Pre prints.org

Review Not peer-reviewed version

Al in Robot Manipulator Control: A
Systematic Review

Charles C. Nguyen : ,HaTT. Ngo, TuT. C. Duong, Tri T. Nguyen , Tuan M Nguyen , Lu Sun

Posted Date: 31 March 2026
doi: 10.20944/preprints202603.2432.v1

Keywords: artificial intelligent; control; robot manipulator; robot control; planning; learning control

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/4263239
https://sciprofiles.com/profile/4308299
https://sciprofiles.com/profile/1982588
https://sciprofiles.com/profile/4310805
https://sciprofiles.com/profile/2577624
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 March 2026 d0i:10.20944/preprints202603.2432.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Review

Al in Robot Manipulator Control:
A Systematic Review

Charles C. Nguyen **, Ha T. T. Ngo 2, Tu T.C. Duong '3, Tri T. Nguyen 4, Tuan M Nguyen °
and Lu Sun ¢

1 Department of Electrical Engineering and Computing Engineering, College of Engineering, Physics and
Computing, The Catholic University of America, Washington, DC 20064, USA

2 Department of Biomedical Engineering, College of Engineering, Physics and Computing, The Catholic
University of America, Washington, DC 20064, USA

3 Faculty of Electrical and Electronics Engineering, Ho Chi Minh City University of Technology and
Engineering, Ho Chi Minh City 700000, Vietnam

* Department of Electrical and Electronics Engineering, Danang University of Science and Technology, Da
Nang 550000, Vietnam

5 Amazon, Seattle, WA 98109, USA

¢ Department of Civil Engineering Technology, Environmental Management and Safety, Rochester Institute of
Technology, Rochester, NY 14623, USA

* Correspondence: nguyen@cua.edu

Abstract

This study presents a structured analysis of 343 publications on artificial intelligence-based methods
for robot manipulator control published between 2015 and 2025. The review examines how Al has
been incorporated into the control pipeline by organizing prior work according to functional roles,
including perception and estimation, planning, learning based control, interaction and safety, and
learning and adaptation. In addition to this functional taxonomy, the study analyzes publication
growth, application domains, robot types, evaluation settings, and methodological patterns to
characterize the evolution of the field over the past decade. The results show that research activity
has been concentrated primarily in learning control, while other functional roles have received
comparatively less attention. The literature also reveals an uneven distribution across application
areas and robot platforms, with a strong reliance on simulation and limited evidence of integrated
real-world deployment. These patterns indicate that, despite rapid growth and methodological
diversity, the field remains imbalanced in both research focus and validation maturity. Rather than
summarizing individual studies in isolation, this review provides a high-level perspective on where
effort has been concentrated, where major gaps persist, and which directions are most critical for
advancing Al-based robot manipulator control toward reliable and scalable real-world use.

Keywords: artificial intelligent; control; robot manipulator; robot control; planning; learning control

1. Introduction

Over six decades of development, robotic manipulators (RMs) have expanded far beyond
structured manufacturing environments into military, aerospace, construction, agriculture,
healthcare, and other industries with complex operations [1-7]. This progression represents not
merely an expansion of application, but a substantial increase in control complexity, introducing
control requirements that classical strategies were not designed to meet. Controllers such as PID
replied heavily on linearized system models and predictable disturbances [8]. These conditions are
rarely satisfied in modern applications, where manipulators must handle nonlinearities, high
uncertainty, high speed, and direct human-robot interaction in unstructured environments [9]. As a
result, the gap between what classical control can reliably guarantee and what modern robotic
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applications require has become increasingly apparent. This has motivated substantial research into
Al-based control strategies capable of handling model uncertainty, continuously adapting to
changing conditions, learning autonomously from interaction with their surroundings, and updating
toward optimal solutions without relying on predefined models or manual retuning.

Interest in Al-based approaches to manipulator control dates to the early 1990s, when data-
driven adaptation and learning approaches began complementing classical control and gave rise to
adaptive and intelligent control frameworks [10,11]. Subsequent developments in reinforcement
learning (RL), deep learning (DL), and hybrid architectures have considerably expanded the scope of
these applications. Hierarchical RL has been applied to learn joint-specific motor dynamics without
manual tuning, achieving robust trajectory tracking under variable loads [12]. Neural network-based
methods have been used to tune PID gains online in dual-arm systems, improving tracking accuracy
under parametric uncertainty [13]. More recently, language-vision models have been applied to
decompose manipulation demonstrations into executable action primitives and estimate latent task
properties, such as contact forces and load distribution, that are not directly measurable from sensor
data [14]. These developments have been accelerated by advanced literature research of Al and
supporting infrastructure, including specialized accelerators, sensors, large-scale data centers, and
expansive training data [15,16].

Many existing reviews addressed parts of this landscape, either by focusing on specific
techniques [17,18] or by specific application areas [19,20]. A comparative summary of these reviews
with ours is given d in Table 1.

Table 1. Overview of existing reviews and the scope of this present review.

Review ID Summary Contribution

This review analyzes the use of Al enabled Provides a structured mapping of 188
methods in control systems, focusing on  studies across renewable energy,
control-oriented techniques such as fuzzy robotics, agriculture, and industrial

Mareco et al logic, neuro fuzzy control, neural processes, highlighting how Al has been
[21] " networks, and swarm or evolutionary adopted in application specific control
optimization. The analysis is mainly problems. Its value lies in identifying

qualitative and centered on methodologicalmajor methodological trends, limitations,
characteristics within specific application and research gaps in intelligent control
settings. design.

