis reveals LQI’s superior gain margin (40.00) com-
pared to DRL algorithms (1.83-2.51). Among DRL controllers, TD3
achieves the highest gain margin (2.51) whilst DDPG provides the
best delay margin (1.61), suggesting varying robustness characteristics
across algorithms.

4.2.2. Robustness under perturbed conditions

Under perturbed conditions with step disturbance (0.20 at t = 15 s)
and measurement noise (¢ = 0.20 at r = 20 s) as shown in Fig. 2, all
controllers maintain stability whilst exhibiting distinct recovery charac-
teristics. DRL algorithms demonstrate faster disturbance recovery than
LQL with TD3 returning to within 2% of reference in approximately
3.50 s compared to LQI's 6.00 s. When noise is introduced, TD3
maintains the tightest output bounds whilst TD-MPC2 shows increased
sensitivity with larger variations.

The results highlight fundamental trade-offs in non-minimum phase
control: aggressive controllers (TD-MPC2, PPO) achieve faster response
at the cost of overshoot and control effort, whilst conservative ap-
proaches (TD3, DDPG, LQI) prioritise stability. TD3 emerges as the
most balanced solution, combining reasonable speed, minimal over-
shoot, and robust disturbance rejection, critical attributes for practical
implementation in chemical process control where both performance
and stability are essential.

4.2.3. Analysis of performance trade-offs

The results highlight fundamental trade-offs in controlling non-
minimum phase systems. A clear inverse relationship between rise
time and overshoot is evident: TD-MPC2 and PPO achieve the fastest
responses (0.60 s, 0.90 s) but with significant overshoots (34.50%,
12.60%), whilst TD3 and DDPG maintain minimal overshoot at the cost
of slower rise times.

Among DRL controllers, TD3 achieves the highest gain margin
(2.51) whilst DDPG provides the best delay margin (1.61), indicating
different robustness characteristics across algorithms.

The comparative analysis indicates that controller selection depends
on application priorities: PPO for minimal tracking error, TD3 for
balanced performance with robustness, TD-MPC2 for fastest response,
or LQI for minimal control effort. For most practical applications,
TD3’s combination of reasonable speed, minimal overshoot, and ro-
bust margins provides the most versatile solution. These performance
differences can be explained from the architecture of each algorithm,
TD3’s twin-critic architecture reduces overestimation bias, producing
more deliberate and smooth policies that avoid overcorrection on
the inverse response, explaining why it excels in ITAE and minimal
overshoot. PPO’s clipped surrogate objective prevents destructively
large policy updates, resulting in conservative responses that naturally
limit overshoot at the cost of slower rise times. TD-MPC2’s planning
horizon enables anticipatory control that commits to aggressive early
actions, explaining its fast rise time but substantial overshoot on the
non-minimum phase dynamics.

4.3. Two mass spring benchmark problem

The second benchmark considered is the infamous ACC 1992 bench-
mark problem (Wie and Bernstein, 1992b), Two Mass Spring Sys-
tem(TMS). First introduced in 1992 as a touchstone benchmark in
testing control systems, it is important because of the non-collocated
actuator and sensor dynamics, making it a prevalent benchmark in con-
trol literature (Wie and Bernstein, 1992a). Its dynamics are represented
in state-space form as:

X Lo X1 0
. 0 0 0 1, 0
2l=l-£ £ o of| |+ 1| (10)
X3 my my X3 my
Xy Lk 9 of[x 0
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Fig. 1. Results for the NMP system in ideal conditions.

wor

Output (y)
e
o uno

..... r wene DDPG ==+= PPO
== LQI == TD3  ee:: TD — MPC2
10 15 20 25
Time (s)
M——-—-——

10 15 20 25
Time (s)

Cont. Sig. (u,)

Fig. 2. Results for NMP in the perturbed test.

where x; and x, are the positions of body 1 and body 2, respectively;
x3 and x, are the velocities; u is the control input acting on body 1.

For our nominal system, we set m; = m, = 1 and k = 1 with
appropriate units. It is challenging and used as a main benchmark in
numerous control studies

4.3.1. Performance results

The nominal step response results presented in Fig. 3 reveal dis-
tinctly different performance characteristics among the evaluated con-
trollers. The quantitative analysis confirms significant algorithmic dif-
ferences in handling the system’s oscillatory dynamics and resonant
modes.

Table 5 presents the nominal performance metrics. LQI achieves the
fastest rise time (1.40 s) with moderate overshoot (11.20%), leveraging
model-based design for precise dynamics exploitation. However, it
requires the highest control effort (IACE = 15.18) whilst maintaining
superior control smoothness (IACER = 45.86).

