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Rehabilitative therapies play a crucial role in upper limb motor recovery, as upper limbs are the most active
parts in executing the activities of daily living. Because of a huge number of people with motor disorders and
a shortage of therapists, the integration of data-driven Al methodologies and robots for rehabilitation could
be helpful in creating personalized and challenging therapies, leading to a myriad of benefits for both patients
and therapists. Al methods can be implemented in different functional modules of the robotic platform, such as
user intention recognition, robot motion planning, robot interaction control, and system adaptation through
different learning paradigms. This article presents a systematic literature review on the use of data-driven
learning methods applied in upper limb robot-aided rehabilitation. The analysis is structured around the
learning paradigms adopted, namely, supervised, unsupervised, and reinforcement learning, as well as the
corresponding task types (e.g., classification, regression, and control tasks) and model types, distinguishing be-
tween machine learning and deep learning approaches. The review reveals that most studies employ supervised
learning to address classification tasks, and that deep learning models are the most frequently adopted.
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1 Introduction

Rehabilitation plays a crucial role in helping individuals recover from injuries, surgeries, or medical
conditions. The rehabilitation of the upper limb is more important for self-care ability, as the upper
limbs are the most active parts of the human body [1]. Neurological and musculoskeletal disorders,
for example, can affect the upper limbs, leading to difficulties with Activities of Daily Living
(ADLs). The regain of the lost capabilities in performing ADLs can be executed with conventional
manual therapy, but due to a large number of patients, this type of therapy cannot meet the huge
need and suit different individual situations of patients [2]. Moreover, conventional treatments
rely on the operator’s judgment and involve semi-qualitative assessments. For these reasons,
technological advancements have revolutionized the field of rehabilitation, with robotics emerging
as a powerful tool to assist in the recovery process [3]. In the last decade, different studies were
carried out in order to prove the effectiveness of robot-aided rehabilitation for the treatment of
patients affected by upper limb disorders of the neuromuscular [4] and musculoskeletal systems [5].

The introduction of robotic technology for physical interaction in the clinical field has offered
a myriad of benefits for patients on their journey to recovery [6, 7]. By objectively measuring
the patient’s motor performance [8], enhancing sensorimotor training [9], increasing intensity
[10], fostering active participation and engagement [11], as well as promoting independence and
accessibility [12], robotics has become of paramount importance for modern rehabilitation practices
providing tailored and personalized therapy [13].

The integration of Al into robot-aided rehabilitation further enhances the potential of these
systems, bringing rehabilitation closer to the goals of precision medicine. Al allows the extraction
of meaningful patterns from large volumes of heterogeneous data, such as kinematic and dynamic
variables from robots, and biosignals, to support adaptive, data-driven therapy [14]. Unlike tradi-
tional systems, Al-based solutions can continuously monitor the patient’s state, adjust assistance
strategies in real time, and personalize the treatment pathway based on each individual’s progress
and needs [15, 16]. This capability makes Al essential for delivering intelligent and responsive
rehabilitation interventions.

Data-driven Al approaches encompass a range of methods designed to extract actionable insights
from the continuous stream of data generated during therapy. These include supervised learning
paradigms applied to classification and regression tasks, aiming to assess patient status or predict
recovery trajectories; unsupervised learning techniques, such as clustering, to reveal hidden patterns
or identify subgroups of patients with similar profiles; and Reinforcement Learning (RL),
which enables the system to learn optimal policies by refining the robot’s behavior in real time
through interaction with the environment. These learning paradigms, implemented through various
model types, including statistical models, neural networks, or hybrid frameworks, contribute to
constructing a dynamic and personalized representation of the user, ultimately enabling more
adaptive and effective rehabilitation interventions. The analysis presented in this review focuses on
how each learning paradigm is implemented and evaluated in the literature, offering a structured
overview of the role of data-driven models in enabling intelligent and adaptive rehabilitation.

The objective of this review is to provide a comprehensive systematization of existing studies on
the application of data-driven learning approaches within the field of Al in upper-limb robot-aided
rehabilitation therapy, encompassing both end-effector and exoskeleton-based systems. Actually,
although many literature reviews have addressed several aspects of robot-aided rehabilitation
focusing their attention on separately robot aspects, such as Robot Motion Planning (RMP) [17],
human-robot interaction modalities [18], robot control strategies [19, 20], Electromyography
(EMG)-based motor intention prediction [21], Al application in mobile robotic exoskeletons [20,
22], Deep Learning (DL) application for EMG-based Human-Machine Interaction [23], interactive
design on exoskeleton performance [24], design and application of Machine Learning (ML) in

ACM Transactions on Human-Robot Interaction, Vol. 15, No. 2, Article 41. Publication date: January 2026.



Al in Upper Limb Robot-Aided Physical Rehabilitation: A Systematic Review 41:3

robot-aided upper limb rehabilitation [25], and automated planning and scheduling application
in healthcare [26], this article wants to provide a comprehensive analysis of all the studies in the
literature regarding the integration of Al methodologies in upper-limb robot-aided rehabilitation.
Compared to previous reviews, the novelty of this article lies in providing a structured summary of
the main data-driven Al techniques employed in the management of robot-aided rehabilitation
therapy, covering key functional areas such as RMP and control, User Intention Recognition
(UIR), and therapy adaptation based on individual user needs. It has been demonstrated that the
adoption of Al in upper limb robot-aided rehabilitation can be useful for many purposes. It allows
exploring the movement patterns [27], predicting human intentions [28], controlling the robotic
devices (exoskeleton or end-effector) [29], providing sensory feedback to the patient through a
Virtual Reality (VR) system [30] or seeing the motion of the impaired limb through the activation
of the robotic device [1]. Furthermore, it enables estimating the user’s state by analyzing physio-
logical signals, thus adapting the robot behavior, accordingly [5], ensuring enhanced customization
and personalization of the rehabilitation session.

This review aims to address key research questions concerning the role of data-driven Al in
robot-aided rehabilitation systems, including:

Q1: the identification of functional modules that currently incorporate Al algorithms and how
these modules are defined across the literature;

Q2: the examination of data-driven learning methodologies applied to specific tasks within
these modules;

Q2: the analysis of performance metrics and evaluation strategies used to assess the effective-
ness of Al methods, with attention to their consistency across studies.

This review article wants to address these research issues through a systematic analysis of
the current landscape, identifying existing gaps, and proposing future directions to foster the
effective and responsible deployment of Al in robot-aided rehabilitation. Moreover, it evaluates the
complexity of the Al algorithms applied in different rehabilitation settings, the type of data fed in
the AI module, and the population enrolled for the validation purpose.

The article is organized as follows. Section 2 describes the method used for literature analysis.
Section 3 reports the existing Al algorithms applied in the robotic rehabilitative field for robotic
therapy management. This section is divided into four subsections according to the functional
block that implements an Al algorithm. Section 4 discusses the main results that emerged from the
literature analysis, and Section 5 provides the conclusions of the present article.

2 Methods

A comprehensive literature search, updated to December 2024, was conducted using Google Scholar,
Scopus, and IEEE Xplore. Specifically, the following query was implemented in the scientific
databases: “robot*” AND “upper limb rehabilitation” AND (“artificial intelligence” OR “machine
learning” OR “deep learning” OR “reinforcement learning”). The logic operators have been included
to ensure that each paper includes the presence of the robot, the upper limb rehabilitation scenario,
and the application of an Al-based methodology. Additionally, the use of * ensures to broaden the
search by finding words that start with the same letters (e.g., robot, robots, robotics). Moreover, to
include relevant papers, the following inclusion criteria were utilized:

— All the publications should be written in English and published in the period between 2010
and 2024;
— All the papers and conference articles should be indexed on Scopus;
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Fig. 1. PRISMA flowchart of the search and inclusion process.

—The papers should concern upper limb rehabilitation with a robotic device including both the

exoskeleton and the end-effector;

—The papers should concern upper limb rehabilitation with a robotic device integrating an Al

algorithm in one of its functional blocks. The Al module should not be used as a method of
evaluation or assessment. This choice was made to focus on studies where Al directly supports
real-time control or adaptation of the rehabilitation process. Although assessment methods
can indirectly contribute to adaptive control, the review includes only those integrating Al
within the control or therapy adjustment loop;

—The adopted Al approach must be clearly specified by indicating the learning paradigm, the

task type, and the specific algorithm used. Generic references to ML or DL as model types are
not sufficient; the exact model should be described to ensure transparency and repeatability.

The search strategy was based on Preferred Reporting Items for Systematics Reviews and
Meta-Analysis (PRISMA) statement [31]. The documents obtained were screened to ensure that
eligibility criteria were met.

3 Results

The resulting PRISMA is shown in Figure 1. The systematic review process started with the iden-
tification of 17,715 documents in the search stage. After removing duplicates, 652 papers were
analyzed. 362 papers were excluded based on a comprehensive review of the abstracts and the entire
paper, which determined that they did not meet the established inclusion criteria. In particular:
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—10 theses were excluded;

— 20 works were excluded because the proposed therapy was not for the upper limb;

—19 works were excluded because they did not deal with rehabilitation;

— 64 works were excluded because there was not any robotic device;

—150 papers were excluded because there was no application of an Al algorithm in one of the
functional blocks;

—33 papers were excluded because the Al method integrated into the robotic device was not
described;

— 66 papers were excluded because the Al method was used for patient evaluation or assessment
purposes.

The remaining 290 papers were fully reviewed; however, 255 were excluded for several reasons.
Many involved robotic devices such as pneumatic artificial muscles or prostheses, which do not fall
within the scope of end-effector or exoskeleton systems. Additionally, some studies did not clearly
describe the implemented Al module, lacking details such as the number of layers in the neural
networks or the hyperparameters used. Preference was also given to studies applying Al methods
to address specific task types such as classification, regression, or control, within a data-driven
learning paradigm, as these represent the most commonly used approaches in the field.

This search and screening process led to the identification of 35 relevant studies. To address
research question Q1, we developed a functional schematic of upper-limb robot-aided rehabili-
tation architectures based on the analysis of these works. This diagram, presented in Figure 2,
illustrates the system modules identified in the literature and highlights which of them integrate
Al algorithms, thereby clarifying their specific roles within the overall rehabilitation framework.
At the human-robot interaction level, a patient monitoring system can be exploited to monitor the
relevant parameters to provide insight into the patient’s state. Multi-modal sources of information
can be fed into UIR algorithms that aim at estimating the patient’s motion intention. The output
of this functional block can be the starting point for the robotic system intervention in order to
meet the user’s needs. Specifically, RMP and Robot Interaction Control (RIC) characterize robot
behavior in terms of trajectory planning and physical interaction. Moreover, the robotic system
parameters can be tuned according to the output of algorithms devoted to the System Adaptation
(SA). In this way, tailoring the behavior of the robot as well as providing feedback in real-time
to the specific patient’s needs is possible to promote patients’ motor outcome and engagement
[32]. The functional blocks reported in Figure 2 can implement Al approaches for physical therapy
in rehabilitation, the focus of this review. For this reason, the papers selected for the review are
organized based on their specific proposed application: 15 for UIR, 8 for RMP, 6 for RIC, and 7 for
SA. It is worth noticing that the paper [33] has been included both in UIR and SA as there are two
different AI modules applied in two different functional blocks.

To address Q2 and Q3 (i.e., the examination of data-driven learning methodologies applied to
specific tasks within the identified functional modules, and the analysis of performance metrics
and evaluation strategies used to assess the effectiveness of Al methods), a thorough review of the
selected papers is required. Since these aspects can only be meaningfully analyzed after a detailed
examination of each study methodological framework, learning paradigm, and validation process,
the discussion of these research questions is deferred to the Discussions section (Section 4).

For this purpose, each paper selected in the search stage has been carefully reviewed to extract
the most relevant information regarding:

—the signals acquired during the experiments: EMG for muscle activity, kinematics data com-
ing from magneto Inertial Measurement Units (IMUs), cerebral activity monitored with
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Fig. 2. Functional scheme of an Al-driven upper limb robot-aided rehabilitation system, highlighting the
main modules: UIR, RMP, RIC, and SA.

Electroencephalogram (EEG), Heart Rate (HR), Respiration Rate (RR), skin Tempera-
ture (T), Galvanic Skin Response (GSR);

—the subjects included in the study, divided into healthy (H) or patients (P). The pathology is
expressed if there is P;

—dataset and software information, including Dataset Size (DS), Dataset Availability (DA),
and source Code Availability (CA). When this information is not provided, the entry is
marked as Not Applicable (NA);

—the robot used in the experiments: if the robot is a commercial one or it is a research prototype;

—the learning paradigm adopted in the study: supervised learning (further distinguished by the
task type, such as Classification (C) or Regression (R)), unsupervised learning, or RL), which
is typically associated with control (Ctrl) or policy optimization tasks. In this context, control
refers to the continuous regulation of relevant robot variables;

—the specific Al algorithm used, from which the model type (ML or DL) can be inferred. If the
study includes a comparative analysis of multiple models, only the best-performing algorithm
is reported;

—all relevant details regarding the hyperparameters used in each Al algorithm, including
the number of training epochs, the architecture of DL models, and other key configuration
parameters;

—the output generated by the AI algorithm, which indicates the task type addressed. For
classification tasks, all possible classes are explicitly listed;

—the validation strategy used to evaluate the performance of the proposed algorithm. Common
strategies include Leave-One-Subject-Out (LOSO) and Leave-One-Out Cross-Validation
(LOOCYV);

—the performance metrics reported in the study, which may include Accuracy (Acc), Area
Under the Curve (AUC), F1-score, Mean Absolute Error (MAE), correlation coefficient,
coefficient of determination (R?), Mean Square Error (MSE), and Root MSE (RMSE).