Provides a qualitative synthesis of
machine learning strategies in robotic
manipulation, utilizing algorithmic

This review evaluates machine learning for . .
complexity estimates and tabulated

robotic manipulators, covering deep
Nahavandi et learning, RL, and imitation learning. It
al. [22] analyzes sim-to-real transfer and practical
deployment across industrial, medical, and
Space sectors.

comparisons instead of formal statistical
analysis. It offers researchers a structured
framework for evaluating the
computational trade-offs and practical
requirements of various control
architectures across diverse operational
domains.

Provides a foundational mapping of

This qualitative review surveys the . . .
control theories against emerging

evolution of robotic manipulator control
technologies from 2016 to 2024, spanning
Waseem et al. methods from classical PID and linear
[17] models to intelligent Al hybrid, and
quantum-inspired frameworks. No
statistical analysis was performed; the
study taxonomizes these strategies by their

paradigms such as digital twins,
federated learning, and blockchain to
address persistent challenges in non-
linear dynamics and real-time
performance. It informs future research
directions by identifying critical gaps in
multi-agent system integration and

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2432.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 March 2026 d0i:10.20944/preprints202603.2432.v1

3 of 58

underlying architecture and optimization scalable control for unstructured
logic to highlight current operational trend environments.

This review analyzes 343 studies on AI-  Provides the first structured quantitative
based robot manipulator control published mapping of Al based robot manipulator

between 2015 and 2025, focusing on control over the past decade, together
research trends across functional roles, with a unified taxonomy of functional Al
Our review  application domains, robot types, and roles in the control pipeline. The review
evaluation approaches. It highlights major identifies major research concentrations
patterns in the distribution and and persistent gaps, providing a data
development of Al methods withinthe = driven reference for future development
manipulator control pipeline. in underrepresented control functions.

Although these reviews provide valuable depth, they do not provide cross-domain statistical
analysis of the current literature. Without this high-level overview, it is difficult to identify which
roles have received disproportionate research attention, which technique families are associated with
which application contexts, and where the most persistent methodological gaps exist. This paper
addresses that gap by presenting key statistics to highlight the trends about Al-based control
techniques in robot manipulator control from 2015 to present.

This paper is organized into five sections. Section 1 introduces the topic and summarizes the
existing review literature. Section 2 describes the data collection process and study selection
methodology. Section 3 presents the included studies and their quantitative analysis. Sections 4 and
5 provide the discussion and conclusion, respectively.

2. Materials and Methods

This study provides a retrospective mapping of 343 studies on Al-based control for RMs
published between 2015 and 2025. The selection process included identifying potentially relevant
studies across major online databases, deduplication, title and abstract screening for eligibility
assessments, and full-text screening for categorization and statistical analysis.

2.1. Search Strategy

The literature search for this review followed the modified PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analysis) framework to ensure the transparency, reproducibility,
and comprehensiveness in reporting search strategy and findings [23]. Explicated Boolean search
strings were performed across multiple online databases, including IEEEXplore, PubMed, Scopus,
and Google Scholar, to identify potentially relevant studies. Only for IEEEXplore that the search was
conducted twice with the same query: first without content-type restrictions, then excluding
conference proceedings. The search period was from 2015 to present, including early-access and
online-first. The relevant Boolean strings applied are presented in Table 2.

Table 2. Databases and boolean search strings.

Databases Search Strings

("robot manipulator” OR "robotic arm" OR "industrial robot"
OR manipulator) AND (AI OR "artificial intelligence" OR

IEEEXplore, PubMed, Scopus "machine learning” OR "deep learning” OR "reinforcement
learning") AND ("control" OR "adaptive control" OR "intelligent
control” OR "learning-based control")

("robot manipulator” OR "robotic arm" OR "industrial robot"
OR manipulator) AND (AI OR "artificial intelligence" OR

Google Scholar "machine learning” OR "deep learning” OR "reinforcement
learning") AND ("control" OR "adaptive control" OR "intelligent
control” OR "learning-based control")
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"robot manipulator" AND ("reinforcement learning” OR DRL)
AND ("trajectory optimization" OR "motion planning" OR
control)

"robot manipulator" OR "robotic arm" OR "robotic
manipulation” AND ("reinforcement learning" OR DRL OR
"deep reinforcement learning") AND (grasping OR "dexterous
manipulation” OR "sim-to-real" OR sim2real)

2.2. Search Execution and Screening Process

The final search was completed on December 31, 2025, yielding a combined total of 800 records
across all databases. Records were exported and de-duplicated in Zotero using its automatic
duplicate-detection function, resulting in 672 unique records. Title and abstract screening were then
conducted against the predefined inclusion and exclusion criteria. To maximize efficiency and
consistency, Anara Al, an Al-powered research assistant, was used as a decision-support tool during
this stage. All Al-assisted decisions were manually verified prior to inclusion or exclusion. After this
screening stage, 343 studies were subjected for full-text assessment. Full texts were reviewed in detail
to confirm eligibility, further analysis, and categorized according to the five functional modules in
RM control: perception/estimation, planning, learning control, interaction/safety, and
learning/adaptation.

2.2.1. Inclusion Criteria

e  Published 2025 or later
e  Written in English
e  Proposed or applied Al-based techniques explicitly for control of RMs

2.2.2. Exclusion Criteria

e  Soft robots, hydraulic robot, continuum systems, or quadrotor

e  Simulation platforms evaluations using robot learning methods

e  General/high-level control discussions without Al approaches

e Book chapters, reviews, editorials, patents, letters, abstracts, or other scientific journal formats

The selection process from 800 identified records to the final set of 343 selected studies was
documented using the PRISMA-2020 flow diagram and presented in Figure 1.