Among DRL algorithms, TD3 demonstrates precision with minimal
overshoot (0.30%) and the lowest maximum control effort (u,, =
1.18). Its twin-critic architecture effectively mitigates overestimation
bias, achieving the smoothest control signals (IACER = 10.91) at the
cost of slower rise time (2.50 s). PPO provides balanced performance
with reasonable transient response (1.90 s rise time, 8.80% overshoot)

and moderate control effort, whilst DDPG and TD-MPC2 exhibit more
conservative behaviours.

Tracking performance analysis reveals LQI's superiority with the
lowest ISE (6.04) and ITAE (10.07), reflecting optimal design ben-
efits. DRL algorithms show higher tracking errors (ISE: 7.13-8.56)
but significantly lower control efforts (IACE: 4.52-6.79), highlighting
the fundamental trade-off between tracking precision and actuator
demands.

4.3.2. Robustness under perturbed conditions

Under perturbed conditions incorporating white noise and external
disturbances (Fig. 4), the relative performance characteristics reveal
critical insights into algorithm robustness and practical applicabil-
ity. The dramatic shift in performance rankings under uncertainty
demonstrates the importance of evaluating controllers beyond nominal
conditions.

Table 6 quantifies performance under disturbances and measure-
ment noise. All controllers experience degradation, with ISE values
increasing by 7.6-10.5% for LQI and DRL algorithms. LQI maintains
the best tracking (ISE = 6.5) but requires increased control effort (IACE
rising from 15.18 to 19.6).

TD3 exhibits superior control smoothness under perturbations
(IACER = 43.3), significantly outperforming other algorithms. This
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Fig. 3. Step response comparison for TMS system showing nominal performance characteristics.
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Fig. 4. TMS system performance under perturbed conditions with disturbances and measurement noise.

Table 5 Table 6
Performance metrics for TMS system under nominal conditions. Performance metrics for TMS system under perturbed conditions.
Metric LQI DDPG D3 PPO TD-MPG2 Metric LQI DDPG TD3 PPO TD-MPG2
t, (s) 1.40 2.30 2.50 1.90 2.10 ISE 6.5 8.5 9.0 7.5 8.0
M, (%) 11.20 2.60 0.30 8.80 6.40 ITAE 70.5 93.7 89.3 81.0 86.0
1, (s) 5.70 10.70 7.90 7.70 8.30 IACE 19.6 8.1 5.9 8.9 7.8
ey 0.00 0.00 0.00 0.00 0.00 IACER 106.2 109.1 43.3 80.7 86.5
ISE 6.04 7.92 8.56 7.13 7.58
ITAE 10.07 24.91 18.24 16.02 19.76
IACE 15.18 5.73 4.52 6.79 5.84
IACER 45.86 21.34 10.91 22.37 19.15 Robustness analysis confirms LQI’s superior gain margin (21.15 dB)
'é"‘l\j[* B) 2'11‘115 fig ;‘;g f‘gg 52&33 compared to DRL algorithms (1.43-2.85 dB), whilst TD3 achieves
DM (s) 017 0.25 0.52 0.35 0.48 the best delay margin (0.52 s) among DRL controllers. These metrics

robustness, combined with the lowest control effort (IACE = 5.9),
validates the twin-critic architecture’s effectiveness for uncertain envi-
ronments. PPO demonstrates balanced robustness with moderate degra-
dation across all metrics, whilst DDPG shows the highest sensitivity to
disturbances.

4.3.3. Analysis of performance trade-offs

The TMS benchmark reveals distinct control philosophies: LQI pri-
oritises tracking accuracy through high control effort, achieving supe-
rior nominal performance but requiring substantial actuator activity.
TD3 optimises control economy and smoothness, sacrificing response
speed for precision and robustness critical attributes for mechanical
systems with actuator constraints.