For each subsection, all information has been summarized in a specific table: Table 1 for UIR,
Table 2 for RMP, Table 3 for RIC, and Table 4 for SA.

ACM Transactions on Human-Robot Interaction, Vol. 15, No. 2, Article 41. Publication date: January 2026.



7

41

Al in Upper Limb Robot-Aided Physical Rehabilitation: A Systematic Review

(panunjuo)))
(uorsuajxa (XeuIyos + wnsjou
A&E&Etoa dowxma Aqurd/ap0q 17 Yoo[g ‘S1sue) + WNSIAU : T YI0[q) sdfgoj0rd YNV
%0066 90V woneprea 1ds ammoq e dserd ‘uorsua)xa Ayurd yromjau [ernau uoneSedordyoeq NNV S VN 2reand v s oW (7]
: S ; ‘uorxafy Aqurd Xefar no aaem juarperd ajeSn[uoo paress (Po1) D HO15ToNSOX N
‘UT 2ABM ‘UOTJBIADD JEU[N ‘UOTRIAdD  SYI0[q Surssadoid-g :21n309)1yory HORSOXT VN:SA
[erper) uonrudosar a1mysad puep] s1aAe] UappIy 01
) 00 eyd[e 40O
uwumm hwwwmwmw> (wonuoyu pue wonusrur-axd) 1 :yeo[ sapdures urjy 1 ad4£yoj0xd 7)1 d[qR[IeAR 1D 'JRp
sogsoy IO o e ¢ s soduns o BT Awaemena o o (o)
Sururen %0/ q =TI : JJo-puy VN :SA WA
o TUTE) “UOLIYI)
198 ad£yoy01d :
%9€°96 Y 1591 %02 39S (3USLISAOW UOISUS}XD pUT UOLXa sadures 007 :sypodg Ld [ BRCEREN VN MH.ZSVM% va HOT .DEH [6€]
Sururen %0g jurof urre) wonrugodar ureyed HNT ((192) 0 wopEYsOXT N m. q oW
108 (spouw Sururex; sanssax sw )0z y3Suaf syooda NAS-0Sd ad£y0301d VN VD
%86'€6 < OV 1591 %071 39S pue oarssed 9ATIE) o121 A194000Y uonezrundQ wremg anIeJ P8 A [EBRCEREN| VN ‘eaud :yq HoT ST [€]
Sururen %06 : ; UoIOUNJ [QUIAY SISeq [BIpey :10)93]j9-puy VN :Sa
onpreA (uorxayy Jurof moqra pue sw gz yiSuay sypoda YNV
%89°€6 “es01 UOTIL]OT [BUIIXD ‘UOTJLIOT [RUIDJUT 6££9°1L¢ = 0 pazrundQ WAS T~ VN .anz dva He oW (5¢]
:91008-T,] ‘UOTONPQE. ‘UOTXI[J IIP[NOYS) 6L57°0 = O pezrundo ((19%) O 4 T
PI0J-2AT 01 Pq I Top[moy; oP I VN S
uroped uonowr quiry raddp UoTOUNJ [JUIAY SISeq [eIpeYy
VN:VO
VN ‘oreand :yq
198 (Sunsax Sunonpqe 200p v Furuado swgeT y3Sudf sypoda adAjoj01d s3as Teuds
%00°06 9V WNLO0TS g ) :._azmm :o:cwu Bpino voneziundQ uersafeq :paziumdo .%Svm [o1easay ONE PRIUaw3as 0Z6°¢ H8? OWA [L€]
Sururen %08 PP : pInous [PuIay] [erwouk[oq PP o {U0JI[SOXT 1303 ‘yoea suonadar
02 X SJUaWAOW
£ ‘s1alqns Ayieay gz :sq
onepiea sw 0z yISuaf syooda WAS ad£yojo1d VN VD
%0006 :DNV 8501 PIO] 01 (1591 10 JUDWIDAOU) d)L)S JUTO[ UOIOUN [JUIAY UBISSNEL) P2 [{BRCEREN| VN ‘reaud :yq HS oW [9g]
PI%J poyow urdrewr 3jog PO {U0JI[SOXY VN :SA
2OUBULIONId ] UOTJEPI[BA UuorPRIpaIg sxojowreredrodApy EAMMMM?\ j0qoy elRQ s302[qng sreusig

AIN 103 uore|IqeyaY papiy-1oqoy ui sayoeoiddy |y 'L d|qeL

ACM Transactions on Human-Robot Interaction, Vol. 15, No. 2, Article 41. Publication date: January 2026.



R. Molle et al.

41:8

(ponunuo))
uonoaatp 1od
suonadar o1
Sursn yoeqpaay
uorjowr
10qo1 JnoIA (UOTJBIASD TeUn/[BIPLT JSTIM TIIM
%0009 m.:m :H-M/. PAUIQUIOD UOTSUIXD/UOTXI[J ISTIM $-o1 oL
:9pouw [01}U0d ©jEp uaesun 1:M<_VBMMW_MMU\ .MMHMOMW :.H”w& PAS :I9AJOS Sdfotoxd . (Amfur
Jog-unuw 00y uo pauriojrad ﬁ\.sov S %2 . ,um:u: \E - v sw Qg yiSua] sypoda var1:(py Sum%mu MM\,M% pI0d
‘%00°56-00'68  SunsaL (%56 Em_s ?%:%mﬁéﬂ%wwm UoNEpI[EA 10P2) 0 amiu%wwm VN <Hz 'sq va Teurds) ond [er]
:opouwt [o1juod  ueaw ‘proj 1ad O m:m\go:m_wﬁ: d $SOIQ) ITM UOTJRUTIUI[{ INJed ] dv ‘HOT
Jog-a[3urs 20y &mm uAmvuM_uMmMio WIR210 ‘UOISUSIXa/UOTXA M0G[3) SAISINOY YA UOTIRUIqUIOD)
——— JUSTUAAOW JO UOTIOIIIP PIPUU]
wﬁ:_,m\:.. mcﬁrﬁ
uorjepIea
-SSOID P[OJ-§
swzel :mopurm jnduy
ML9g~ :surereq
xeurjos :ndinQ 1sanbax
60 snodox 9[qBUOSLAI UO 1Y)
(uorsuaxa IAp[NoYs UOTJeZI[eWLION-U[dJeq jsanbar a[qeuosear
198 pUe MOq[d pUE ‘UOTXI[} IOP[NOYS % UOT)RZI[RUWLION " uo ‘oyeantd :y(Qq
%GL'88 00y 1591 %02 39S MOQ[d ‘UOISU)XD IP[NOYS ‘UOIXI[J Ty UOTJRATIOY Z:ﬂ.mwv Uq urre o130qoy syurod ejep 9/6=¢ H8 OWNT [2¥]
Sururen %08 I9P[NOYS ‘UOTSUXD MO([d ‘UOTXI[] yoo1q X 261 PU® UOTJRULIOJUT
moqpa) urayed vonjowr quinp raddn)  Auod yoes 123je ZX 7 :SuTjoogxeN JudjuT UoTjow JUTUTRIU0d
auwes, Surpped SMOPUIM SISATeU®
T 9PIIS ‘gX € ‘SIANY ZE :ZAUOD) [PUURYD-221Y3 :S(T
Quwes, Surpped
‘T 9pIS ‘gX € ‘SIANY 9T :JAUOD
uorjezIfeIausgd SIOYISSL[D YeaM dUIGUIOD 0]
pue poyiaur paseq-3urisooq :[quIasuy
ERLICHACINI(h] (saosm013 $2 01 G woj VN VD
$S98S® . . P159] S9pOU UIPPIH :UOT}IIIS VN ‘eaud :yq
0] saz1s ardures Sungi] ‘Buleo “UOXI[/UOISUAIXD suni juapuadapur Og 19A0 Pa)sa) 2dfor01d BIA
%05°G6 0IY 1S ol MO(Q[d ‘UoToNppe/UoONpqe P put P NNdg oreasay Vod B He OWHT [¥¢]
’ Sururexn IODIIOUS “UOTX! /LIS Ua1XD uorjerndyuod yoeq :suornradax ((199) D o150 SOX uoTINPaI AJI[RUOISUIWIP
Surkrea yym mw Mo o roﬁmﬁ\vE w 1 Sururex], 6z1-06 :sojdures Sururery, uoRsoxd PUE UOTORIIXD INJLaJ
(suonnadar g) PIIOYs) uon v (sapou ) 1aKe[ 1a35e) sardures 06z :Sq
SUNT }$9)-UTRI} ndino (sapou () TAe[ uappIYy
srdnmpyy ‘(sapou 971) 1okey yndur :s1ake] ¢
dUBULIONISJ uonepIfeA UOTIIPAI] s1ojowreredad A E&meuw‘jw 10qoy 'lRQg s192[qng sreusig

panunuod ‘L djqeL

January 2026.

ACM Transactions on Human-Robot Interaction, Vol. 15, No. 2, Article 41. Publication date



9

41

Al in Upper Limb Robot-Aided Physical Rehabilitation: A Systematic Review

(ponunuo))
1sanbax
9[qBUOSEAI UO :
uorjepIeA (219219p [eUF1S 00 Jreaut WAS 2dfor01d Hmm_:wuu uEnsOmMuw
%£8°08 9V 55015 [o]-¢ 198181, ON Pa19919p [euSTS 00€d [PUIDY] TeUI-UON 02 o [o1easay 10 ‘oyead : HS OFd [L¥]
PIoY Juedw J9SIE]) UOTJUUT URLINE] A 110109)J2-puy (195 1e1-0u o.owJ.MmmaE
09¢) sapdwes 0912 :SA
modoi «—
TRY AT ¢— D ¢— UNEL] :[euL]
(z°1)
[0ogxeN + (T °T) 2ptus ‘(L ‘1)
[PuIY Yo 87T :¢ Auo)) [erodwa],
(9°1)
€ J[(R[TBAR :
[Ppow [00gxe + (T °T) 2pHis (L1 °T) a1 AM m,% Vo
%0L'29 pourer 9y} P Y2 p9 17 Au0Q [esodura, ez Al uonnpdwo) [0g
. - P (€°1) ?prus “(€2°1) adfyor01d - .
:sjuawLIadxo JO 189 :dUIUQ (3yS1x o1 ‘premyoeq 5 b . d NOJILS orqnd pue aeard 1y q
. [PuI Y2 ¢ 11 Au0) [eroduwia], . YoIeasaYy H9 odd [o7]
suruo 195 1591 %07 PIRMIOJ) UOTIOIIP JUIUDAON 3 (P¥) O . (areard)
A1) JO Y 9os Sururen . ( .u: oPHIs HowaPR-pud S[BLI} 00T X SUOISSIS 9 X
%08 “E.E.mo (1°7) w91 :au0) eeds muovﬁsw 9 xo_Er& sfern)
! z0=n ! i ST
adors yam (T AeaT UOTIRAIIOY 952 X s19[qns 6 :5q
¢'0 :nodox(
(z0=")
NToY Ae2T + N + Au0)) :s124eT
D4 ‘auo)-reroduray
‘auo)-Tenjeds :syoorg
SO 159}
Aq paaes [apout 153q ‘006 syd0dg YNV
%6FEY jos Aorpa ¢ [
pue %FIF09 1891 %02 ‘198 1ad ndino uorssardar ‘(T D o= .
sjowrmmadxs  Sururen %08 vonow Jo preAv[oRq % PrEAIO] ‘G0 NEOAW gy O%PIA VN mmand v Het oga  [st]
SUOI}OAIIP 9 10§ AI2FeTUT SATIINIUT (129) D (owm X [auueyDd)
auruo Suapuadop U E nodoip ‘syrun wappry 00€ N IS T :
T I T ! X (07 :Teusts
A1) JO Y -12a[qns ¢x 1 Surood ‘(s1o[y . uﬁ%ﬂm MNQM - Omw
IX0Z ‘0T XT) SToAe] AUOD ¢ :NND P2 e 0v2 :Sd
(oum xpuueyd HH) 00% X0z Hnduy
9OUBMLIONIS UoTJEpI[BA uondIpaIg s1ojouwreredrodApy Eﬁﬁ%? 10qoy 'lR(T s109[qng sreusig

panuiuo) ‘| d|qe|

ACM Transactions on Human-Robot Interaction, Vol. 15, No. 2, Article 41. Publication date: January 2026.