2.3. Data Extraction

An additional systematic extraction was conducted on 343 selected studies to capture the
following data:

e Authors and year of publication
e The functional role of implemented strategy within the robot manipulator control system,
categorized as one of the following:

o Perception and Estimation: outputs state estimates such as pose, velocity, maps, or object
identity for downstream use

o Planning: outputs a plan/trajectory/waypoints/goals or select actions at a symbolic/task
level that are then tracked by a controller.

o Learning Control: outputs low-level commands or a control policy that directly drives the
robot’s motion (joint velocities/torques/actions each timestep).

o Interaction and Safety: outputs safety constraints or regulates contact/force/compliance,
including human-aware limits and safe-set filtering

o Learning and Adaptation: updates models or policies online/continually across conditions,
improving with new deployment data
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e  Robot type

e  Application area

e  Control techniques

e  AI/ML methods

e  Learning paradigm (supervised, unsupervised, reinforcement learning, hybrid)
e  Evaluation method (simulation, experiments, both)

[ Identification of studies via databases and registers J

Records identified from:
Scopus (n = 150)
PubMed (n = 150)
|IEEEXplore (n = 200)
Google Scholar n = (300)

|

Records screened
(n = 699)

Reports sought for retrieval Reports not retrieved
(n = 687) g (n=24)

Reports assessed for eligibility N Rep&l;itsi: )I(Ei;‘l’i:gz(n =3)

(n =663) 4 Soft robots/ Continuum systems (n = 20)

Irreverent or no Al techniques implemented (n = 239)
Reviews (n = 55)

Records removed before screening:
Duplicate records removed (n = 101)

v

Identification

Records excluded
———| (n=12)

Screening

Others (n = 3)
—/
o
E Studies included in review
2 (n=343)
B
—

Figure 1. PRISMA flow diagram of the search and selection process.

2.4. Research Question

This review is guided by the following four research questions:

RQ1: How has the volume and distribution of AI/ML-based robot manipulator control research
evolved over the last decade in terms of publication trends and temporal shifts in method adoption?

RQ2: Which functional control roles, spanning perception and estimation, planning, learning-
based control, interaction and safety, and online adaptation, have attracted the greatest research
concentration, and are those concentrations proportionate to the demands of the application domains
they serve?

RQ3: Across which application domains has AI/ML-based robot manipulator control been most
actively studied, measured by publication volume and methodological diversity, and which domains
remain comparatively underserved relative to their real-world significance?

RQ4: Based on observed publication trends, shifts in method adoption, and gaps between
research concentration and application demand, what emerging directions are most likely to define
the next stage of AI/ML-enabled robot manipulator control?
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3. Review of Publications

Tables 3-7 list the selected studies on Al-based control techniques in robot manipulator control
from 2015 to 2025, organized by functional category and summarizing their key aspects

Table 3. Al-based control techniques in robot manipulator control from 2015-2025.

Eva
Rob App Learniluat
. ot licati Control ng ion
Functional Role Authors Year . Methods )
Type on Technique Paradi Me
s Area gm tho
d
Seria Learning- Super Ee)l(f
Bertono et al. [24] 2019 NS based pose CNN .p
1 3 . vised me
estimation
nt
.. EEG/EOG
Vision- e L Exp
Exos Reha uided classification, Super eri
Catalénetal. [25] 2023 keletbilita © . RGB-D object T
. learning- . vised me
on tion based pose estimation, nt
DMP
Man Learning
Seria ufact i Min-Pnet, 1D Super Bot
Chen et al. [26] 2023 1 urin based grasp CNN vised h
planning
Man Vision- Exp
: . . .
S Chenetal. [27] 201 eriaufact  guided —p o ponn Super er
o 1 urin learning- vised me
-E g based nt
(93]
23] i
g Ghiasvand et al. 2024 Seria Aero DNN bals ed DNN Super Bot
s [28] ] Spac visma vised h
g € servoing
z Exp
3 Reha
S Seria Learning-  KNN, LSTM, Super eri
< o1 7 4
3 Gul et al.[29] 2023 1 b%hta based SVM, DT vised me
tion
nt
Learning-
Heal  based )
Herisetal. [30] 2022 Mag thcar magnetic ANN, Slmglated Sl_lp er Bot
netic . Annealing vised h
field
estimation
Man Exp
Kirda etal [31] 2005 “criaufact  Vision- yoLOvs ~ ouper er
1 urin guided vised me
g nt
Fuzzy logic, Exp
L-
Kondratenko et al. 2022 Mobi NS Mse::;ed neuro-fuzzy, Super eri
[32] le YOLOV2, vised me