10

suggest complementary robustness properties: classical control excels in
parameter variations whilst TD3 handles time delays more effectively.
The results demonstrate that controller selection depends on ap-
plication priorities. LQI suits applications demanding precise tracking
with available actuator capacity, TD3 excels where control smoothness
and economy are paramount, whilst PPO offers reliable balanced per-
formance. These differences could lie in the algorithms’ update rules.
TD3’s delayed policy updates allow value estimates to stabilise before
policy improvement, producing smooth control signals that avoid ex-
citing the resonant mode of the two-mass spring system, explaining
its superior IACER. LQI’s full model knowledge allows it to exploit the
system dynamics directly, achieving faster rise time but at substantially
higher control cost. PPO’s on-policy learning continuously updates
from fresh trajectory data, providing consistent performance across the
oscillatory dynamics without accumulating overestimation errors.
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Table 7

Model parameters and state variables used in AUV dynamics.
Param./Var. Description Value Param./Var. Description Value
m (kg) Vehicle mass 30.50 xg (m) CG position (long.) 0.00
I, (kg m?) Yaw inertia 3.45 Y, (kg m/rad) Added Mass (sway) —35.50
Y,, (kg/m) Body lift force and fin lift -28.60 Y, (kg/m) Cross-flow Drag (sway) —1310.00
Y, (kg/rad) Added mass cross term and fin lift  5.22 Y, (kg m?/rad)  Cross-flow drag (yaw) 0.63
Y., (kg/m rad) Fin lift force 21.37 N, (kg m) Added mass (sway-yaw) 1.93
N, (kg m?/rad) Added mass (yaw) —4.88 Ny (kg) Cross-flow drag (sway) -3.18
N, (kg m?*/rad?)  Cross-flow drag (yaw) -94.00 N, (kg/rad) Body and fin lift and munk moment —-17.50
N,, (kg) Fin lift moment (surge-sway) -24.00 N, (kg m/rad) Added mass cross term and fin lift —-2.00
uy (m/s) Forward speed (constant) 1.50 8, (rad) Rudder angle (input) NA
v (m/s) Sway velocity (state) NA r (rad/s) Yaw rate (state) NA
w (rad) Heading angle (state) NA

4.4. Nonlinear Autonomous Underwater Vehicle (AUV) Table 8
Performance results for nonlinear AUV system.

The AUV benchmark represents the complex nonlinear yaw dy- Metric LQI DDPG D3 PPO TD-MPC2
namics of the REMUS AUV (Prestero, 2001) incorporating realistic 1, (s) 2.3 0.5 0.3 1.3 1.4
hydrodynamic effects including quadratic damping, velocity-dependent Mp( g%) 55 10.1 8.6 99 3.9

. . . . t (s 6.6 4.5 2.8 3.9 3.5
coefficients, a1.1d cross-coupling between sway and yaw motions. The o 0.00 0.00 0.00 0.00 0.00
system dynamics are governed by: ISE 15.2 21 17 6.5 7.4

ITAE 31.2 7.1 3.3 9.6 8.2
(m = Y)0 + (mxg — Y)F = (Y10 + Y,u,) v IACE 11.0 2.9 3.9 15 1.3
(Yo lrl+ (Y —mu ) r+Y, < %6 IACER 10.0 43.9 65.5 111 20.3
( r|r\| | . ( ur ) 9) uud. %o “r . 0.5 1.9 2.7 0.6 0.6
(mxg — N0+ (I, = No)# = (N lvl + Nyu,) v 1D GM 25.30 16.20 15.85 16.45 13.32
DM 0.69 0.35 0.32 0.38 0.42

+ (errl |r] + (N, — me)u(,) r+ Nuu&,ugﬁr
=r

All parameters and variables of this model are defined in Table
7 and are based on empirically validated REMUS AUV from Prestero
(2001). This benchmark represents a challenging control problem on
the realistic nonlinear model of an AUV with inherent non-BIBO sta-
bility, added mass effects, and significant nonlinearities that require
active stabilisation, making it representative of real-world maritime
control scenarios. To comprehensively evaluate controller performance,
we incorporate realistic operational constraints including actuator am-
plitude and rate saturations (|8,| < 20, |5,| < 30), unmodelled dynamics
representing worst-case uncertainties, and environmental disturbances
typical of maritime operations. These conditions test the algorithms’
ability to handle the practical limitations encountered in autonomous
underwater vehicle deployment beyond idealised simulation scenarios.

4.4.1. Performance analysis

Fig. 5 reveals distinctly different performance characteristics across
all evaluated algorithms, with significant variations in transient re-
sponse and control aggressiveness. The quantitative results demon-
strate the algorithms’ varying degrees of adaptation to the complex
hydrodynamic dynamics inherent in marine vehicle control.

TD3 exhibits the most aggressive response characteristics with the
fastest rise time (0.3 s) and rapid convergence, though this performance
comes at the cost of significant overshoot (8.6%) and the highest
control effort demands.

DDPG achieves similarly rapid response with competitive rise time
(0.5 s) and substantial overshoot (10.1%), demonstrating effective han-
dling of the nonlinear dynamics through aggressive control strategies.
PPO delivers more conservative performance with moderate rise time
(1.3 s) and overshoot (9.9%), reflecting its inherent policy stabil-
ity mechanisms that provide robustness at the expense of transient
aggressiveness.