R. Molle et al.

10

41

*A9RINDOY $91LIIPU] 00y PUB IAIND) IIPU() BAIY $2ILIIPU] DY ‘UWN[0D 2OUBWLIONI], 9Y) U “(9[qeorjddy J0N) YN ‘UOTeZI[ewIoN
yoreq s91ed1pu] N ToART pajosuuo)) A[ng $91ed1puy O ‘T919WeIeJ UOTJOUN] [SUIaY ) ST O T030e] A[eUsd 3y} ST D ‘uwnjod  siajoureredradAH, oy} U ‘(NND) Y10MISN [eINSN [BUOTIN[OATOD) ‘(NDILS)
y10MIaN [eInodN [euonnjoauo)) Surralyr] ferodwiar-rerreds ‘(NGOAN) H10M1ON (LS TIE) ATOWL U] -1I0YS SUOT [BUOIIIPIY B YIIM PIuIquio)) (NND) JT0MION [eINaN [BUOTIN[OAUOL) [EUOTIIIJ-H[NA
(VaT) stsATeuy JuBUIWILSI 1eaur {(NNO-4T) YI0MIDN [eInaN [EU0HN[oAU0) JYSomiysr (NNJ4) Y10m1aN [emaN uonesedorgyped (NNV) 10mIoN [ENaN [Ny (L) 2911, U0 ‘WAS-(0Sd)
uoneziundQ uremg apnIed (NAS) QUIYOBN 10309/ 11oddng :pajrodar osfe st yse] a1j} ssaIppe 01 pasn unyjrioSe oyroads oy ‘Uwn[od duwres 3y uf *(J130) [01U0d st payroads st od4) yse) oy ‘Surures|
JUSWAIIOJUIST 10,] [0, WAUOIOE I} AQ PIMO[[O] PUE S3saTjuaTed UT PIJedIPUT ST SISSB[O JO I9qUINU I} ‘WOTIRIYISSE[D JO 3SBI Y UT (D) UOTIBOYISSE[) PUE () UOISSaIZay apnour sadA) yse) ‘Gururesy
pasiazadns 104 ‘widipered Surures] sy} 01 Surp1odde payroads st adA3 ¥se) Ay ‘UWN[0d WISy s, Y1 ul ‘(YN) 2[qedrjdde jou se payjrews st Anua ay) ‘papraoid 10U ST UORULIOJUT ST} UIYAN PITodar
are (D) AIIqereae apoo pue (V) AJI[Iqe[TeA. elep (S() 9ZIS J9sejep ‘UWn[od el aY) U] ‘pajtodal are s103[qns pa[joIus oy} jo suonpuod (J) redrsojoyjed pue (1) Ayi[eay oy ‘uwnfod  s303[(qng ) uy

(U039 s0Xd
[B21) UOTIPUOd .
VN:VO
- Noo4m Hwﬂ“ﬂﬂmﬂwﬂu (1sox puce VN WAS SOXF-JYSIT VN oreand iy q Auxohﬁmv ,w i [87]
F 0%'68 00y S JUSUDAOUT) UOTJUIIUT JUIUIDAOIN (P2 D v_m,ﬁ d¥ ‘HE OTq
[ensia Uo®d 10J 0F ‘Sfern 08 ‘S
uo Sururery,
9JeI UOTJUDJAI %G T
:s194®] [RUOIIN[0AU0D Ut Jnodox
Xeurjos
:194%] Indino ur uoroUNJ UOTIBATIIY
prowsig :1ake|
USPPIY U UOT}OUN] UOTJBATIOY
Jos (3sa1 ‘wre NT9Y :SIaKe[ [BUOIINJOATIOD od&joj01d YNV
%0061 1591 %07 995 91} JO UOISU)XD/UOIXI[J ‘ULIEIIO] Ur uorjouny UOTJRATIOY NND Yoreasay VN oreand (v - o1 (5]
F00°89 299V Suraren %08 a3 jo uoreuoad/uorjeurdns) Surddefzaro-uou ‘gz x ((10€) D 10pop-pug o1 % N,o 'sq
o UOTJU)UT JUSTUSAOTA! az1s Yy Surjood xeur :3urjooq
$ X ¥ :9ZIS [ouIa)]
00T :1oKe]
PU093s 9} UT S[PUIY JO IdquInN
06 :1o4e[
1S11J 3} UI S[9UIY JO IdqUINN
2 :ST9A®R] [RUOTIN[OAUOD JO IAQUINN]
9OURULIONIDJ uonepI[eA uoTIPAIJ srojouwrerediadA ﬂ:wm”m?\ j0qoy el s303(qng s[eusig

panuiuo) ‘| d|qe|

ACM Transactions on Human-Robot Interaction, Vol. 15, No. 2, Article 41. Publication date: January 2026.



11

41

ic Review

A Systemat

Al in Upper Limb Robot-Aided Physical Rehabilitation

(panunuo))

suraseq

I=s1up) (g)asuaq
$9=spu() :(1)asuaq
z:0=2a1.y :(¢)iodoIq
9T=Ss1u( (Z)NIST
2€=s1un (T)IWLST

0 7 yse ® s uostreduwod N.oﬂwmmumwwsowwkﬂ ad4£jo301d VN NMU e
mm,o .AN vﬂmM o pue ejep sa[3ue ISTIM pue Moq[g oz mlﬁmo » .v% 00.1XE Ehwm_ YoIRISNY i @“H d: Hy o,ﬂ% [16]
€6°0 -1 3sed wonowr sjoalqns 1=097Is [004 .ANNQ~ UIOOJXeN “NNO I ‘uojapeNsOXg O9PTA VN 2jealrd :yq uonoW
: R prrea = Surpped ‘7 = 9z1s ooy VN :Sa
uo Sururely, . .
87 =SIT :(2)q1AU0D
prrea = Surpped
‘¢=9715 1004 (1) 18UO0IXe
pirea = Surpped ‘1 = 2z1s” [ouIa)
‘08 =S4 (1)qTAUOD
s302[qns ¢ :aurUQ SUOT)B[1100
's1oalqns ajeredas reneds arnydes o3 ejep HNFS
G uo Sunsay 10§ LS TAUO)) ‘jep sorureukp 10y VNVO
. : i Surenq VN ‘o1eand :y(q
. {SUOTSSas Furureurax sop3ue jurof LS T—SWEaI)S 0M] :2INJIJIYIIY - 3 Sidwes 1od NI [0c]
L6°0 AVIN o uonEpIEA Joue jur pajornXe EHm.q SN II-HNLN - WH: - HIT NI 0§
‘(yoea suorssas $9INJedJ HINY SIOSUIS (A WOIJ g o 18) 91 X 01
‘ ‘ = saImea HINY :Sd
G) s12alqns ¢ (SUOTJEIA[AII. ‘SAMID0[AA ‘sI[Tue
uo SuruTeI) :PUIPO juro() sotureup urre wewny :synduy
10119 parenbg ueapy :uonOUNJ SS0T
JUAISIP
uarpersd auruo :2d4£) Sururea X
wzro 10115 unpoen uonerauad £10109(e1) UOTIRIIqRYAT (Yox) f1g saa180p diysroquiaw Azzng £68712q uosdg H<Z VO
. i ’ . o . g . . VN reand :yq He 2104 [67]
SIS Xew U0 paseq UoTjepI[eA sywads-juaned swm-[eay 30 1Pnpoid :uorjeAnOR ANy -omaN :10309J-puy i
2 :sindur dsto Jo requnn VNsd
(sjuapaodajure) suorouny
drystoquiaur reprozader) :s19s Azzng
20U2819AU0D 2)eI[A0E
01 (uonjexrdse + yynurze) suonouny
premar asuap :Jurdeys premay
, . UuonrIAIP Q%.SMO.“EV uaard Apymordxs adfgoj01d .

867 :saposidg pIepuejs pue Kropalen jou :33Ua INO[[01/271S Yojeg 0ddd oreasay VN VD uonrs
09°0L6°T ‘aN[eA Uedw ‘Ojer . (sayepdn Ogd( e1a pazirendar) J . VN ‘eand :yq - -od pue [ss]
. 10qo1 uoneN[Iqeya1 paziundQ ; o $1010339-pud .
premay] 90U2312AU00 U0 pauny Apyroryduur :a3e1 Sururea] e VN :Sa anbioy,

Ppaseq :uonenuIg (VN) dnjes panquusip e sasn parenuis
:spealy)/s1019e [a[rered Jo aquinN
saSueyp Aorjod
98re[ sajeSnIw JUIJA0 Ajfeusg
2DURWLIOND uonepIfeA uonRIpaIg s1ojoureredodApy EAW”WMQ 1090y ele(q s302[qng sreusig

dW 1oy uoneljiqeyay papiy-1oqoy ui saydeoiddy |y z 9jqe]

ACM Transactions on Human-Robot Interaction, Vol. 15, No. 2, Article 41. Publication date: January 2026.



R. Molle et al.

12

41

*A19A1309dS91 “UOTJEUTULIDAP JO JUSIOLI0D PUE JUIILJI0I UOIIL[DII0D TOLID dJN[OSqE
UEAWI 10112 21enbs UeauI 001 OIS AIENDS UESW 2IRITPUT L3f Pue 0 “TYIN “‘USWY ‘IS ‘UWN[0D  2OUBWLIOJIdJ,, oy} U] d[qedr1ddy 10N sejeatpur YN ‘umn(od  s1ajourerediodAH,, oy uJ (qINOId) SPANIWLI]
JUDUWIDAOIN IMSI[IqeqoI] ‘(NINH) SIPPOIN AONIRIN UIPPTH (NN d1omIaN [eanaN uonededorgyoeq ‘(NLST-NND) AIOWN ULIR], 110yS SUOT—10MIIN [EINAN [euonnjoAuo)) ‘(Surppng WIST-SN) Surpang
Arowapy wiIa], 110ys SuoT ureans-nmy (Oddd) uonezrmundQ Ao1[0J [ewIxoI] PaInqrisi( :)se} oY) ssaIppe 0] pasn wyjriode oyrads ay) sjrodax ose uwnjos sures Iy, ([110) [01U0Y) st payroads st adA)
3yse1 9y} “Ty 104 [0, wAuoIor 3y} Aq PamO[[0] pue s3sayjuared Ul PajedIpul ST SISSB[D JO IIUINU ) ‘UOTTRIYISSEID JO 358D I} UI {(D) UOIBOYISSB[D) PUE (Y) UOIssa13ay spnjour sad4y yse) ‘Surures] pasiatadns
104 ‘widrpered Surures] ay) 0} SurpI0dde payrdads st ad4A] yse) Y ‘UwN[0d  WILI0STY NSeL, oY) U ‘(VN) 2[qeorddy JoN se payTew st A1jus a1j} ‘papraoxd 10U ST UOTJRULIOJUT STy} USYAA “partodar ore
(VD) L&piqerreay apo) pue (y) A[iqe[reay ere (SQ) 971§ 19seie( ‘uwnjod e, Ay} uf "parrodar are s309(qns pa[[oIua 3y} Jo suonipuod (J) fesrdofoyied pue (H) Ay[esy oy} ‘uwnjod s109[qng ay3 uf

SOLTJW 2INJBAIND
pUE ‘UOTJRIS[3.

0724 SUOIIRIISUOWIP
Mmmzﬁooﬁm woIj paures] s)ySom adfgoj01d YN VO
22 [ 4 porenieas sa110309(e1], suonuIy S1Seq [PIPTY JNo1d Y [ RREREN| VN ‘@reanud :yq HI uep [<]
9822 2 ‘ejep uorjow ; : (sanmoA O oSO N UOTION
U0 SIATIIULIJ pue suonjtsod) sarro3aa(er) jurol HoRAsoxd VNS
JUSUWDAO 30 suonjerjsuowap 2rdiynyy nduy
Srureu (g
yim uostreduwo)
VN VO
Juawdpn( ad£jojoxd VN 9reand :yq
%0V 0L s ysideraty sa110302(e1, : BALERE) sar10303fex} 9oeds-jurof viep
JuowarSy Asiderayy 110309(e1], VN WINH I g s uopafen -juto HI wonopy &9
1 Uo Paseq uorepIeA 1U0J2[ANSOXY F SE 0B JUIWAAOW :
1ad suonjerjsuowap ¢ :§q
sw g ‘qISua] syooda
TaAe[ ;ndino
uorssax8ax pajpauuod [y z {($z°0) VN VD
modox( ‘(syrun uappry z¢) WIST VN ‘oreard :yq
‘(sz°0) modox(y ‘(sjrun uappry 821) adKyoj01d mopurm 12d ejep ®lRp
. 198 1891 %0¢€ g [ ‘ 3 b WLST .
€6°0 1,4 s Sururen %0% o3ue jurof moqrg WIST ‘waner] ‘Surpjojun aouanbag D [RREEREN DA [Puueyd-g (Yoea HOT uorjouwt [25]
o ‘¢ Surjooq a8eraAy ‘0T ’ U0JI[ANSOXT SUoISsSas G) s10aqns ‘OWNT
UOTJZI[EULIOU [D)B( ‘[EUOTIN[OAUOD 0T WOIJ SMOPULM
‘1aKe[ Surpjoj ouanbas Surpr[s 000°09 :SA
(1 X 06) 194&e nduy :s194e
stk GT
UOREZILOIYIUAS sw 00z ‘qI8ua] sydoda
[P0 1o4e] nd VS
1 indjno ur reaur| ‘Toke] uappIy
uo Sursa) awm-[eax X .
1060 IS pue (195 1593 %06 ur prowSIg :uonouny UOTHRATIY VN VD
P . . adue Jurof moqrg 1 :symun jnding NNJE 4 adsad VN ‘oreand :y(q Hot OWH [1]
%0006 :d 108 Sururen} %0.) . .
broe.s 8¢ :SJTUN WIPPTH VN :Sd
jprenbrey-8i1aq X
91 :syrun nduy
“uoAYT i (indjno ‘wappry 1 ‘Indur) s1ake[ ¢
Sururen aurgo : :
9OUBWLIONIDJ uonepIfeA uonoIpaIg srojowreredradApy E:Mmumwz 10qoy ereq s109[qng sreusig

panuijuo) g 9|qel

January 2026.