processing ResNet34 nt
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Sensorless
force Exp
.. Seria estimation MLP, 1D CNN, Super eri
Kruzic et al. [33] 1 NS for LSTM vised me
interaction nt
control
o
Liu et al. [34] Mobiy o Leaming- )\ op gpp  SuPer e
le based vised me
age
nt
ment
Man Vision:
. Seriaufact i} DQN, FCN Bot
Liu et al. [35] 1 urin guided DRL- (DenseNet-121) RL h
based
Man Vision- Exp
Luo et al. [36] Induufact - guided =y o pop Super eri
strial urin  learning- vised me
g based nt
Dext  Vision- Exp
Marchionna et al. Seria erity gl?lded YOLACT 4+ Sl.lper eri
I Gam  visual vised me
e  servoing nt
E
SeriaE/fI:cr:lt Pose Super e)l(f
Martin et al. [38] . estimation- OpenPose, HMR .p
1  urin vised me
based
g nt
11.\1/f[:§c Vision- Super Ee)l(f
Panasiuk [39] NS O guided YOLOVS P
urin L vised me
positioning
nt
Neuro- Exp
Seria Mult fuzzy-based SVM, NN, Fuzzy Super eri
1 iple fault- logic vised me
tolerant nt
. Exp
. Adaptive .
Pitan et al. [41] SeriaMult v fault- DT, TSK fuzzy OUPST €1
1 iple vised me
tolerant
nt
Seria DRL-based Sim
Sacchi et al. [42] 1 NS fault TD3 RL ulat
estimation ion
Learning- RL, Exp
Seria Mult based gras Super eri
Shukla et al. [43] ) E'P GA,DQN  vised,
1 iple pose
. . Evolut
estimation .
ionary
Exp
Wang et al. [44] ;\l/zfc)rll){ieli}’z Sf l:fl(r;e MS-CLSTM, - Super eri
getal cctrbllita gesture - \N-LSTM  vised me
ic tion recognition nt
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Seria Logi Learning- Bot
Ahn et al. [45] 2025 ) stifs based PPO, CMPNet RL, IL h
planning
Seria Reha Learnin Super Ee)l(f
Aketal. [46] 2022 bilit & GoogLeNet P
| based vised me
tion
nt
Man . Exp
Andersen et al Seria ufact Learning- Super eri
2015 " based NN,RT,GP 7P
[47] I urin .. vised me
predictive
g nt
. Agri . RL,
. Seria RL-based Q-learning, Bot
Andriyanov [48] 2023 1 cultu planning YOLOVS Sl'lper h
re vised
Seria E/f[:?t Learning- Super Sim
Azizi [49] 2020 ' pased ANN, GA TPET lat
1 urin . vised |
optimization on
Exp
Reha RL
Batzi i L i IRL- ! i
atzianouis et a 2021 Seria bilit ba'sed GPIRL, LDA  Super eri
[50] 1 . planning . me
tion vised
Man Exp
o uf .
Bucinskas etal. [51] 2022 SohaUat Kol based DON rRL M
80 1 urin me
£
é g nt
S Heat RL
= i DRL- " B
2 Chenetal [52] 2023 " lhcar based  ppo DNN Super D
1 planning . h
e vised
Hum Learning- Super Bot
Chengetal. [53] 2024 anoi NS  based CNN P
. vised h
d planning
Heal
Platf B
Chietal [54] 2018 @ %ipcar Ri-based  PI2,DMP  RL,IL O
orm h
Video prediction
Seria Learning- model, Self- Bot
Ebertetal. [55] 2018 NS & Registration  superv
1 based .
network, Meta- ised
learned classifier
Emamzadeh et al. Seria Fuzzy-based  TSK fuzzy Super Sim
2015 . . . . ulat
[56] 1 hierarchical predictor vised ion
Hum L
. . Learning- Tensor-based Unsup Bot
Jaquier et al. [57] 2021 aI;Ol NS based GMM, GMR  ervise h
d
Redu
ndan Sim
Karimietal. [58] 2022 t NS DRL-based DQOQN RL ulat
Seria ion
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Man
Kimetal [59] 200 “criaufact DRL-based ) pppp RL DO
1 wurin planning h
g
R’Z)ilc)OReha Learnin Super Ee)l(f
Kwon etal. [60] 2020 bilita & CNN P
an | based vised me
tion
d nt
Exp
Reha
o Copilot- EEGNet, PPO, eri
L 1. [61 2 1bil RL
ce etal. [61] 025 seria b% ita assisted Grounding DINO me
tion
nt
Seria 112/f[:(r:}c Learnin RL, Bot
Liu et al. [62] 2022 . 8 TAC-CA, ANN Hybri
1 urin based f) h
g
Man
ia uf AC, Double Q- B
Livetal [63] 2021 Senaufact oo iceq A DoubleQ-p, - Bot
1 wurin Learning h
g
Seria RL, Bot
Liu et al. [64] 2021 1 NS RL-based RL, Q-learning Hybri h
d
R
njljﬁ Man RL
Lietal [65] 2024 ufact DRL-based - ey A NN Hybri DF
. urin planning h
Seria d
1
Man
Li et al. [66] a0z Ceriaufact Lo pased DNV Consensus- o, - Bot
1 wurin based training h
g
RL,
i If- B
Lietal [67] 2023 > NS DRL-based DRL, ResNet-50 -l DOt
1 superv h
ised
Sim
Seria Learning- Sobolev Hybri
P I. 1
arag etal. [68] 2025 1 NS based regression, NN d l,lat
ion
Man .
Seria ufact DDPG, TD3, Soft Sim
Pardk et al. [69] 2024 . DRL-based ! ’ RL ulat
1 wurin AC .
ion
g
Seria 11;/flaa(1:1t Learning- RL, Bot
Prianto et al. [70] 2021 1 rin based Soft AC, HER Hybri h
ug planning d
Man .
Seria ufact Sim
Sacchi et al. [71] 2021 1 urin DRL-based DQN, Q-learning RL ulat
ion
8
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Learning-
SeriaMult  based MobileNet-SSD, Super Bot