TD-MPC2 exhibits notably conservative response characteristics
with slower rise time (1.4 s) compared to other DRL methods, though
achieving excellent overshoot control (3.9%) that approaches the clas-
sical baseline. This behaviour reflects the model-based approach’s ten-
dency towards cautious control strategies when operating with learned
dynamics models, prioritising stability over aggressive performance
(see Table 8).

The control effort analysis reveals significant disparities in actu-
ator demands across algorithms. LQI maintains exceptionally smooth
control signals with minimal peak demand (0.5), reflecting its optimal
design principles but at the cost of sluggish response characteristics.
Conversely, DRL algorithms exhibit substantially higher control activ-
ity, with TD3 demanding maximum control authority (2.7) and the
highest control rate variations (IACER = 65.5), indicating aggressive
policy behaviour that may challenge actuator limitations in practical
implementations.

4.4.2. Disturbance and noise rejection

Table 9 presents controller performance under perturbed condi-
tions incorporating measurement noise and external disturbances. All
controllers exhibit minimal performance degradation, with ISE values
increasing by factors of 1.04-1.12 compared to nominal conditions.

LQI shows minimal degradation with ISE increasing from 15.2 to
15.8, whilst maintaining moderate control effort (IACE = 13.2) amongst
all controllers. The DRL algorithms demonstrate varying robustness
characteristics: TD3 achieves the best tracking performance (ISE =
1.9) despite disturbances, whereas TD-MPC2 exhibits slightly higher
degradation with ISE increasing from 7.4 to 7.6.

The control activity metrics reveal significant increases across all
algorithms, with IACER values exceeding 140 for most DRL controllers.
TD-MPC2 shows the highest control rate activity (IACER = 149.9),
indicating aggressive compensation strategies that may challenge ac-
tuator bandwidth limitations. PPO maintains moderate performance
degradation (ISE = 6.7) with intermediate control effort, suggesting a
balanced robustness-performance trade-off. These results as shown in
Fig. 6 highlight the inherent challenge of maintaining smooth control
under uncertainty, regardless of the control paradigm employed.

4.4.3. Performance evaluation under operational challenges

To assess controller performance under realistic operational con-
straints, a comprehensive assessment incorporating actuator satura-
tions, model uncertainties, and external perturbations was conducted.
The reference amplitude is increased to 10 to activate actuator satura-
tion limits of |8,| < 20 and rate constraints of |5,| < 30/s. Model uncer-
tainty is introduced through unmodelled dynamics G,(s) = 225/(s*> +

11
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Fig. 6. AUV performance under perturbed conditions with measurement noise and external disturbances.

Table 9 Table 10
Performance metrics for AUV system under perturbed conditions. Controller simulation results, under operational challenges for the AUV System.
Metric LQI DDPG TD3 PPO TD-MPC2 Metric DDPG TD3 PPO TD-MPC2
ISE 15.8 2.3 1.9 6.7 7.6 1, (s) 1.32 1.34 2.14 2.07
ITAE 107.3 52.8 48.1 72.8 71.0 M, (%) 57.87 46.47 23.28 20.00
IACE 13.2 15.3 20.0 14.6 25.3 ts (s) 17.69 23.12 24.98 24.58
IACER 12.4 141.2 143.8 142.9 149.9 e 0.04 0.05 0.10 0.05
ISE 4.82 3.74 4.57 3.73
ITAE 3.02 2.66 5.18 2.95
IACE 2.44 3.51 2.02 2.94
12s + 225), representing Rohrs’ example (Rohrs et al., 2003), a worst- IACER 139.84 280.14 174.32 333.24
case scenario known to challenge adaptive controllers. External pertur- Hinax 20.00 19.57 8.58 1248
bati includ di b ¢ _ d GM 2.80 3.15 7.55 3.28
ations include a step disturbance of 2 at + = 15 s and measurement DM 0.16 011 0.37 0.22

noise with ¢ = 0.05 at r = 20 s.

Fig. 7 illustrates the controller responses under these challenging
conditions. The LQI controller exhibits sensitivity to the windup phe-
nomenon, resulting in unbounded oscillations. In contrast, DDPG and
TD3 show aggressive initial responses with overshoots of 57.87% and
46.47% respectively, but successfully converge with minimal steady-
state error. PPO and TD-MPC2 adopt conservative strategies, limiting
maximum control efforts to 8.58 and 12.48 respectively.