ACM Transactions on Human-Robot Interaction, Vol. 15, No. 2, Article 41. Publication date



13

41

Al in Upper Limb Robot-Aided Physical Rehabilitation: A Systematic Review

-31qeorddy 10N sated1pur YN ‘uwnjod siajeureredadA ay) uf ‘Sururesy (Qy) oNLI) 1019y Paseq (NN) }I0MIaN [eInaN (DJA) Iudtpern Ad1j0 onstuturialdq doa( ‘(NNIIdH)
JI0MIaN [eINdN AZzn] orureuq ATEUOTIN[OAT YI0OM]U [eINaU (Jgy) UoTouny siseq [eIpey :pajtodar sT WIYILIOSe aYy) JO SUIRU Y} ‘UWN[Od dures Y} uJ *([13D) [013U0)) st payrads st adA) yse) oty ‘Surures]
JUSWIADIOJUIDI 10,] °, [9, WAUOIIE 3} £q PIMO[[0] pue ssayjuared UT PIJEIIPUT ST SISSL[O JO IQUINU ) “UOTIBIYISSE[I JO ISBI dY] UT £() UOTBOYISSL[) PUE () UOIssarday apnpour sad4) ysey ‘Sururesy
pastaradns 1o, ‘wiipered Surures] oty 03 Surproode payroads st 2dA) yse) 9y} ‘Uwn[od  WILIoS[y sel, a3 U ‘(YN) [qeorddy JoN se payrew st A1ud 3y} ‘papraoid J0U ST UOTJRULIOJUT STY} USY A\ “Pattodar
are (D) AI[Iqe[reae apod pue (y() A[Iqe[rea. eyep {(S) 9zIs 195eIep ‘UWN[od  BIe(], Y} U] ‘pa11odal are s109[(qns Pa[[oIUS 3y} JO SUONIPU0 () [edrSo[oyred pue (H) AyI[esH Y} ‘Uwn[od s103(qng, Y uf

(Amfur
10119 - [e1qa192
Sunyoer pue i yIom)oU VN VD ¢ ‘Amfur hDS:
w0 X ¥ : [ UT A} NOLIP YSB) pUB JdURISISSE parepdn sjySrom . . o 910§
doueurrojrad [eInau WIV-VISVD VN jeand :yq pI10d [2]
110119 9FeIaAY ajengdar Ajpandepe oy Aiqeded uonduUNj siseq [eIpey . i uon
I5e1 U0 pastq I0}0W $,303[qNs 2y} JO UOTjeWI)S SUL R VNS feutds -oeIaU
wonepies il Joalq 1 J ewnsy ¥ ‘oons g
6) det
920=4d
joond O et S
£piquss paseq [570 °5°0 90 "8°0 80 ‘8°0 '8°0]
w ; dek 3 5 " =4 yT0M]dU ad£3jo301d VYN VD b
¢ 0L X% aoundedT uppoeI; A10309(e1) N . q: (ad018) anbiog,
10115 oSeIon s d M d 9°¢= Teinau oIeasay VN =teand :yg B . _ﬂowu_
E 4 JUSWILISAXD 10§ S[eusIs [013U0d 2AndepY ¢ ooz ‘crg ‘s ‘00 ‘0T ‘O . . . de 'HI 9010
10qo1-[ear [9¢ T¥ ‘€9 ‘5L 89 ‘OT 99] A9 ‘uojapRysoxy VN :sd
=V
pue uone[nuy :s19jourered [onjuo)
UoT)OUNJ UBISSNEBL)
jooxd
. AJ1iqe)s paseq Surureay ad£jojoxd YNVO s010§
PRIGO0 -sounde£ 10qo1 uonejIIqeya2: uo Sunper) oV oIeasay . X
:IOII UOTJISOJ syuawLradxa A10399[R1) 10] SuoT VN - B X VN 2reatd iy HS uon [6s]
: J8Y I ( ) SUOTIO® [0IJU0D) Paseq-NN :10J09]j9-pud i erau
10qoI-[eax Hetle) pajenuig VNS I
pue uorje[NUIS
UuoTjeZI[EIdUIS
PRIQI’() 1011 st sa110103(e1) donpnaderaty) SJLIO pue J0J9 1[}0( 10 SYI0M]OU oddd YNVO elep
msium:. Xep 03 speusis msium.b 10] s1apourered [onuo) h remau doa(] :21n39931YIy Hetle) loqrt VN oreand v B UOTIOIN [s¢]
: ndur wopuer : : VN :Sd :
‘uone[NIIg
w,_0I X622 SI1939
z
FLIO— Sur hMM“uo e mmdinQ ad£yojoxd i —wered
110119 Sunpoer], uu..._MEuo mu d s1ojourered ‘uorjezifewrIoN oy ‘drysioquily  NNIMAT [ RRLELEN MM>M% . Souepadur
S12°0 s8] 1o W so [01u00 dduepadwr paIsaq nduj—s1a4e G 9130018 o 10qox VN N va e (6]
:uorengax 7158 €O poseq uerssnes) £ :suorpouny drysiaquiajy PpajemuIIs VNisd -Tueyd
Swr UonepIeA ~
L N
95 1591 ¥ ') =976l Jurures 10M)9U ad£jojoxd :
PRI60) 11011 ! HSM “or UL 9PIS Pa1o2Pe ﬁo%uo& ﬁwmumww EENEO V_EN:M: :uawu«mum VN MM\,M% va - NINT [62]
Iendue Xep a1} Jo A10303[e1) JUSWAOTN : T
Sururen; %09 s1akef ¢ 499 30qo1 [e1a3e[ig VN :Sd
9OURULIONIDJ UOTIepPI[EA uondIpPaIJ sxojowreredrodA Eﬂwmmwz 10qoy elR( s100[qng sreusig

DIy 40y uonelIjIqeyay paply-10qoy ul saydeolddy |y ¢ d|qe]

ACM Transactions on Human-Robot Interaction, Vol. 15, No. 2, Article 41. Publication date: January 2026.



R. Molle et al.

14

41

"IO1IF 9)N[0SqY UBSTN SIIBIIPUT TYN PUE ‘A0BINDIY $JBIIPUI 0y ‘UWN[OD  IJUBWIIONIDJ, Y} U] ‘UOTJEPI[BA-SSOID) INO-IUQ-IABIT
$37RIIPUT ADOQ'T ‘UOTBPI[BA-SSOID) INO-103[(NG-aUO-9ALIT $]EIIPU] OSOT ‘UWN[OI  UOTIRPI[EA | Y] U TaART POauuo)) AJ[n s91edtpur O f ‘uwnjod  siojoweredrodApy, oy uf “(DI-IWLST) 191 wewpey
M AT0WRN W], 110ys SuoT {(NNQ) qromiaN [eanaN dea (V) SISA[euy JueuruLdsq reaur] aandepy uew ey ‘(IT-INAS) Uonoun, siseq [Ipey YIIM SUTYIRJA 10399/ 11oddng (JAINOJ) $59001J
UOISTO(] AONIBN d[qeAIasqQ A[[enred :pajrodar st unyjrioS[e oy} Jo sureu aj ‘uwnjod aures ay} uj “(0J) uonezrund( Ad1[04 10 ([11D) [013U0Y) I9YIId sk payrdads st adA} yse] oy} ‘SUTUIES] JUSWIIOJUTT
10 [0, WAUOIOR 3] £q PamO[[0] pue sasayjuared UT PIRITIPUT ST SISSB[O JO TOqUINU 3Y) ‘UOTJRIYISSL]D JO ISBD 9Y) UI (D) UOTIBIYISSE[) PUE () UOISSAITaY apnyout sadA) yse) ‘Surures] pastaradns 10
‘widipered Sururea] sy} 03 Surpiodoe payroads st ad4) ysey Ay ‘Uwn[od  WyIIoF[y s, 9yl U ‘(YN) [qeorjddy 10N se payrew st A11ud oy} ‘papraoid JoU ST UOTIRULIOJUT STY) U A\ “paltodal are (VD)
A[IqereAy 9po) pue (V) AN[Iqe[TeAy B1e( (SQ) 92IS 19seie ‘Uwn[od _ejed, 3Y) U ‘parodar sre s103(qns pa[[oIus a1y} Jo swonIpuod (J) resrdojoyred pue (H) AYI[esH 9y} ‘wwn[od  s309lqng, o uf

06 :syopodyg
g :97Is ydjeq
anbioj
paataorad pajorpaxd (11 :ndinQ

s1aA® O wsamjaq :1a4e[ nodoIig ad£yojoxd VN VD BlRp
6€°0 VN SSO[ VN UO paseq sanbio} paaredIag Dd 7 :s12Ke] pua-sypeg mx.ihmq [ BREREN VN ‘eanud :yq HOT uorjouwt [e€]
o1 :oz1s doig A 10309 e-puy S X 000°€T :SA OWI
sapdures o0z :mopurm Surprs
S X 000°¢T *XLIjeu eje(q
$9 :UOISUAWIP I9AR] USPPTH
¢ :uorsuauwip ndug
xeurjog :(IndinQ) uoneAndOy 1sonbax
1593 aur[UO (oM pue ‘OjeIspowt N1y :(UdppIH + Induy) UONEATIOY adKyoj01d PIqeUOSEaL UO *Y ) uorjowr
o o . suonau  :1akef IndinQ NNA 1sanbar ajqeuosear y
%0L’S6 00Y 10§ 302[qns T ‘359] 3uoxs) anb1o) uoja[a¥sOXa ; . [ RREREN| . R Hb joqox [£9]
auI[yo 10§ $103[qns ¢ ure}qo 03 AJISuajur UOTJOIN suonou g :194e] UIPpIH ©€)O {U0I[NSOXT uo eand iy NH
s : : : o suornau (T :1aAe[ Jnduy ) (3591 + Sururen)
uonezrurdo Ju2sap JUIpeID) s39s B3ep 008°T :SA
vaTl
VN VO ¢
00 - (Kymoygrp Supoy uewey aandepy j0qo1 . . (eons) LSO
%00'08 oV AD001 I2ISED pue IopIey) [9A3] AJnoyIq urur z syySua syooda ueurrey| 1)sepyondery VN oreand:va dLTHPE W9 9H [e9]
' ' ' . : VN :sd
(P2) O
%EH 16 09 (] 553115 2431 0110UN] [JUISY SISE( [BIPE JEEWAS 0qox urre, MM u«%. L SO
%EY 16 200V AD00T wnpew [oas] Xe[1) [243] AHIOWI uonounNy [auIeY SISeq [EIpey (pg) oy  loderwrdnd VN mz\,”_mo va HL oy L0f]
. eep
S P adhorord T eosor (oyons) OO
%0586 0501 HEASID TopnoY UOIOUNJ [SUIDY SISBq [RIpRY dTIWNAS [RRGEREN | ¥ 1 (exons) 2010, [s9
191008-1 ‘pIeMIOJ-UBS[ YUNI) ‘UOTEJOI (P%) O 10195115 uo ‘ayeanrd 1y (q as s 9]
yuniy) suraped Arojesuaduro)) 019U VN :Sa 501
Juaryed e ISIDIOXD SUOTIRIdN (ST ad£y0101d X
%00°S9 pue jsidersy)  yirm a3 Surddoys 10 [9A3] doue)SISAI UOT}OUNJ dNBA JeIUI] OS] Jdanod LSBACEREN MMZN&U (oxons) ejep [ex
JUWRISY uornjesrdde suruo pue uonisod 1981} mou e Juryes sa1eys a[qrssod ¥H6°28 Hecle) 110)03]j-pud <M~m:u T va Et -njsoq [99]
{SUOTTR[NIUIS JUI[UQ :9]N09X 0] WA)SAS Y] 10] UOTIOY suornoe a[qissod o1 parernurg 1010 969 :5d
2DURWLIONID uonepIeA uonRIpaIg s1ojowreredrodApy E_.MMMM_.« 1090y elRQg s30alqng sreudig

V'S 10} UOIEII|IqEYRY Paply-10qoy ul saydeoiddy |y d|qel

ACM Transactions on Human-Robot Interaction, Vol. 15, No. 2, Article 41. Publication date: January 2026.



Al in Upper Limb Robot-Aided Physical Rehabilitation: A Systematic Review 41:15

The papers are ordered and divided in the aforementioned tables based on the population on
which the validation is performed. The scientific contribution gains more and more relevance if
the proposed solutions are tested on the target population, i.e., pathological people. This happens
in a few cases, while most of the included papers recruit healthy subjects. The last two columns
of each table refer to the Al module. In particular, the fourth column classifies whether the faced
problem is a C, an R, or an RL one, specifying the number of classes for C problems and detailing
the specific ML or DL algorithm. In contrast, the fifth column reports the resulting performance.

In the following subsections, the results of the analyzed papers are presented with a detailed
breakdown according to their specific proposed applications, ensuring a clear demonstration of
how each result addresses the distinct objectives outlined in the study.

3.1 UIR

UIR plays a pivotal role in personalized and effective robot-aided upper limb rehabilitation. By
recognizing the user’s intentions, the robot can be controlled accordingly in real-time [34], thereby
promoting patient motor outcome, engagement, and motivation throughout the rehabilitation
process [35]. User intention is recognized through EMG and IMU sensors, which are placed on the
upper limb to identify the movements the user wants to perform. However, motion intention arises
from the brain, making it possible to collect EEG data from the scalp and process it to recognize the
intended motion. The acquired data can be fed into an Al algorithm that is responsible for detecting
and recognizing the user motion intention. By employing these advanced technologies, Rehabil-
itation Robots (ReRobots) can accurately understand user needs and provide tailored assistance,
resulting in more effective and successful recovery outcomes for P with impaired arm functions.

In the control framework proposed by Liu et al. [36], a hybrid regression—classification approach
is implemented to enhance the responsiveness and stability of human-robot interaction. The
regression model, based on Hill’s musculoskeletal formulation, estimates the desired joint torque
from EMG and joint angle data, enabling continuous torque control aligned with the user’s physical
effort. In parallel, a Principal Component Analysis (PCA) pre-processed data fed into a Support
Vector Machine (SVM) classifier, which identifies motion versus rest states, stabilizing the robot
during static phases and compensating for EMG signal uncertainties. The optimal configuration
(400 ms window, 4 PCA components) was integrated into a real-time control loop with an overall
delay of about 150 ms, suitable for upper-limb rehabilitation. This hybrid integration, executed in
parallel to minimize latency, improves control robustness by suppressing unintended activations.