Solowjow etal. [72] 2020 1 iple grasping FC-GQ-CNN vised h

planning
Man .
Seria ufact Sim
Sunwoo et al. [73] 2021 1 urin DRL-based  D3QN, PER RL wulat
ion
g
Seria E/f[:; Hybrid HGCIL, DMP RL IL, Bot
1. [74 2 ! " Hybri
Wang etal. [74] 2022 1  urin imitation-RL Soft AC };bn h
g
Man RL
DRL- !
Wangetal. [75] 2025 Seria ufact tra'e]cota(l)s;:x1 DDPG, Unsup Bot
& ) 1 urin J . Y Autoencoder ervise h
planning
d
Man .
Seriaufact DRL-based ~ DDQN, Q- Sim
Wangetal. [76] 2023 . . . RL ulat
1 wurin planning learning .
o ion
Reha DRL-ANN, RL, Bot
Wilsonetal. [77] 2025 NS bilita DRL-based Improved Super
tion ResNet, MSBO vised
Man Unsup
Wong et al. [78] 2019 Seria ufa'ct ACO—bfised ACO, k—m‘eans ervise Bot
1 wurin planning clusterin d
g
Sl?};/er Exp
Seria Learning- DMP, GMM, . eri
Yang et al. [79] 2019 ) based GMR, RBENN Vlsedf me
Hybri nt
d
RL,
Seria DRL-based Q-learning, FCN, Self- Bot
Zeng etal. [79] 2018 1 with MP DenseNet  superv h
ised
TCN-attention,
Seria Hierarchical dDRL, RL Bot
Zh ¢ RL
ang [80] 2025 1 NS DRL-based parameter h
adaptatio
Zhaoetal [81] 2025 serial \ Uit PRLbased -y o Super Bot
iple planning vised h
11:;1:3 RL, Sim
Zhong et al. [82] 2022 serial urin DRL-based DDPG Hybri ulat
d ion
g
IS Seria Adaptive Sim
"g Ahmed etal. [83] 2022 ) NS  sliding Adaptive Law - ulat
) mode ion
) .
= Seria Servi Sim
g Aiello [84] 2020 1 ce DRL-based  DDPG, HER RL ulat
Q .
— ion
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DRL, Q-learning, RL,
Al-Shanoon et al. 021 Seria NS DRL-based Fully Self- Bot
[85] 1 convolutional superv h
network ised
Seria Geometric Geometric RL, Bot
Alhousani et al. [86] 2023 ) NS RL-based Soft AC, PPO, RL h
a5¢C POWER, CMA-ES
i Bot
Aljalbout et al. [87] 2024 Selna NS RL-based PPO, RL RL ;’
Man
Allesetal [88] 2022 Ccriaufact boy pased  Soft ACHER  RL DO
1 urin h
g
R
edu Man .
ndan ufact Neuromorp Sim
Amayaetal. [89] 2023 urin hic RI-based Soft AC, SNN RL glat
Seria ion
1
Exp
Raha
Seria, ... ADP-based ADP, Critic NN, eri
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* ACO: Ant Colony Optimization; ADP: Adaptive Dynamic Programming; ANN: Artificial Neural
Network; ARL: Adoption Readiness Levels; BBO: Biogeography-based Optimization; BCI: Brain-
Computer Interface; Both: Simulation and Experiment; CNN: Convolutional Neural Network; CNN-
LSTM: Convolutional Neural Network-Long Short-Term Memory; DDPG: Deep Deterministic Policy
Gradient; DDQN: Double Deep Q-Network; DMP: Dynamic movement primitives; DNN: Deep
Neural Network; DQN: Deep Q-Network; DRL: Deep Reinforcement Learning; dDRL: Distributed
Deep Reinforcement Learning; DT: Decision Tree; FL: Fuzzy Logic; GA: Genetic Algorithm; GAN:
Generative Adversarial Networks; GP: Gaussian Process; GPR: Gaussian Process Regression; HER:
Hindsight Experience Replay; HGCIL: Hierarchical goal-conditioned imitation learning.; ID: Inverse
Dynamics; IK: Inverse Kinematics; IL: Imitation Learning; IRL: Inverse Reinforcement Learning; ISM:
Interpretive Structural Modeling; KNN: k-Nearest Neighbor; LSTM: Long Short-Term Memory
network; MBRL: Model-based Reinforcement Learning; MDGPS: Mirror-descent Guided Policy
Search; MLP: Multilayer Perceptron; MP: Movement primitives; MPC: Model Predictive Control; MS-
CLSTM: Multi-Scale CNN-LSTM (MS Block-ResCBAM-Bi-LSTM hybrid); MSBO: Modified Smell Bee
Optimizatio (for EMG); NAF: Normalized Advantage Function; NN: Neural Network; NS: Not
Specified; PG: Policy Gradient; PPG: Phasic Policy Gradient; PPO: Proximal Policy Optimization;
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PSO: Particle Swarm Optimization; R-CNN: Region-based CNN; RBFNN: Radial Basis Function
Neural Network; RL: Reinforcement Learning; RLED: Reinforcement Learning from Expert
Demonstration; RNN: Recurrent Neural Network; RT: Regression tree; SNN: Spiking Neural
Network; SVM: Suport Vector Machine; SVR: Support Vector Regression; sEMG: Surface
Electromyography; TAC-CA: Tsallis Actor-Critic with Clipped Automatic; TD3: Twin Delayed Deep
Deterministic Policy Gradien; TSK: Takagi-Sugeno-Kang.