Table 10 quantifies the performance differences. TD3 achieves opti-
mal tracking (ISE = 3.74, ITAE = 2.66), whilst PPO prioritises control
economy (IACE = 2.02) with superior stability margins (GM = 7.55 dB,
DM = 0.37 s). Notably, the DRL algorithms were not trained for
these extreme conditions, yet demonstrate impressive adaptability in

12

handling simultaneous saturations, unmodelled dynamics, and distur-
bances, validating their implicit robustness acquired through stochastic
training environments.

4.4.4. Performance tradeoffs and practical implications

The AUV benchmark reveals fundamental engineering tradeoffs
between transient performance, control authority requirements, and
robustness to operational constraints. Under nominal conditions, TD3
achieves exceptional settling times and error minimisation at the cost of
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Fig. 7. Controller performance comparison with operational challenges.

substantial control effort. However, the operational challenges assess-
ment reveals a critical distinction: whilst classical LQI control provides
conservative nominal performance, it exhibits catastrophic failure un-
der combined saturations and model uncertainty (Rohrs test), highlight-
ing fundamental limitations of linear control for constrained nonlinear
systems.

DRL algorithms demonstrate resilience across all operating con-
ditions. DDPG provides an optimal compromise between aggressive
performance and robustness, maintaining stable operation even un-
der severe operational constraints. PPO’s conservative strategy, ini-
tially appearing suboptimal in nominal conditions, proves advanta-
geous under challenging scenarios with superior stability margins (GM
= 7.55 dB). TD-MPC2’s model-based approach achieves balanced per-
formance, though with increased control activity under perturbations.

The stark contrast between nominal and constrained operation un-
derscores a critical insight for maritime applications: robustness to op-
erational constraints outweighs nominal performance metrics. It should
be noted that the Rohrs test result should be interpreted as evidence of
implicit robustness acquired through stochastic training rather than as a
claim of superiority over dedicated robust control methods, which were
not the focus of this benchmarking study. The DRL algorithms’ ability to
implicitly handle saturations, unmodelled dynamics, and disturbances
without explicit anti-windup or robust control modifications represents
a paradigm shift from classical approaches. This capability proves
essential for autonomous marine systems operating in unpredictable
oceanic environments where actuator limits, model uncertainties, and
environmental disturbances are unavoidable rather than exceptional
conditions.

4.5. Statistical analysis and training characteristics

To complement the deterministic performance evaluation presented
in the preceding sections, this subsection reports training characteristics
and statistical performance metrics for the nonlinear AUV benchmark
across 5 independent random seeds. The AUV was selected as the
representative system due to its nonlinear dynamics and the diver-
sity of algorithmic behaviours observed, making it the most informa-
tive benchmark for assessing training variability and computational
feasibility.

Table 11 reports computational cost and inference latency. PPO is
the most computationally efficient with a training time of 243.3+3.3 s
and the lowest inference latency of 0.041 + 0.002 ms, whilst TD-MPC2
requires significantly longer training (3425.2 + 64.6 s) due to its plan-
ning procedure. All algorithms achieve inference latencies well below
1 ms, confirming real-time deployability across all evaluated methods.
DDPG and TD3 offer the best balance between computational cost and

13

Table 11

Computational cost and runtime (mean =+ std, 5 seeds).
Metric DDPG TD3 PPO TD-MPC2
Training time (s) 485.6 +21.2 487.1 +22.1 2433 +33 34252 + 64.6
Inference latency (ms) 0.048 +£0.000 0.048 +£0.002 0.041 +0.002  0.087 + 0.003
Parameter count 18564 +0 27910+ 0 9219+0 73095+ 0

Table 12

Training stability — Reward variance (mean + std, 5 seeds).
Metric DDPG TD3 PPO TD-MPC2
Reward variance  82.88 +58.78  41.43 + 18.32 172.02 +50.95 657.08 +266.94

performance, whilst TD-MPC2’s higher cost is justified by its superior
constraint handling demonstrated in the operational challenges test.

Table 12 reports training stability through reward variance across
seeds. TD3 demonstrates the most stable training (41.43 + 18.32) fol-
lowed by DDPG (82.88+58.78), confirming that the twin-critic architec-
ture and delayed updates produce more consistent learning dynamics.
TD-MPC2 exhibits the highest reward variance (657.08+266.94), reflect-
ing the sensitivity of model-based planning to random initialisation of
the learned dynamics model. PPO shows moderate variance (172.02 +
50.95) consistent with its on-policy learning dynamics.