In [37], a computationally efficient EMG-based motion pattern recognition method is proposed for
classifying shoulder-level movements. Raw EMG signals are filtered to remove noise, and features are
extracted using a sliding Root Mean Square (RMS) with a 540 ms window and 81 ms overlap. For
each subject, Logistic Regression (LR), SVM, and Artificial Neural Network (ANN) models are
trained to perform multi-class classification of four ADLs: arm abduction/adduction, drinking, arm
forward/backward, and resting. A one-way ANOVA compared classification accuracies, showing
that the SVM achieves superior performance compared to LR and ANN.

In [38], an SVM-based intention recognition framework is proposed to control an upper-limb
ReRobot capable of interpreting the patient’s motion intentions and delivering the corresponding
rehabilitation training. EMG signals from the healthy limb are processed to recognize the intended
motion, allowing the ReRobot to assist the affected limb in performing the same movement.
Signal pre-processing includes baseline correction, filtering, full-wave rectification, and amplitude
normalization to enhance the signal-to-noise ratio. Sample entropy is used for data segmentation,
and a Hanning window (128 ms length, 64 ms step) is applied for framing. The system identifies
shoulder flexion, abduction, pronation, and elbow flexion as motion intentions, which directly drive
the robot’s control. Tests on five subjects demonstrate that the SVM-based control achieves high
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recognition accuracy (F1-score of 93.68%), confirming its suitability for real-time intention-driven
rehabilitation.

The study presented in [33] introduces a Particle Swarm Optimization-based SVM (PSO-
SVM) framework for classifying rehabilitation stages using EMG signals. Here, PSO, an evolutionary
algorithm inspired by social behaviors, is employed to optimize SVM hyperparameters, enhancing
model accuracy. EMG data were collected during upper-limb flexion and extension tasks performed
with the ROKAE Mate ER3 Pro robotic arm. Signals were filtered and segmented to isolate active
regions, from which time-domain features were extracted for classification into passive, active, and
resistive training stages. During online operation, the trained model generated real-time control
and adjustment signals, allowing the robotic arm to adapt the interaction space and control strategy
according to the user’s motor ability. The proposed system achieved over 93.98% accuracy across all
stages. Further discussion of this work appears in Section 3.4, as the work included the application
of two Al algorithms used for different functional blocks.

A Decision Tree (DT) classifier is employed in [39] to recognize upper-limb movement intentions
from EMG signals, supporting the control of a single-lead EMG-based exoskeleton. EMG and joint
angle data collected from 10 healthy subjects are processed to extract mean absolute value, RMS,
and Variance (VAR) features. These features are combined and used to train various classifiers to
distinguish between arm flexion and extension. Among the tested algorithms, DT and Random
Forest (RF) achieved the best performance, with accuracies of 96.36 + 0.54% and 95.67 + 0.76%,
respectively, outperforming Linear Regression and Polynomial Regression models.

A DT classifier is also applied in [40], achieving 99.00% accuracy in distinguishing pre-intention
and intention phases from EMG and motion data. Ten healthy subjects performed three sets of
flexion movements, with EMG signals acquired using two surface electrodes and amplified through
a g.USBamp system. Signals were sampled at 1.2kHz and band-pass filtered (5-500 Hz), while
joint motion was captured via a potentiometer sampled with a Humsoft MF624. Amplitude-based
time-domain features were extracted from each segment, and feature selection was performed
using an Extremely Randomized Tree algorithm. A dimensionality reduction approach was tested,
but it did not significantly affect performance, confirming the robustness of the full feature set.

Unlike previous studies employing ML algorithms for upper-limb intention recognition, Schabron
et al. [41] implement an ANN trained with scaled conjugate gradient Backpropagation (BP) to
classify 10 distinct hand movements—including various deviations, flexions, extensions, and grasp-
ing actions. EMG signals are processed using RMS, median filtering, and mean feature extraction,
yielding 24 input features for the ANN. The network architecture comprises 10 hidden layers and
achieves a mean classification accuracy of 93.00%. The proposed model demonstrates the feasibility
of real-time exoskeleton control during ADLs based on multimovement EMG decoding.

A BP Neural Network (BPNN) classifier is introduced in [34] for EMG-based movement detec-
tion and exoskeleton control. A 16-dimensional feature space is generated using an autoregressive
model followed by PCA, and the resulting features are used as inputs to the neural network to
classify shoulder extension/flexion, shoulder abduction/adduction, elbow extension/flexion, and
two composite ADLs. The proposed BPNN consists of 3 layers: an input layer with 16 nodes, a
hidden layer with 10 nodes, and an output layer with 5 nodes corresponding to the classified arm
motions. To further improve performance, a Boosting-based ensemble classification framework
is integrated with the BPNN. Tests on two healthy subjects yield a mean accuracy of 95.50%,
confirming the effectiveness of the proposed feature extraction and ensemble learning approach in
reliably detecting user motion intention.

The work by Guo et al. [42] presents a Lightweight Convolutional Neural Network (Lw-
CNN) for real-time recognition of upper-limb motion intentions using EMG signals, aimed at robotic
arm control during rehabilitation. The network architecture includes two convolutional layers (16
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filters, (3 X 3), stride 1) followed by an additional convolutional layer (32 filters, (3 X 3), stride 1).
Each convolution is followed by a MaxPooling operation ((2 X 2) kernel) to reduce parameters
and prevent overfitting. Rectified Linear Units (ReLU) activations, Batch Normalization, and
a Softmax output are employed for classification. EMG signals from biceps, triceps, and anterior
deltoids were recorded via a 3-channel custom acquisition system featuring an analog front-end with
1,000 amplification and 30-400 Hz band-pass filtering. Data were sampled at 20 kHz, downsampled
to 1kHz, and further processed with a 50 Hz notch filter, 20-450 Hz band-pass filter, and amplitude
normalization. Signals were segmented into 192 ms windows with 15ms overlap, maintaining a
total processing delay under 300 ms for real-time operation. The proposed Lw-CNN accurately
classifies six upper-limb movements (elbow/shoulder flexion and extension, and their combined
motions) with an average Accuracy of 88.75%, outperforming the SVM baseline. Validation on a
commercial robotic arm confirms the feasibility of the model for intention-driven rehabilitation
control, enabling real-time robotic assistance of the impaired limb.

Differently from previous studies that focused exclusively on healthy subjects, the study by
McDonald et al. [43] involved both 10 healthy participants and 4 patients with spinal cord injury to
evaluate a myoelectric control strategy for the MAHI Exo-II rehabilitation exoskeleton. The system
is designed to activate when muscle activity exceeds a predefined threshold, supporting six control
modes: four single-Degree-of-Freedom (DoF) setups for two-class problems, and two multi-DoF
configurations for four-class problems. For each mode, a Linear Discriminant Analysis (LDA)
classifier is trained to predict the intended movement direction based on EMG signals acquired
during isometric contractions toward virtual targets. Myoelectric signals were recorded from eight
muscles associated with elbow, forearm, and wrist movements using the Delsys Bagnoli EMG
system. Data acquisition included analog band-pass filtering at 20-450 Hz, sampling at 1kHz, and
digital 4th-order Butterworth filtering in the same range, with mean removal and no additional pre-
processing. Features were extracted from 200 ms windows at contraction onset and normalized by
the channel-wise average. Classification performance reached 85.00-95.00% Accuracy for single-DoF
modes in both healthy and patient groups, while multi-DoF modes achieved approximately 90.00%
for healthy subjects and 60.00% for patients. These results highlight the potential of EMG-based
exoskeleton control for real-time rehabilitation, particularly in simpler single-DoF applications.

While most previous studies relied on EMG signals for user intention detection, the study by
Hernandez Antelis [44] employed EEG signals, commonly used in Brain-Machine Interface appli-
cations, to recognize movement intentions for robotic assistance. EEG data were acquired during
interaction with the Tee-R robot to classify self-initiated and self-selected upper-limb movements,
including forearm supination/pronation, arm flexion/extension, and rest. Signal pre-processing
involved low-pass filtering at 50 Hz using a 2nd-order zero-phase Chebyshev filter, application
of a Common Average Reference (CAR) filter, and visual artifact rejection. EEG trials were
segmented into 15-second intervals between visual cues, and the zero-time reference was aligned
with movement onset signals from the Tee-R system. Feature extraction was performed using the
multi-class Common Spatial Pattern (CSP) algorithm, and a CNN was trained for classifica-
tion. The proposed method achieved an average Accuracy of (68.00 + 15.00%), demonstrating the
feasibility of EEG-based intention detection for robotic-assisted movement control.

A DL-based decoding framework to interpret intuitive motor imagery for 3D multi-directional
arm movements (left, right, forward, backward, up, and down) using EEG signals is introduced in
[45]. The proposed Multi-Directional CNN, combined with a Bidirectional Long Short-Term
Memory (BiLSTM) Network (MDCBN), integrates CNN-based spatial feature extraction with
temporal sequence modeling. The BiLSTM component includes forward and backward layers with
300 hidden units, and ReLU are applied in the fully connected layer to capture non-linear depen-
dencies. EEG pre-processing involved band-pass filtering (4-40 Hz) using a Hamming-windowed
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zero-phase FIR filter, Independent Component Analysis for artifact removal, and a CAR spatial
filter to improve spatial resolution. Twenty channels near the motor cortices were retained, and
data were downsampled from 1,000 Hz to 100 Hz before model input. The MDCBN model, trained
with EEG data labeled through kinematic recordings from OPAL sensors, enabled a JACO robotic
arm to perform tasks such as reaching and drinking, achieving success rates of (60 + 14%) and
(43 + 9%), respectively, across 15 healthy subjects. A related approach by Tian [46] employed a
Spatial-Temporal Filtering CNN (STFCN) to control robotic arm movements in four horizontal
directions (forward, backward, left, right) through motor imagery. The STFCN combines multi-class
spatial-temporal filtering and convolutional layers with Leaky ReLU activation and dropout rates
of 0.2 and 0.3. Tests with six healthy participants demonstrated enhanced decoding performance,
reaching (68.10%) Accuracy in offline experiments and (62.70%) in online trials. Although the
overall success rates remain moderate, these studies mark the first applications of DL methods for
EEG-based robotic arm control.

The use of ML for P300 detection is investigated in [47], where a Brain—-Computer Interface
(BCI) is developed to control a robotic assistant capable of performing 36 upper-limb movements.
The system integrates the P300 speller paradigm with a classifier to interpret user intentions.
Three algorithms, i.e., SVM, LDA, and Multi-Layer Perceptron, are compared in a two-class setup,
where Target corresponds to a detected P300 response and No Target to its absence. EEG pre-
processing includes downsampling, filtering, segmentation into 500 ms epochs, and application
of the xDAWN spatial filter to enhance P300-related components. Results from fivefold cross-
validation indicate that the SVM classifier outperforms the other tested models. The detected user
intention is subsequently translated into a control command to guide the robot’s end-effector.

The SVM classifier also proves to be the most effective approach in [48], achieving an average
Accuracy of (89.40 + 5.00%). This study presents a multi-modal architecture for gaze-independent
BClI-driven control of a robotic upper-limb exoskeleton, aimed at providing active assistance during
reaching tasks in stroke rehabilitation. The BCI interprets the user’s motor imagery to determine
the intention to initiate or withhold arm movement. EEG data are processed through CSP and
band power feature extraction methods before being classified by an SVM. The classifier’s output is
used to generate kinematic parameters—including speed, acceleration, and jerk—that guide the
exoskeleton in real time, ensuring adaptive movement support aligned with the patient’s brain
activity. Experimental results show that both healthy and stroke participants successfully controlled
the exoskeleton, with no significant performance differences observed between the two groups.

3.2 RMP

RMP is a fundamental module of robotic platforms purposely developed for rehabilitation since it is
in charge of determining the trajectory to perform a certain motor task, both simple point-to-point
and complex movements such as ADLs and/or working gestures.

By combining advanced robotics with intelligent algorithms, motion planning systems can
assist in designing tailored rehabilitation programs and in optimizing the therapeutic process. The
integration of Al techniques in motion planning further enhances the ability of the system to adapt,
personalize, and provide real-time feedback, resulting in improved patient outcomes.

A neuro-fuzzy compensator is introduced in [49] to adapt the dynamics of human-robot in-
teraction and generate real-time trajectories for robotic rehabilitation. The trajectory generation
module computes the end-effector positions required to follow a prescribed motion path while
simultaneously modulating compliance based on the interaction forces measured at the end-effector.
The fuzzy rule base models the relationship between force variations and compliant positional
adjustments, enabling smooth and adaptive assistance. By integrating a DL algorithm within the
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fuzzy compensator, the system autonomously tunes its parameters in real time, enhancing trajectory
generation Accuracy and adaptability during rehabilitation exercises.