Table 4. Frequency and percentage of use in robot types.

Robot Type Frequency of Use Percentage
Serial 255 74.3%
Robotic Hand 32 9.3%
Others 18 5.2%
Flexible Joint 15 4.4%
Anthropomorphic 6 1.7%
Parallel 5 1.5%
Magnetic 5 1.5%
Mobile 3 0.9%
Hybrid 3 0.9%
Not Specified 1 0.3%

Table 5. Frequency and percentage of use in applications.

Application Frequency of Use Percentage
Not Specified 207 60.3%
Manufacturing 64 18.7%
Multiple 21 6.1%
Rehabilitation 16 4.7%
Healthcare 10 2.9%
Service 7 2.0%
Aerospace 5 1.5%
Logistics 4 1.2%
Industrial 3 0.9%
Others 6 1.7%

Table 6. Frequency and percentage of use in control technique.

Control Technical Family Frequency of Use Percentage
Learning-based 311 90.7%
Fuzzy-based 8 2.3%
Optimization-based 6 1.7%
Adaptive / Robust classical control 6 1.7%
MPC-based / Hybrid MPC 3 0.9%
Perception / Estimation-guided 6 1.7%
Assistive / Copilot-based 1 0.3%

Not Specified 2 0.6%
*MPC: Model Predictive Control.

Table 7. Frequency and percentage of use in control technique.

Learning Paradigm Frequency of Use Percentage
Reinforcement Learning 202 58.9%
Supervised 42 12.2%
Self-supervised 2 0.6%
Unsupervised 1 0.3%
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Hybrid 48 14.0%
Multi-paradigm 29 8.5%
Not Specified 19 5.5%

3.1. Publications

Figure 2 demonstrates a clear increase in publication output on Al-based robot manipulator
control from 2015 to 2025. This indicates a progressive expansion of the field over the review period.
The annual number of publications remained relatively low and variable during 2015-2019,
suggesting that research activity was still limited and not yet consolidated. Beginning in 2020,
publication output increased sharply, marking a clear inflection point in the development of the
literature. This growth continued through 2023, where the annual count reached its maximum,
followed by a slight decline in 2024-2025. Despite this modest reduction, the number of publications
in the final years remained substantially higher than that observed in the earlier period. Overall, the
trend indicates that Al-based robot manipulator control has emerged as a rapidly expanding research
area over the past decade.

Publications from 2015 to 2025
60

40

20

No. of Publications

0

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

Year

Figure 2. The distribution of publications in Al-based robot manipulator control from 2015 to 2015.

3.2. Research Interest

Figure 3 shows that the included studies were unevenly distributed across functional roles.
learning control accounted for 75.5% of the literature, far exceeding planning (11.4%), perception and
estimation (6.1%), learning and adaptation (5.8%), and interaction and safety (1.2%). These results
indicate that Al-based robot manipulator control research was concentrated predominantly in
learning control, whereas the other functional roles were represented at much lower levels. The year-
by-year distribution of publications across these roles is presented in Figure 4.

Figure 4 shows that the five functional-role categories followed different patterns over the
review period. Learning control remained the dominant category in nearly every year and accounted
for the largest share of publications throughout the dataset. Planning, perception and estimation, and
learning and adaptation were represented at lower but recurring levels, although their annual counts
remained comparatively small. Interaction and safety was the least represented category across the
full period. Overall, the increase in annual publication output was associated primarily with
continued growth in learning control, whereas the other functional roles remained limited in
frequency.
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Figure 3. The distribution of publications in Al-based robot manipulator control by functional roles.
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Figure 4. The distribution of publications across five categories from 2015 to 2015.

3.3. Robot Types

Table 4 summarizes the distribution of studies by robot type. The literature was strongly
dominated by serial manipulators, which accounted for 74% of the included studies. Robotic hands
(9.3%) and flexible-joint robots (4.4%) formed the next largest categories, while all remaining robot
types each represented only a small share of the dataset. This distribution indicates that the field has
been centered primarily on conventional serial robotic platforms, with comparatively limited
representation of more specialized configurations such as parallel manipulators, exoskeletons,
humanoids, magnetic systems, and mobile manipulators.

3.4. Applications

Table 5 summarizes the distribution of studies by application domain. The largest share of the
literature fell under Not Specified, indicating that more than half of the included studies were not
linked to a clearly defined end-use setting. Among the explicitly reported domains, Manufacturing
accounted for the largest proportion with 18.7% of the total studies, while all other application areas
were represented less frequently. This distribution indicates that Al-based robot manipulator control
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has been investigated across multiple sectors, but that explicit domain-specific application has been
concentrated primarily in Manufacturing.

3.5. Control Techniques

Table 6 presents the grouping of 44 distinct control techniques into higher-order control families.
The resulting distribution was strongly concentrated in learning-based control, which accounted for
90.7% of all publications, while the remaining families each represented only a small proportion of
the dataset. Within this dominant family, deep reinforcement learning (DRL) based control
comprised 150 studies, corresponding to approximately 48% of learning-based studies and 43.7% of
the full dataset. Other learning-based subgroups, including hybrid RL-neutral networks (NN),
adaptive dynamic programming (ADP) based, and deep NN-based visual servoing, were
represented at lower frequencies. This pattern indicates that the methodological concentration of the
literature occurred not only at the family level, but also within the learning-based family itself, where
reinforcement-learning-oriented approaches formed the principal subgroup.