Table 13 reports safety during learning through divergence count,
the number of episodes where the controller produced unstable or
unbounded responses during training. DDPG and TD3 exhibit the fewest
divergences (105.6 + 13.4 and 108.2 + 10.5 respectively), demonstrating
safer exploration behaviour. PPO shows substantially more divergences
(1095.6 + 42.8) due to its on-policy stochastic exploration, and TD-
MPC2 exhibits the highest divergence count (3972.4 +2104.0) reflecting
the instability of early model-based planning with poorly initialised
dynamics models.

Table 14 reports mean + standard deviation of classical control
metrics across seeds. DDPG and TD3 demonstrate the fastest rise times
(0.45+0.08 s and 0.44+0.11 s) with low variance, confirming consistent
aggressive response behaviour. PPO achieves the lowest overshoot
(7.90+0.42%) with low variance, reflecting its stable on-policy learning.
The low standard deviations across all metrics confirm that the best-
checkpoint results reported in the main evaluation are representative
of each algorithm’s true capability rather than outlier performance.

4.6. Crazyflie quadrotor

The final benchmark test evaluates the real-time implementability
of the controllers for the altitude control problem of a quadrotor drone,
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Table 13
Safety during learning — divergence count (mean + std, 5 seeds).
Metric DDPG TD3 PPO TD-MPC2
Divergence count 105.6 +13.4 108.2 +10.5 1095.6 +42.8 3972.4 +£2104.0
Table 14
Classical control performance metrics (mean + std, 5 seeds).
Metric DDPG TD3 PPO TD-MPC2
t, () 0.45+0.08 0.44 +0.11 1.39 +£0.08 1.55 +0.06
M, (%) 10.24 +2.77 11.07 £3.71 7.90 +0.42 198 +2.11
ts (s) 3.40+0.49 3.51+£0.80 3.51+0.62 1.63 £2.41
e 0.001 +0.001 0.000 + 0.000 0.002 + 0.001 0.001 £ 0.001

ss

an aspect not considered in such detail in other papers. The Crazyflie
2.1+ nano-quadrotor (Bitcraze, 2021) represents a challenging bench-
mark, featuring inherent instability, fast dynamics, and strict real-time
constraints that mirror industrial UAV control requirements. Fig. 8
presents the experimental configuration enabling direct validation of
simulation-trained controllers on physical hardware.

The complete Crazyflie dynamics comprise a 12-state nonlinear
model capturing full 6-DOF motion with complex aerodynamic cou-
pling (Nguyen et al., 2023). However, to evaluate the generalisabil-
ity and adaptability of the algorithms, we employ a reduced-order
linear model that retains key control characteristics while eliminat-
ing nonlinearities, to assess whether the controllers can demonstrate
simulation-to-real transfer capability. This experiment represents a re-
alistic deployment scenario where the following practical conditions
hold: the system state is fully observable via onboard sensors, the
training model captures the dominant dynamics sufficiently for policy
transfer. The successful transfer of all simulation-trained policies to
physical hardware validates these conditions and provides a concrete
benchmark for the transfer requirements necessary for real-world DRL
deployment.

The vertical motion of this vehicle can be modelled using the
Newton’s second law: m% = T — mg, where z represents altitude, m is
the drone mass, g is the gravitational acceleration, and T denotes the
total thrust of propellers. The goal is to control altitude z by applying
thrust T, with gravity g treated as a constant disturbance compensated
by feedforward thrust during takeoff manoeuvre. Therefore, the vertical
dynamics of the drone can be represented in state-space form as:

(=B B[22

where the state vector comprises the altitude z and the vertical velocity
z, with the mass m = 0.027 kg.

(12)

4.6.1. Performance validation

The challenging multi-step reference sequence 0 — 0.5 m — 1.0 m —
0.5 m systematically evaluates tracking consistency across operating
points whilst revealing the differences between idealised simulation
and physical implementation. This comprehensive evaluation protocol
provides unique insights into the practical viability of simulation-
trained DRL controllers for safety-critical aerial systems.

Figs. 9, 10 presents a comparison validating simulation fidelity
whilst highlighting the inevitable complexities of real-world deploy-
ment. The simulation results Fig. 9 demonstrate clean tracking per-
formance across all algorithms, with quantitative metrics presented in
Table 15. TD3 achieves the most aggressive transient response with
rapid settling (2.6 s) despite moderate overshoot (37.5%), whilst LQI
provides the most conservative approach with longer settling times (4.9
s) but acceptable overshoot characteristics (17.0%). PPO exhibits the
highest overshoot (49.9%) among all controllers, reflecting its stochas-
tic policy exploration, whilst TD-MPC2 demonstrates balanced perfor-
mance with overshoot (42.6%) and competitive settling behaviour.
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Fig. 8. Experimental setup for real-world validation of trained DRL controllers
on the Crazyflie platform.