An enhanced version of the LSTM network, called the Multi-Stream LSTM Dueling (MS-
LSTM Dueling), is proposed in [50] to predict multi-joint motion trajectories for the NTUH-II
exoskeleton robot. The model integrates both IMU and EMG features to identify motion types and
estimate joint angles used for trajectory generation. To enable real-time multi-modal data fusion,
IMU and EMG signals are processed in parallel through two specialized branches: an LSTM for
kinematic data and a ConvLSTM for muscle activation features. This architecture leverages the
linear characteristics of IMU data and the non-linear, spatially correlated nature of EMG signals.
The outputs from both branches are combined in a dueling network structure that merges value
and stimulation representations to predict joint angles. Pre-processing pipelines are tailored for
each modality. IMU data are filtered with a complementary filter to reduce noise, followed by
joint angle compensation to correct artifacts from muscle deformation and sensor misplacement.
EMG signals undergo notch and high-pass filtering, full-wave rectification, and moving average
smoothing, with additional time—frequency analysis via Short-Time Fourier Transform using a
Hamming window to produce a (10 X 16) feature matrix per sample. Temporal synchronization
between IMU and EMG data is achieved by aligning signals within time windows corresponding to
the lower sampling frequency. The predicted joint angles are fed in real time to the exoskeleton’s
PID controller, enhancing human-robot coordination by minimizing delay. Experimental results
show that the MS-LSTM Dueling model achieves higher prediction Accuracy and lower latency
compared to other state-of-the-art approaches.

A hybrid LSTM-CNN model is presented in [51] for path planning of upper-limb movements
during two daily tasks: drinking water and touching the head. The algorithm takes as input
joint angle data recorded by a motion capture system and predicts the corresponding elbow and
wrist angles, establishing the relationship between the shoulder and elbow joints to generate
the full upper-limb trajectory. In parallel, human active interaction is incorporated through an
impedance/admittance model that refines the trajectory in real time. The network architecture
includes two convolutional layers, two pooling layers, two dropout layers, two LSTM layers, and
two fully connected layers with ReLU activation functions. Compared to the BP model, the proposed
LSTM-CNN achieved higher (R?) values, demonstrating improved adaptability of the generated
trajectories to different patients.

A BPNN is developed in [1] to predict the elbow joint angle of the healthy upper limb within
an intention-based bilateral training system using a cable-driven Powered Variable Stiffness
Exoskeleton Device (PVSED). The system enables real-time motor rehabilitation by estimating
the intended movement of the intact limb from EMG signals and transferring it to guide the impaired
limb. Raw EMG data are processed with a 50 Hz notch filter and a 4th-order Butterworth band-pass
filter. To address inter-subject variability, signal normalization is performed using the isometric
maximal voluntary contraction method. The elbow joint angle of the intact limb, measured via an
IMU, serves as the ground truth for supervised learning. The BPNN consists of an input layer, a
hidden layer, and an output layer, trained offline using a multi-feature vector comprising nine time-
and frequency-domain EMG features. The network’s output is used for online myoelectric control,
where the predicted trajectory drives the exoskeleton through a low-pass filter and a PID controller.
Among the tested input configurations, the multi-feature vector achieved the best performance,
with a correlation coefficient of 90% and an RMSE of 210, demonstrating accurate and consistent
prediction of joint motion for rehabilitation applications.

A comparable approach is presented in [52], where an EMG-driven bilateral training system
using an exoskeleton is developed to mirror the movements of the unaffected limb onto the affected
one. The method employs a CNN-LSTM architecture that integrates both EMG and motion data
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collected from 10 healthy participants. Raw EMG signals, recorded at 200 Hz from eight Myo
armband channels, were pre-processed using a 20 Hz high-pass filter to remove low-frequency
noise and a built-in 50 Hz notch filter to eliminate power line interference. IMU data, sampled at
20Hz, underwent pre-processing through an embedded Kalman filter for denoising and smoothing.
To synchronize the modalities, a sliding window segmentation was applied: EMG data were divided
into 250 ms windows (50 samples) with 50 ms increments, while IMU data were segmented into
25 ms windows with 5 ms increments. Each EMG window was reshaped into a (50 X 8) image as
model input. The CNN-LSTM network includes one convolutional layer, two LSTM layers, two
fully connected layers, and a regression output layer, and is designed to predict continuous elbow
flexion—extension motion. The proposed system achieved high Accuracy in both offline and online
tests, reporting a correlation coefficient R? of 0.93, demonstrating robust and precise bilateral
motion estimation for exoskeleton-assisted rehabilitation.

The use of Hidden Markov Models (HMM) for developing a Learning by Demonstration
(LbD) path-planning method is explored in [53]. Specifically, the HMM Bakis Left-Right algorithm
is employed to analyze therapist demonstrations and identify the most representative trajectory,
defined as the one with the highest probability. The experimental setup involved five therapists and
one healthy participant, each performing five demonstrations of a specific movement consisting of
four joint-space trajectories executed in passive mode. The resulting sequences of joint states served
as inputs to the HMM. To ensure physiological plausibility, a joint synchronization step verifies the
proper activation order of joints, typically following a proximal-to-distal pattern (e.g., shoulder
preceding elbow). Movement onset is detected when joint velocity exceeds 5% of its maximum, and
average inter-joint time differences across demonstrations are used to align trajectories temporally,
preserving human-like coordination. In the second experimental phase, the learned trajectories were
executed online and compared with state-of-the-art methods using kinematic and human-likeness
indicators, along with therapist evaluations. The system achieved an agreement rate of 70.40%, with
therapists confirming that the generated movements accurately reflected their intended trajectories
and were appropriate for rehabilitation exercises.

A related imitation learning approach based on Probabilistic Movement Primitives (ProMP)
is presented in [54]. This probabilistic framework models the distribution of motion data to align the
ReRobot’s trajectories with the user’s natural movement patterns. The proposed method employs
five Radial Basis Function (RBF) activation functions to encode motion variability and ensure
smooth trajectory generation. Compared to the traditional Dynamic Movement Primitives
(DMP) algorithm, the ProMP-based approach achieved lower trajectory jerk and reduced variations
in position, velocity, and acceleration parameters, demonstrating an improved ability to generate
human-like training trajectories for rehabilitation.

A Deep RL (DRL) algorithm for robot trajectory planning is proposed in [55], aiming to
enable obstacle avoidance and accurate target reaching. The model introduces two dense reward
functions, termed azimuth and aspiration rewards. The azimuth reward constrains exploration
within a reasonable range, while the aspiration reward encourages the agent to explore unfamiliar
environments. The latter incorporates a feature extractor and a Recurrent Neural Network with
Hierarchical Memory (SRU-HM) to enhance long-term decision-making. The DRL model receives
normalized state information and the agent’s actions as inputs, and outputs the predicted next state.
Simulated experiments involving one and two obstacle scenarios integrate the proposed reward
functions into Asynchronous Advantage Actor-Critic (A3C) and Distributed Proximal Policy
Optimization (DPPO) algorithms. Results show that combining both reward functions improves
convergence speed and trajectory planning quality compared to using either reward alone. Among
the tested methods, DPPO achieved the highest reward of 1,970.60 when avoiding two obstacles,
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converging in 258 episodes, while A3C reached a reward of 1,968.40 in 296 episodes, confirming
the superior efficiency of the DPPO-based framework.

3.3 RIC

Robot control refers to the process of governing the physical movements and actions of a robot. It
involves generating and executing commands or control signals to manipulate the robot actuators,
such as motors or servos, to achieve desired motions and behaviors.

Learning-based control techniques have gained prominence in robot control. These methods
leverage data-driven models and algorithms to learn control policies from experience or training
data. Al enables robots to adapt, optimize, and generalize their control strategies based on specific
tasks or environments along with changing conditions [56].

With the aim of developing a bilateral collaborative rehabilitation training robot, Xiao et al. [29]
propose an adaptive Proportional-Integral-Derivative (PID) controller enhanced by an RBF
neural network. The control architecture acquires motion data from both the healthy and affected
limbs, generating robot commands based on their movement difference to facilitate coordinated re-
habilitation training. This setup enables the execution of elbow flexion and wrist rotation tasks while
promoting symmetric movement patterns. The proposed model was validated through simulation
rather than experimental trials with participants. Although no quantitative performance metrics
are reported, the simulation results compare the standard PID and RBF-PID controllers, showing
that the latter achieves accurate motion tracking with an angular error of <0.09rad. These findings
suggest the potential of the RBF-PID system to support game-based mirror therapy rehabilitation.

A simulated environment is also employed in [57] to evaluate an adaptive impedance controller
based on an Evolutionary Dynamic Fuzzy Neural Network (EDRFNN). The controller takes
as inputs the mechanical impedance parameters of the impaired limb and the desired impedance
control parameters, producing adaptive outputs for real-time control. The EDRFNN architecture
consists of an input layer, a membership layer, a rule layer, a normalization layer, and an output
layer. The key idea behind this controller is to allow the robot to dynamically adjust the desired
impedance according to the user’s current recovery condition. The impairment level is estimated
by identifying the damping and stiffness parameters of the affected limb using a Slide Average
Least Squares (SALS) algorithm. Offline optimization of the network parameters is performed
through Genetic Algorithm (GA) and Hybrid Evolutionary Programming (HEP), while a
dynamic BP learning algorithm provides online adaptation based on error gradient descent. The
controller is tested in a Matlab-simulated 2-DoF ReRobot, using impedance parameters derived
from previous studies as the initial conditions for the SALS identification. Comparisons with models
lacking GA, HEP, or BP optimization show that the EDRFNN achieves superior results in both time
regulation and position tracking Accuracy. Overall, simulation outcomes confirm the robustness
and adaptability of the proposed controller, highlighting its potential for real-world rehabilitation
and assistive robotic applications.

An Actor-Critic (AC)-based DRL controller is presented in [58] to develop an autonomous
framework for intelligent robot-assisted therapy, where the system automatically tunes the pa-
rameters of a PID controller. The approach, implemented on the iTbot ReRobot, uses a Deep
Deterministic Policy Gradient (DDPG) network to adjust the controller gains and generate
smooth joint torques for accurate trajectory tracking, minimizing the need for human supervision
during therapy. The agent receives environmental observations, including joint angles, velocities,
tracking error, and its derivative and integral, and outputs the corresponding PID tuning parameters.
The reward function is designed based on tracking error, torque effort, and a boundary constraint
indicator for joint space limits. This formulation enables the agent to efficiently converge toward
the optimal control policy. Simulation results demonstrate precise motion tracking, achieving
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a maximum tracking error of 0.16 rad, confirming the effectiveness of the proposed DRL-based
adaptive control strategy for rehabilitation applications.

A combined simulation and experimental validation on healthy subjects is presented in [59],
where an adaptive inverse optimal hybrid control strategy integrating inverse optimal control with a
neural network-based AC learning framework is proposed. The model is first evaluated in simulation
and subsequently tested on five healthy participants to assess its feasibility in a rehabilitation con-
text. Comparative analyses show that the proposed controller outperforms traditional approaches
in terms of position tracking Accuracy, position error, and control torque. Specifically, it achieves a
position error of 0.05rad, which is lower than the value reported in [29]. These results demonstrate
that the NN-adaptive inverse optimal hybrid controller can effectively evaluate user performance
and autonomously adjust its assistance or resistance level to match the patient’s rehabilitation needs.

In contrast to previous studies conducted solely on healthy participants, the models in [2, 60] were
validated on a pathological population. In particular, Luo et al. [2] introduce an Assist-As-Needed
(AAN) controller enhanced with RBF networks. The AAN framework aims to deliver optimal
robotic assistance that supports task completion while motivating patients to contribute actively
to the movement. By integrating a greedy strategy with the AAN controller (GAAN) and RBF
networks, the system adaptively tunes assistance levels based on the patient’s motor capability and
performance to minimize tracking error. Kinematic and dynamic data were collected at 1,000 Hz,
and the RBF network weight vectors were continuously updated according to each patient’s state
and performance metrics. Experimental results with 12 patients demonstrated average tracking
errors on the order of (4 X1073) m under various conditions, including left-to-right and right-to-left
movements, and across different assistance levels (no-RBF, low-RBF, and high-RBF). These findings
confirm the effectiveness of the GAAN-RBF approach in providing adaptive, patient-specific robotic
assistance during rehabilitation.

A Neural-Fuzzy Adaptive Controller (NFAC) based on a RBF Network (RBFN) is presented
and validated in [60] on one healthy subject and two stroke patients. The adaptive controller is
implemented on an upper-limb exoskeleton designed to support passive rehabilitation training
involving shoulder flexion/extension, elbow flexion/extension, and wrist ulnar/radial deviation.
The neural network compensates for non-linearities in the human-robot interaction, taking joint
position, velocity, and acceleration vectors as inputs and producing an adaptive control term as
output. This term enables the exoskeleton to apply assistive forces according to feedback from
force/torque sensors. Two experimental protocols, trajectory tracking and frequency response,
are conducted to evaluate the controller’s performance. The results are compared with those
of a Cascaded PID (CPID) controller and a Fuzzy Sliding Mode Controller (FSMC). The
proposed RBFN-based NFAC achieves lower position tracking error and superior frequency response
characteristics, with an average RMSE of 0.03rad for shoulder flexion/extension, compared to
0.06 rad and 0.04rad obtained with CPID and FSMC, respectively. These outcomes confirm the
effectiveness of the adaptive control approach in improving motion Accuracy and stability during
rehabilitation tasks.