3.4. Al-based Methods

A total of 278 distinct AI methods were identified across the dataset. The complete list is
provided in supplementary material, while the present figure reports only the 20 most frequently
used methods for clarity in Figure 5. The distribution shows that the literature has been dominated
by reinforcement-learning-based approaches, particularly soft actor-critic (SAC), proximal policy
optimization (PPO), deep deterministic policy gradient (DDPG), and related variants, whereas other
methods occurred less frequently. Because individual studies could employ multiple methods, these
frequencies do not correspond directly to the number of studies. Overall, the results indicate both
methodological diversity across the dataset and concentration around a small core of recurrent RL-
based techniques.

Top 20 most common methods

80

Frequency of use

O 0 O o O & o N > NI N ¥ O 0O &
FEFL TS ST ECP NS FE F&L 2
o z(\)v’

Methodology

Figure 5. Distribution of the top 20 most employed Al methods. (SAC: Soft Actor-Critic; PPO: Proximal Policy
Optimization; DDPG: Deep Deterministic Policy Gradient; RL: Reinforcement Learning; DQN: Deep Q-
Network; NN: Neural Networks).

3.5. Learning Paradigm

The distribution of the learning paradigm across studies is presented in Table 7 by frequency
and percentage. The learning-paradigm distribution shows that RL was the dominant paradigm,
accounting for 58.9% of the included studies. Supervised learning represented 12.2%, whereas self-
supervised and unsupervised learning were only rarely reported. Combined learning formulations
were also common with hybrid approaches (14.0%) using two paradigms and multi-paradigm
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approaches (8.5%). The most common hybrid combinations involved RL and imitation learning (IL),
followed by RL with supervised learning and RL with self-supervised learning. These results indicate
that the literature was centered primarily on RL, either as a standalone paradigm or as the core
element of integrated learning frameworks.

3.6. Trends in Evaluation Method

Figure 6 shows that the evaluation-method distribution is tied between both simulation and
experiment (42.3%) and simulation-only (42.0%), whereas experiment-only studies represented
15.7% of the dataset. This indicates that the current literature still relies heavily on simulation for
development and validation, while experimental testing is growing as an important step toward
practical deployment. The fact that simulation-only studies greatly outnumber experiment-only
studies also suggests that much of the literature remains closer to the proof-of-concept or pre-
deployment stage than to full real-world implementation.

Distribution of Evaluation Methods

Simulation Both

Experiment

Figure 7. The distribution of evaluation methods among publications.
4. Discussion

4.1. Limitations in Al-Based Robot Manipulator Control

A recurring pattern across the analyzed literature is that the reported limitations were not
confined to individual studies, but reflected broader weaknesses in how Al-based control strategies
are currently developed and validated for robot manipulators. Although many studies reported
favorable control performance, the supporting evidence was often constrained by simplified
validation settings, narrowly defined tasks, and limited demonstration of deployment readiness.
These limitations were observed across reinforcement learning, supervised learning, imitation
learning, adaptive learning, and hybrid Al-control approaches.

The most common limitations can be grouped into several recurring categories. First, validation
maturity remained limited, as many studies relied on simulation-only evaluation, while experimental
studies were often restricted to controlled laboratory settings, simplified workspaces, small datasets,
or narrowly scoped tasks. Second, sim-to-real transfer remained a persistent challenge, with many
studies reporting degraded performance during hardware deployment or not evaluating transfer at
all. Third, low sample efficiency and high training burden were especially common in DRL-based
studies, where training often required extensive exploration, large numbers of episodes, and repeated
retraining under modified conditions. Fourth, generalizability remained limited, as many controllers
were validated on a single robot, task, object set, or workspace and were not assessed under broader
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environmental or task variation. Fifth, performance was often sensitive to reward design,
hyperparameter tuning, dataset quality, and other task-specific configuration choices, which reduced
reproducibility and complicated cross-study comparison. Finally, in perception-dependent pipelines,
control performance was frequently constrained by upstream sensing limitations, including
occlusion, clutter, calibration drift, noisy signals, and limited data diversity.

Additional limitations were reported less consistently but remained important, including the
lack of formal stability or safety guarantees, simplified physical assumptions, computational and
real-time constraints, and system-integration issues such as communication delay, hardware
limitations, and execution jitter. Collectively, these limitations restrict confidence in whether reported
performance can be reproduced outside the original test conditions or maintained under more
realistic manipulator operating environments. Overall, the literature demonstrates substantial
algorithmic potential, but the evidence for robust, transferable, and deployment-ready manipulator
control remains limited.

4.2. General Challenges in Al-Based Robot Manipulator Control

A recurrent pattern across the analyzed literature is that the main challenges of Al-based robot
manipulator control are not confined to individual methods, but reflect broader barriers to achieving
robust, generalizable, and practically deployable systems. Across reinforcement learning, supervised
learning, imitation learning, adaptive learning, and hybrid approaches, authors repeatedly identified
difficulties that extend beyond algorithmic performance under bounded test conditions.