Table 15
Performance results for Crazyflie multi-step reference tracking (Simulation).
Metric LQI DDPG TD3 PPO TDMPC2
t, (s) 0.23 0.20 0.25 0.30 0.21
M, (%) 17.00 33.20 37.50 49.90 42.60
t, (s) 4.90 2.90 2.60 4.10 3.30
[ 0.00 0.00 0.00 0.00 0.00
ISE 0.83 1.18 1.20 2.32 1.52
ITAE 37.11 39.28 33.93 60.31 47.64
IACE 0.79 0.66 0.81 0.83 0.71
TACER 6.92 6.90 7.37 3.98 4.37
Uy 0.30 0.40 0.30 0.10 0.20
Table 16
Performance results for Crazyflie multi-step reference tracking (Real hardware).
Metric LQI DDPG TD3 PPO TDMPC2
t, (s) 0.30 0.64 0.62 0.60 0.80
M, (%) 30.00 28.70 21.70 24.40 22.90
t, (s) 3.60 3.50 3.00 4.30 4.00
s 0.00 0.00 0.00 0.00 0.00
ISE 1.60 2.06 1.80 2.00 2.30
ITAE 53.40 63.10 50.10 55.20 58.70
IACE 4.40 3.40 2.60 2.70 2.90
TIACER 18.0 0 8.00 6.40 4.3 4.00
u, 0.50 0.20 0.20 0.10 0.10

‘max

The control effort analysis reveals distinct characteristics among
algorithms. TD3 and LQI demonstrate similar maximum control de-
mands (0.30), whilst PPO exhibits remarkably conservative control
usage (0.10) at the cost of increased tracking errors. The integral
control effort rates (IACER) indicate that LQI maintains the smoothest
control signals (6.92), with TDMPC2 providing competitive smoothness
(4.37) through its trajectory optimisation approach.

4.6.2. Real-world implementation results

The experimental validation on actual Crazyflie hardware
(Table 16) reveals the inevitable but manageable performance degra-
dation when transitioning from simulation to physical implementation.
Most significantly, all algorithms demonstrate increased rise times
compared to simulation, with TDMPC2 showing the most pronounced
degradation (0.21 s to 0.80 s), suggesting sensitivity to model uncer-
tainties inherent in real-world dynamics.
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Fig. 10. Multi-step reference tracking comparison (Experimental validation).

Remarkably, the overshoot characteristics demonstrate convergence
in real-world implementation, with all algorithms exhibiting similar
peak overshoots (21.7%-30.0%) compared to the wider variation ob-
served in simulation (17.0%-49.9%). This convergence suggests that
physical constraints, including actuator limitations, sensor noise, and
aerodynamic effects, naturally limit aggressive control behaviour, pro-
viding an inherent robustness mechanism absent in idealised simulation
environments.
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The control effort analysis reveals a critical insight: real-world
implementation demands significantly higher control activity (IACE
increases by 3-5 times across all algorithms) and control rates (IACER
increases by 2-3 times). This phenomenon reflects the continuous
correction required to compensate for sensor noise, aerodynamic distur-
bances, and model uncertainties. TD3 maintains the best settling perfor-
mance (3.0 s) whilst requiring moderate control effort, demonstrating
superior practical robustness among DRL approaches.
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4.6.3. Sim-to-real transfer analysis

The quantitative comparison between simulation and experimental
results provides valuable insights into sim-to-real transfer effectiveness.
The most significant degradation occurs in integral time-weighted error
metrics (ITAE), increasing by 35%-60% across all algorithms, indicat-
ing that whilst fundamental tracking capability is preserved, transient
response quality inevitably suffers under real-world conditions.

Critically, all algorithms maintain zero steady-state error in both
domains, validating the integral action component of the state repre-
sentation and confirming the robustness of the fundamental control
architecture. The successful completion of the multi-step reference
sequence across all controllers demonstrates that simulation-trained
policies possess sufficient robustness margins to handle unmodelled
dynamics, sensor noise, and environmental disturbances characteristic
of practical UAV operations. It is worth noting that rise time degrada-
tion in sim-to-real transfer is a well-documented phenomenon across
various applications (Tiwari et al., 2026; Zhao et al., 2020) and does
not uniquely undermine DRL viability. The successful completion of the
multi-step reference sequence by all algorithms on physical hardware
confirms that timing requirements were met in practice despite the
increased rise times observed relative to simulation.