34 SA

Robots can utilize sensors to monitor users’ physiological signals, such as HR, RR, GSR, and T, to
estimate their emotional states. User state estimation can help the robot in adapting its behavior
to provide appropriate assistance or feedback. For this reason, the SA module plays a crucial role
in enhancing the physical interaction between humans and robots because robots can tailor their
responses, provide personalized assistance, and create more engaging and effective HRI depending
on a user’s condition, behavior, or intent [61].
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The approach presented in [30] applies a classification-based method to adaptively and dynami-
cally adjust rehabilitation therapy according to each patient’s physiological state. The system uses
HR, RR, Skin Conductance Level (SCL), Skin Conductance Response (SCR), and temperature
(T) as input features to predict the appropriate difficulty level of a VR training game. Physiological
signals are sampled at 2.4kHz using a g.USBamp amplifier (g.tec medical engineering GmbH)
and processed through a multi-modal pre-processing pipeline. HR, RR, and T are normalized by
baseline subtraction and division, while SCL and SCR are normalized by baseline subtraction only
to account for their zero-referenced nature. This ensures inter-subject comparability and improves
signal robustness. Subsequently, PCA is applied to the normalized data to perform feature reduction
and retain the most informative components. Nine Al algorithms are evaluated using LOOCYV,
with the SVM employing an RBF kernel achieving the highest Accuracy of 91.43%. The selected
model is then used for real-time validation, where the difficulty level of the game is updated every
30seconds: it decreases when the user is overstressed, increases when relaxed, and remains constant
otherwise. This adaptive mechanism enables short-term, real-time adjustment of therapy intensity
while maintaining stable and user-tailored interaction dynamics.

The study in [62] introduces a biocooperative feedback loop for upper-limb rehabilitation that
adaptively adjusts task difficulty based on a fusion of task performance, biomechanical data, and
physiological signals such as HR, RR, SCL, SCR, and temperature (T). The rehabilitation task
involves reaching and grasping actions within a virtual environment, where participants catch a
ball and place it into a basket, supported by haptic feedback that reproduces interaction forces with
virtual objects. The system adapts the difficulty level every 2 minutes, allowing the controller to
respond to short-term changes in the user’s state while preserving overall stability. Each signal
modality is pre-processed within fixed 2-minute time windows, extracting and normalizing features
such as HR variability, skin conductance, and movement metrics. All signals are synchronized
using a common timing reference and combined through LDA for binary classification (increase
or decrease difficulty). To manage inter-subject variability and enable online learning, a Kalman
Adaptive LDA is implemented, updating the discriminant function after each task window based
on user-specific feedback. The experimental population includes 34 healthy participants and 17
hemiparetic patients. Results show that psychophysiological signals alone have limited predictive
power but significantly improve performance when combined with biomechanical and task-related
data. The Kalman Adaptive LDA achieves classification accuracies of 84.7% for healthy subjects and
89.4% for patients, i.e., approximately 10% higher than when using physiological features alone,
demonstrating the benefit of multi-modal data fusion for adaptive rehabilitation control.

The study presented in [63] employs a multi-modal approach that integrates the physiological
state and robot motion signals to assess and adapt rehabilitation training intensity, with the patient’s
condition represented solely by HR. Kinematic acceleration data are collected from both the encoder
integrated into a disc motor and another placed on the rear of a stepper motor. These measurements
are used to compute joint relative velocity differences, representing the mismatch between the
motion intensity of the exoskeleton and that of the user. To enhance robustness and mitigate errors
caused by abrupt accelerations or decelerations, pre-processing involves collecting angle data from
the first 3 seconds of each movement phase and calculating the average difference between the
actual and reference joint trajectories. HR and motion features are standardized using Z-score
normalization to balance scale and VAR differences, improving training stability. The resulting
multi-modal feature vector, consisting of six eigenvalues from HR and motion data, is fed into a
Deep Neural Network (DNN) with three layers (10 neurons in the input layer, 8 in the hidden
layer, and 4 in the output). The network employs ReLU activation for the first two layers and
Softmax in the output to classify motion intensity into three categories: strong, moderate, and
weak. Comparative evaluations demonstrate that the DNN achieves superior performance, with an
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average motion intensity recognition Accuracy of 95.7% on the test dataset. The online estimation of
motion intensity enables real-time adaptation of rehabilitation training, allowing for personalized
therapy tailored to each user’s physical condition.

Unlike previous studies that relied on physiological signals for SA, the works in [64, 65] utilize
pressure, force, and motion data from eight stroke patients to classify compensatory movement
patterns using an SVM with an RBF kernel. The proposed pressure distribution-based compensation
detection system records pressure data while participants perform three reaching tasks, enabling
the identification of maladaptive motor behaviors during rehabilitation. Each pressure map is repre-
sented as a (32 X 32) vector, from which 10 descriptive features are extracted, including average and
maximum sensor values, average, and standard deviation of medial/lateral and anterior/posterior
centers of pressure, and pressure ratios in both directions. These features capture spatial and
statistical characteristics of the pressure distribution and are standardized to ensure inter-subject
and inter-session comparability before being fed into the classifier. The SVM-RBF model achieves
an Fl-score of 98.50% in the online detection of compensatory patterns. Once compensation is
identified, a force feedback mechanism is triggered through the ReRobot to suppress undesired
movements, thereby promoting correct motor execution during therapy.

In a RL framework, Kan et al. [66] employ a DRL algorithm to adapt robotic behavior based on
patients’ postural data during upper-limb rehabilitation. The system is modeled using a Partially
Observable Markov Decision Process (POMDP) to autonomously guide reaching exercises
for moderate stroke patients, personalize training parameters, and estimate user fatigue in real
time. The study involves one therapist and one right-sided hemiparetic patient, complemented by
several simulation trials. Following an initial offline training phase, the DRL controller’s decisions
are compared with those of a human therapist to evaluate its clinical reliability. The therapist’s
feedback indicates a 65% agreement with the Al system’s decisions, suggesting that the pro-
posed POMDP-based adaptive framework can approximate expert reasoning while autonomously
adjusting rehabilitation parameters to the patient’s state.

Another approach for SA is proposed in [33], where EMG and motion data are combined to
predict the perceived torque and adjust the assistance gain in an AAN control scheme. The signals,
collected under seven experimental conditions from 10 healthy participants, are processed using a
Long Short-Term Memory network with a Kalman Filter (LSTM-KF) R model to quantify
the assistance level provided by the ROKAE Mate ER3 Pro robotic arm based on user engagement
during rehabilitation. Before training, EMG signals undergo a fifth-order Butterworth band-pass
filter to remove low-frequency noise from power line interference, electrode movement, and motion
artifacts. Only channels from the biceps and triceps brachii are retained, and a thresholding strategy
is applied to keep the top 70% of signal amplitudes, discarding inactive segments. The model input
consists of a fused five-dimensional vector including two EMG channels and three kinematic
features (joint angle, first- and second-order differences). The LSTM-KF network comprises an
input layer, an LSTM-KF block with 64 hidden units, a fully connected layer with dropout, and an
output layer, trained for 50 epochs with a batch size of 8. The model outputs a continuous value
representing the predicted perceived torque, which is used to adapt the robot’s control parameters
in real time. Evaluation based on the MAE yields values of 0.39, confirming the effectiveness of the
LSTM-KF model in estimating perceived torque and supporting online adjustment of assistance
levels in clinical rehabilitation scenarios.

4 Discussions

The findings from this systematic review highlight the utility of Al in various aspects of upper limb
rehabilitation, encompassing UIR, RMP, RIC, and SA.
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Fig. 3. Bar plot representing the distribution of Al approaches used in the included studies, categorized
according to the learning paradigm within the “Algorithm” thematic area. The paradigms include Supervised,
Unsupervised, and RL. For Supervised Learning (highlighted by the light gray shaded area), the plot further
distinguishes task types into Classification (C) and Regression (R), with the corresponding percentages
indicated using additional darker shading. Each task type is also broken down by model type: ML or DL,
as shown by the color-coded bars. No studies based on Unsupervised Learning were found. RL is presented
separately and also subdivided by model type (ML or DL). The color legend helps differentiate between
ML and DL model types, supporting the interpretation of their distribution across task types and learning
paradigms.

To address research question Q2, which concerns the examination of data-driven learning
methodologies applied to specific tasks within the identified modules, a bar chart was created to
illustrate the distribution of approaches across the reviewed studies. As shown in Figure 3, the plot
summarizes how different ML paradigms, i.e., Supervised, Unsupervised, and RL, are represented
in the reviewed literature. Within Supervised Learning, tasks are further categorized as C and
R, each analyzed separately for traditional ML and DL models. The shaded areas highlight the
overall contribution of each learning type and its subcategories, while the color-coded legend
distinguishes ML and DL approaches, providing a clear visual overview of the methodologies used
across different task types.

The chart clearly shows that none of the papers included in this review adopt unsupervised
learning approaches. Supervised learning emerges as the most commonly employed paradigm, with
C problems being the most frequently addressed, predominantly using ML algorithms. In contrast,
R problems are less commonly tackled with ML models, and no ML approaches are applied in RL
contexts.

Moreover, it is worth observing that 41.17% of included works are about UIR, 22.22% are about
RMP, 16.67% are about RIC, and 19.44% are about SA. So, most of the papers have UIR as their
Al-driven module, and this could be the reason why C has achieved the highest percentage of
occurrences, as shown in Figure 3 (bar). Among both C, R, and RL methods, the most recurrent
algorithms belong to DL. In fact, the adoption of DL algorithms has emerged as a dominant trend
in the field, and its prevalence surpasses other ML approaches and traditional methods. This can be
attributed to several factors, including the ability of DL models to automatically extract relevant
features from the data, reducing the need for manual feature engineering [67]. Additionally, the
capacity of DL models to handle large datasets enables improved classification performance [68].
At the same time, the non-linear activation function integrated into the proposed DL algorithms
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represents a useful tool in treating a non-linear relationship established between robot and patient
[60]. More specifically, most of the applied DL algorithms have in common:

—the deep neural structure;

—the BP learning method via the gradient descent algorithm;
—a specific architecture for each problem;

—a non-linear activation function.

Furthermore, to summarize the data-driven learning methodologies applied within the analyzed
functional modules, the individual percentages for each Al-driven module are reported below:

(1) UIR: 100.00% C, of which 60.00% ML and 40.00% DL;

(2) RMP: 87.50% R, of which 25.00% ML and 62.50% DL; 12.50% RL with DL;

(3) RIC: 66.67% R with DL and 33.33% RL with DL;

(4) SA:71.43% C, of which 57.14% ML and 14.29% DL, 14.29% R with DL, 14.29% RL with DL.

In UIR, the dominance of classification techniques, supported by a blend of ML and DL, highlights
the significance of accurately deciphering user intentions for effective upper limb rehabilitation.
However, it can be seen from Table 1 that most performance values obtained are above 80%. This is
obtained especially for the most recurrent ML algorithm, i.e., SVM, that achieves high-performance
value in every classification problem. Indeed, for the application of DL algorithms, there is no
unique network used, but they all are designed and adapted to the specific case and dataset.

Nevertheless, even in the application of DL algorithms, Accuracy scores higher than 88% are
found except for the detection of user intention from brain activity [44-46]. In fact, the difficulty in
processing and deciphering the EEG signals resulted in lower performance values than the other
works included in this category. However, the novelty introduced in [44-46] lies in the fact that for
the first time a DL algorithm was applied to solve UIR problems using EEG, so it lays the foundation
for future use of DL algorithms in this context.

It emerged from the aforementioned analysis that classification models excel in discerning
discrete user actions, even with the application of very simple models such as SVM.

Lastly, the absence of R instances could be attributed to the inherent nature of intention recogni-
tion as a classification task. Despite the use of classification algorithms for all papers included in the
UIR category, it is difficult to make a detailed comparison of the algorithms used and performance
obtained because each application and result depends on the dataset used, thus, the number of sub-
jects involved, the type of task performed, and the number of classes for the classification problem.

In the specific context of RMP and RIC, treating R problems with DL algorithms has demonstrated
a greater efficacy. The models capability to comprehend intricate robot and human-robot system
dynamics has led to more fluid and efficient motion outcomes. At the same time, the highest
utilization of R, particularly through DL, in both RMP and RIC indicates the efficacy of continuous
output prediction for smooth robot movements. Simultaneously, the inherent adaptability of DL
models aligns well with the dynamic nature of real-time control scenarios. These features have
substantial implications for optimizing the execution of rehabilitation exercises and enhancing
patient outcomes. In particular, the most used models are neural networks applied to regressive
problems, so the performance is expressed in terms of errors and correlations, as it can be seen
in Tables 2 and 3. Both correlation and error values demonstrate the capability of the proposed
Al methodologies to accurately perform both motion planning and robot control tasks. In fact,
correlation coefficients are higher than 90%, while error values are lower than 1, reaching the best
result of 4 X 1073 m in [2, 60].

However, each study included in this review has focused attention on different models: for RMP,
for example, the only model that has been applied in more than one paper is the LSTM-CNN,
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which effectively captures both spatial features and temporal dynamics to enhance the model’s
ability to predict and navigate complex, time-varying environments; whereas for RIC, the only
model used in more than one paper is the RBF neural network. This network offers advantages such
as adaptability to non-linear functions, good generalization, quick learning during training, and
interpretability. However, it has some limitations, including the need for substantial training data,
difficulty adapting to dynamic changes, challenges in parameter determination, and computational
costs. The effectiveness of RBF networks in robot control depends on specific contexts, problem
characteristics, and DA [69]. Similarly, the LSTM-CNN model, despite its strengths, also has
limitations such as high computational demands, complexity in hyperparameter tuning, and the
need for extensive training data. The effectiveness of LSTM-CNN in RMP is context-dependent
and requires careful consideration of problem specifics and available resources. Additionally, these
dependencies also influence the choice of model to be adopted for different purposes: public datasets
might be helpful in order to ensure a comparison of the various regression models. Moreover,
the majority of RL problems are treated in these fields. DRL is significantly advancing both RMP
and RIC, providing robots with the capability to learn from the users’ movements and adapt their
strategies to individual needs based on real-time feedback. These robots can develop precise motion
plans that guide the patient’s arm through therapeutic exercises, ensuring that movements are
both safe and effective. However, each included works has introduced a different RL model based
on the problem specifications.