The reported challenges can be grouped into several recurring categories. First, generalization
beyond narrow training conditions remained a major challenge, as many studies reported difficulty
extending learned controllers across new tasks, objects, robot platforms, workspaces, or
environmental conditions. Second, data efficiency and scalable learning remained problematic,
particularly in DRL-based methods, where sparse rewards, large exploration spaces, expensive
demonstration collection, long training times, and unstable optimization limited scalability. Third,
sim-to-real transfer and domain mismatch continued to constrain deployment, with visual domain
gaps, physics mismatch, calibration error, sensing differences, and hardware variability repeatedly
identified as barriers to reliable transfer from simulation to physical systems. Fourth, robustness
under uncertainty and nonlinear dynamics remained a central challenge, especially in the presence
of external disturbances, friction, payload variation, delays, partial observability, and time-varying
operating conditions. Fifth, perception reliability in unstructured environments was frequently
identified as a limiting factor, particularly under occlusion, clutter, illumination variation, noisy
sensing, or dynamic scenes. Finally, many studies highlighted the joint challenge of safety, stability,
and real-time deployment, emphasizing the need for safe exploration, collision-aware operation,
computational efficiency, and compatibility with control-theoretic requirements.

Additional field-level challenges were reported less consistently but remained important,
including scalability to high- degree of freedom (DOF), redundant, bimanual, or closed-chain
systems, integration of perception, planning, and control within unified architectures, reduced
dependence on structured environments and handcrafted assumptions, interpretability and
verification of learned policies, and adaptation to contact-rich, long-horizon, and multi-stage
manipulation tasks. Collectively, these challenges indicate that the field has advanced beyond
demonstrating isolated algorithmic success, but continues to face substantial barriers to building
manipulator controllers that are simultaneously generalizable, data-efficient, robust, safe, and
deployment-ready.

4.3. Future Directions

A notable pattern identified across the analyzed literature is that proposed future work did not
diverge into isolated directions, but instead converged around a relatively consistent set of
developmental priorities. Across different AI methodologies, authors repeatedly pointed to similar
next-step needs, indicating a shared maturation trajectory for Al-based robot manipulator control.
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The reported future directions can be grouped into several recurring categories. First, many
studies proposed expansion from constrained evaluation toward real-world and real-robot
validation, including testing on physical platforms, broader industrial settings, and more realistic
manipulation scenarios. Second, improving sim-to-real transfer and deployment readiness remained
a frequent priority, with recommendations including domain randomization, real-world fine-tuning,
calibration improvement, synthetic data generation, and more rigorous transfer protocols. Third,
many studies emphasized extension to more complex tasks, richer environments, and broader
generalization, including cluttered scenes, deformable objects, dynamic settings, long-horizon tasks,
dexterous manipulation, and broader cross-robot evaluation. Fourth, authors frequently identified
the need to improve data efficiency, training stability, and learning scalability, particularly through
better reward design, curriculum learning, hierarchical learning, imitation learning integration, and
more efficient training strategies. Fifth, many future-work statements emphasized stronger
perception and multimodal sensing integration, including improved visual backbones, larger
datasets, tactile and force sensing, RGB-D systems, and multimodal sensor fusion. Finally, a
consistent direction was the development of safer, more adaptive, and more unified control
architectures that integrate perception, planning, adaptation, and control more tightly while
incorporating online adaptation, uncertainty handling, and safety-aware behavior.

Additional future directions were reported less consistently but remained important, including
extension to high-DOF, redundant, flexible, soft, underactuated, or multi-robot systems, greater use
of advanced computational infrastructure, increased methodological hybridization, and stronger
attention to interpretability, verification, and practical usability. Collectively, these trends indicate
that the field is moving beyond isolated algorithmic improvement toward broader goals of real-world
validation, transferability, efficiency, robustness, multimodal integration, and deployment-oriented
system design. Overall, the future-work statements suggest that the next stage of progress in Al-
based robot manipulator control will depend less on achieving higher benchmark performance alone
and more on building systems that are generalizable, efficient, safety-aware, and practically
deployable.

5. Conclusions

This systematic review, conducted in accordance with the PRISMA framework, identified 343
studies published between 2015 and 2025 on Al based control for RMs. By synthesizing evidence
across functional roles, control techniques, robot types, application settings, learning paradigms, and
evaluation methods, the review provided a high-level view of how this research area has developed
in the literature. Overall, Al based RM control has expanded rapidly over the past decade,
particularly since 2020, confirming its emergence as a rapid growing area of research. However, this
growth has been markedly uneven, with research activity concentrated in a limited set of functional
and methodological directions.

The main trends identified are as follows:

e  Uneven functional development: The literature was concentrated predominantly in learning
control, with substantially lower representation of planning, perception and estimation, learning
and adaptation, and especially interaction and safety.

e  Methodological concentration: Learning-based control overwhelmingly dominates the field,
particularly RL and DRL. Although many distinct Al methods were identified overall, recurrent
use remained centered on a relatively small core of RL oriented techniques.

e Narrow robot and application coverage: The reviewed studies focused primarily on serial
manipulators, while many specialized robotic configurations remained sparsely represented. A
large proportion of studies also lacked a clearly specified application setting. Among the
explicitly reported domains, manufacturing was the most represented.

e Strong reliance on simulation-based evaluation: Most studies relied simulation only or
combined simulation and experiment for validation, whereas fully experimental evaluation
remained comparatively limited.
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Taken together, these findings indicated that Al based control for RMs has achieved substantial
methodological growth, but its development remained uneven in scope, validation maturity, and
deployment readiness. Building on this descriptive trend analysis, future work can perform more
advanced relational analyses to further assess the impact of AI on RM control. Key potential areas for
investigation include method evolution and co-occurrence, cross-variable patterns, limitation
clustering, hybrid versus single-paradigm performance, technique-outcome alignment, and future
direction mapping.

Supplementary Materials: The following supporting information can be downloaded at the website of this
paper posted on Preprints.org. The complete list of all Al methods was identified across the dataset can be found

here.
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