5. Conclusion

This paper presented several months of investigation into the
achievable performance of widely discussed deep reinforcement learn-
ing controllers, a topic still lacking structured evaluation in the existing
literature. We considered key practical control challenges including
noise, disturbances, model uncertainty, actuator rate and amplitude sat-
uration, time delay, and real-time applicability through detailed black-
box analyses using tailored evaluation metrics. The study evaluated
these controllers on well-known benchmarks: a non-minimum-phase
process control example, the challenging ACC two-mass-spring prob-
lem, nonlinear REMUS AUV yaw control, and real-time deployment on
a quadrotor’s altitude controller.

Our analysis reveals that no single algorithm dominates across
all performance criteria, emphasising the critical importance of
application-specific controller selection based on performance prior-
ities. The quantitative evaluation demonstrates distinct algorithmic
strengths that map to specific control requirements. Within the bench-
marks evaluated, TD3 emerges as the most consistently reliable DRL
approach for applications demanding control smoothness and robust-
ness, achieving superior error minimisation with the best ISE and ITAE
performance across multiple benchmarks whilst maintaining the lowest
control rate variations. Its twin-critic architecture effectively mitigates
overestimation bias, making it particularly suitable for systems with
strict actuator wear considerations or where control signal quality
directly impacts operational costs. Across the tested benchmarks, for
safety-critical applications requiring predictable behaviour under un-
certainty, PPO provides the most consistent performance across varying
conditions, demonstrating good stability margins and balanced degra-
dation under disturbances. Its stochastic policy formulation naturally
handles multi-modal control scenarios and provides inherent explo-
ration without requiring hand-tuned noise schedules, making it ideal
for systems operating across diverse operating points.

When actuator constraints represent the primary limitation, TD-
MPC2 excels through its model-based trajectory optimisation, demon-
strating superior performance under saturation conditions as evidenced
in the AUV benchmark. The algorithm’s ability to anticipate and plan
around constraints makes it particularly valuable for systems with
strict operational limits or where constraint violation carries signifi-
cant penalties. For applications prioritising implementation simplicity
and computational efficiency, DDPG remains viable despite its known
limitations, offering straightforward deployment with acceptable per-
formance for less demanding control tasks. Classical LQI maintains
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relevance for linear systems where model accuracy is high and compu-
tational efficiency is paramount, achieving optimal control effort whilst
providing well-understood stability guarantees through systematic de-
sign procedures.

All controllers were implemented using the same environment,
which provides a consistent interface for training and evaluating the
different algorithms across all benchmark problems. The environment
encapsulates system dynamics, reference generation, disturbance appli-
cation, and performance measurement. For each benchmark system, the
appropriate state-space model was integrated within this environment
framework.

Our findings indicate that DRL algorithms successfully learn con-
trol policies offering performance comparable to classical model-based
controllers whilst managing real-world challenges including delays,
non-minimum-phase behaviour, actuator constraints, and model uncer-
tainties. Notably, these methods handle actuator saturation and windup
without explicit anti-windup design, and demonstrate promising sim-to-
real transfer capabilities. Despite these successes, the achievable perfor-
mance does not significantly exceed that of simple state feedback with
integral action in standard regulation tasks. The true promise of DRL
lies in addressing problems where classical methods face fundamental
limitations, and their greatest value may lie in hierarchical control
architectures where strategic decision-making augments low-level con-
trol. Accordingly, the reported observations should be interpreted as
empirical findings derived from the selected benchmark problems and
operational challenges considered in this work, rather than as general
claims of superiority of DRL over established control methodologies
across all applications.

Future work should prioritise developing adaptive algorithm selec-
tion frameworks that automatically identify optimal approaches based
on system characteristics and performance requirements, given the
pronounced algorithmic variations observed across benchmark systems.
The significant differences in control efficiency between classical and
DRL methods present compelling opportunities for hybrid architec-
tures that intelligently combine mathematical optimality with adaptive
learning capabilities.

Whilst this study provides a comprehensive evaluation, one im-
portant limitation should be acknowledged. The current evaluation
does not address safety related issues, which is a critical consider-
ation for real-world deployment in safety-critical applications where
exploration-induced constraint violations may have serious
consequences. Establishing formal safety guarantees during training,
for example, through constrained reinforcement learning or safe explo-
ration mechanisms, remains an important direction for future work.
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