Conversely, in the context of SA, predominant attention is given to the utilization of C models.
In fact, the work in [66] applies an RL approach to adapt the robot behavior both in a simulated
environment and on a stroke patient. For [66], usual performance is not reported in Table 4: in
fact, the results obtained are expressed in terms of agreement, that is, the therapist agreed with
the robot’s actions and choices during rehabilitative physical therapy in 65% of the actions. A
similar approach was used also in RMP [53], where an agreement of 70.40% was reached for the
development of an LbD system (see Table 2). Additionally, a regression has been applied by [33]
to provide real-time the appropriate torque, and so the assistance level, according to the EMG
recordings. For the other four works included in the SA category, an Accuracy value above 80%
is achieved for both the application of ML and DL algorithms. However, only the SVM-RBF has
been used in more than one case [30, 64, 65], otherwise each work included in this category has a
different algorithm applied. The inclusion of SVM-RBF suggests an awareness of handling non-linear
data patterns efficiently. Additionally, the utilization of Kalman Adaptive LDA underscores the
importance of dynamic adaptability to changing data conditions, a crucial aspect in SA scenarios.
Furthermore, the incorporation of DNN indicates a recognition of the ability to capture intricate
and abstract data representations.

The awareness of model complexity is evident due to the inclusion of SVM-RBF, Kalman Adap-
tive LDA, and DNN, algorithms that provide a comprehensive toolkit for addressing various data
characteristics and adaptation challenges. These models strike a balance between performance
optimization and the practical management of complexity. Moreover, the inherent tradeoff between
model complexity and interpretability is acknowledged. While SVM and Kalman Adaptive LDA
offer simplicity and interpretability, the inclusion of DNN raises computational resource issues. But,
similarly to UIR, it is difficult to compare the performance obtained because the datasets used in the
various research works are different. Additionally, the emphasis on classification methodologies un-
derscores the essential flexibility intrinsic to effective SA. The aptitude of classification approaches
for decision-making tailored to specific user states is further amplified through the enriched pattern
recognition and learning capabilities contributed by DL and ML. Specifically, C models, especially
when reinforced by ML and DL techniques, possess the capacity to dynamically make adaptive
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Fig. 4. Parallel categories diagram showing how different functional blocks (UIR, RMP, RIC, SA) relate to
the task types and reported performance metrics across the analyzed studies. Color encodes the functional
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decisions grounded in real-time user data. This adaptive responsiveness assumes paramount sig-
nificance in promptly tailoring the rehabilitation protocol to seamlessly accommodate changes in
user capabilities. Consequently, this adaptive framework significantly enhances the overall efficacy
of the intervention, fostering a more optimized and personalized rehabilitation experience.

While the bar chart addresses Q2 by providing a quantitative overview of the algorithmic
approaches identified in the literature, the parallel categories diagram in Figure 4 was developed to
respond to Q3, which concerns the analysis of performance metrics and evaluation strategies used
to assess the effectiveness of Al methods, with attention to their consistency across studies. This
visualization enables a multi-dimensional representation of the relationships between functional
modules (UIR, RMP, RIC, SA), task types, and performance measures, thus offering a comprehensive
view of how evaluation strategies are distributed across the reviewed works. In the “Performance”
column, all error-related metrics (e.g., position error, tracking error) are grouped under the macro-
category named “Error” When multiple performance measures were reported within a single
study, the most representative and relevant one was selected for inclusion. The parallel categories
diagram is particularly suitable for addressing Q3, as it allows simultaneous visualization of how
different methodological dimensions interact, revealing trends and inconsistencies in evaluation
practices. At the same time, it highlights a major limitation of the current literature, i.e., the
lack of standardized performance metrics, which hinders direct comparison across studies. The
heterogeneity in research goals, data types, and implementation details within each functional
module makes it difficult to apply a consistent evaluation framework. As a result, studies often rely
on distinct performance metrics that are selected based on the specific context in which the AI model
is used. For instance, even when addressing similar tasks, such as classification within modules like
RMP or SA, researchers report a wide range of metrics, including Accuracy, F1-score, AUC, and
error-based indicators, often without a shared benchmark or reference dataset. This fragmentation
prevents a fair comparison of model performance and hinders a unified understanding of the
strengths and limitations of different approaches.

This variation is not only observed across different functional blocks but also within them, making
it challenging to assess the relative effectiveness of algorithms or approaches in a unified manner.
The presence of both regression- and classification-based metrics within similar contexts further
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exacerbates this issue. Consequently, no quantitative meta-analysis or ranking of model performance
was possible, limiting the generalizability and comparative interpretability of the findings.

In conclusion, the observed distribution of AI methodologies across upper limb rehabilitation
reflects their suitability for the specific functional modules identified (Q1) and the tasks addressed
within them. For instance, in modules such as UIR and SA, the choice between ML and DL depends
on factors including DA, computational resources, and the complexity of the task. ML approaches
are generally more interpretable, require less data, and are computationally less demanding, yet
they may struggle with complex relationships. DL approaches, in contrast, can automatically learn
intricate features from large and complex datasets but require substantial data and computational
power. Consequently, it is not possible to determine a priori the best algorithm for a given context,
as the optimal choice is strongly influenced by dataset characteristics, task requirements, and the
study’s objectives (Q2). Furthermore, the analysis of performance metrics and evaluation strategies
(Q3) reveals considerable heterogeneity across studies, highlighting the need for standardized
datasets and benchmarking procedures. The availability of public datasets could facilitate the
application of different algorithms and enable more consistent and meaningful comparisons of
performance across studies.

4.1 Opportunities and Future Direction

This literature review has facilitated the integration of contemporary research findings about
integrating Al methodologies within the functional building blocks of robot-aided rehabilitation
architectures. Furthermore, this systematic approach has enabled the identification of potential
challenges and future research directions that could be pursued to enhance the effectiveness and
reliability of these systems such as:

(1) Exploring the use of multi-modal monitoring and learning: the review indicates a limited con-
sideration of physiological parameters beyond EMG. Integrating additional signals, such as
HR,RR, GSR, T, and EEG, can offer a more comprehensive representation of the patient’s phys-
ical and cognitive condition [70, 71]. This need for integrating additional physiological signals
is underscored by situations where EMG data may be unavailable due to neuromusculoskele-
tal conditions such as spasticity, paralysis, muscle damage, or nerve damage. These conditions
can result in unintended muscle contractions and forces, making EMG and interaction force
data less reliable for accurately assessing patient movement or intention. This underscores the
importance of exploring solutions that leverage multi-modal monitoring systems to compre-
hensively describe patients’ states during physical interactions with ReRobots. Moreover, the
multi-modality of the collected data presents a significant challenge in developing intelligent
processing systems that can effectively handle information of diverse natures in real-time.
With the broadening of the signals to be analyzed and the need for increasingly customized
systems, Al methodologies can provide a significant driving force for the integration of
precision medicine into operational contexts. Therefore, future research should explore:
—which additional physiological signals, beyond EMG, could enhance system awareness;
—how such signals can be effectively incorporated into existing rehabilitation protocols;
—what design strategies and implementation guidelines are most effective for developing

multi-modal monitoring systems in robotic rehabilitation;
—to what extent multi-modal learning approaches can offer improvements over unimodal
ones.

(2) Promoting methodological alignment and standardization in evaluation practices: a critical
limitation identified through this review is the lack of consistency in the performance metrics
used across the literature. Even within similar functional blocks or treated problem, studies
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often report different performance metrics without a common reference framework. This

heterogeneity prevents direct comparison of results and limits the generalizability of findings.

Future research should therefore address the following issues:

—the definition of guidelines that encourage the adoption of shared evaluation practices
within the research community;

—the development of standardized evaluation frameworks to ensure comparability between
studies;

—the identification of the most appropriate performance metrics that allow for consistent
evaluation across Al-based rehabilitation systems.

Improving transparency and reproducibility through data and CA: a significant limitation
observed in the reviewed literature is the frequent lack of access to datasets and source code,
as well as missing details regarding the input data used to train and evaluate Al models. This
compromises reproducibility, hinders validation by independent researchers, and limits the
possibility of fair benchmarking between approaches. Future efforts should be addressed to
the research community:

—encourage the research community to enforce the publication of datasets and source code
related to Al-driven rehabilitation systems;

—investigate what are the minimal information requirements (e.g., on input signals, pre-
processing, or feature extraction) that should be reported to ensure transparency and
replicability;

—strengthen the ethical and regulatory framework to make clinical or sensitive rehabilitation
data publicly accessible.

Validating the Al methodologies with pathological populations and evaluating their clinical
impact: most current studies have limited validation with pathological populations, which is
crucial for real-world application. Among the reviewed literature, only a few studies [43, 60,
62] evaluated their models on both H and P populations. However, these studies generally
did not investigate clinically meaningful outcomes or use standardized clinical assessments.
More critically, the impact of the AI module itself on clinical improvement has not been
investigated in the included works. Performance metrics are often reported without clear
interpretation in terms of clinical benefit, making it difficult to determine whether the AI
contributes meaningfully to patient recovery beyond standard rehabilitation. In rehabilitation
settings, where the clinical relevance of technological interventions is paramount, it is essen-
tial to go beyond reporting algorithmic performance and demonstrate actual effectiveness in
real clinical scenarios. This requires not only the adoption of standardized clinical outcome
measures, but also the ability to explicitly link Al-driven decisions to meaningful functional
improvements in patients. Establishing this connection is crucial to validate the readiness
and real-world applicability of Al-based rehabilitation systems in healthcare practice. Future
research should address the following topics:

—the development of protocols and methodologies to enable the transition of Al-driven
systems from research to clinical practice;

—the identification of specific clinical outcomes to be prioritized for assessing the effective-
ness of Al-driven rehabilitation systems;

—the expansion of clinical validation to include diverse pathological populations and lon-
gitudinal studies aimed at evaluating long-term efficacy;

—the methods by which studies can explicitly quantify the clinical contribution of the AI
component within rehabilitation systems.

Additionally, transfer learning is emerging in the current literature as a promising strategy

for addressing limitations related to DA and generalizability. By adapting models initially
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trained on healthy populations to pathological cohorts, transfer learning could accelerate

clinical translation, improve model robustness, and enable scalable deployment across diverse

patient groups. Investigating effective transfer learning protocols thus represents a critical
avenue for advancing Al-driven rehabilitation technologies.

Investigating RL approaches: the review shows that few studies have applied RL in reha-

bilitation settings, and those that do often lack comprehensive validation [55, 58, 59, 66].

This limited adoption is likely due to several key challenges, including safety concerns when

deploying RL algorithms in clinical environments, the absence of reliable and realistic sim-

ulation platforms to adequately train and test RL agents before involving human subjects,
and issues related to sample efficiency, which hinder learning from limited patient data.

Additionally, the limited adoption of RL in rehabilitation settings is also influenced by the

inherent challenges related to simulating physiological signals and patient responses. Unlike

many other application domains, rehabilitation involves complex, highly individualized
physiological processes that are difficult to model accurately. Each patient’s biological and
neurological responses to interventions vary significantly, making it nearly impossible to
create reliable simulation environments that can predict how a subject’s physiological state
will change in response to specific actions taken by the RL agent. This lack of realistic and
patient-specific simulators complicates the training and validation of RL algorithms before
deployment in clinical settings, as the system cannot fully anticipate the consequences of
its decisions on a real patient’s health. As a result, the physiological side of the patient is
essentially unmodelable in a comprehensive way, posing a critical barrier to safe and effective

RL application in rehabilitation. Addressing this challenge requires innovative approaches

that either improve simulation fidelity or develop safe on-line learning frameworks capable

of adapting in real time while minimizing risk. Future research should therefore focus on a

deeper exploration and transparent reporting of RL methodologies with particular attention

to safety, clinical relevance, and translational potential. Important issues to address include:

—the safe integration of RL into rehabilitation systems with guarantees for patient safety;

—the development of simulation environments necessary to thoroughly test RL algorithms
before clinical trials, particularly addressing the challenge of realistically modeling indi-
vidualized physiological responses;

—strategies to improve simulation fidelity to better capture patient-specific physiological
dynamics or, alternatively, the creation of safe online learning frameworks that allow RL
agents to adapt in real time with minimal risk;

—approaches to enhance sample efficiency in order to enable effective RL training despite
the limited availability of clinical data;

—the establishment of standardized protocols for evaluating and reporting the safety and
efficacy of RL applications in clinical rehabilitation settings.

By addressing these questions, the scientific community can advance the field of Al-driven upper
limb robot-aided rehabilitation, ensuring that these technologies are both effective and safe for
clinical use.

5 Conclusions

This systematic review has been conducted to provide an overview of the application of data-driven
AT approaches in robot-aided upper limb rehabilitation. Specifically, it examines how different
learning paradigms, task types, and model types, ranging from ML to DL, have been adopted in
the literature. The goal is to outline the current state of research and to support the integration of
intelligent, adaptive Al modules into robotic rehabilitation systems.
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Considering the PRISMA method and the inclusion criteria, 35 works have been included,
dividing their discussion according to the specific Al-driven functional block: UIR, RMP, RIC, and
SA. Four tables are presented to detail the research studies and the Al approaches implemented
in the literature. A bar chart has been generated to have a better idea about the algorithms used.
It emerged that the classification problems have a higher occurrence, and they are faced with
implementing ML methods. On the other hand, DL is mostly implemented to face regression and
reinforcement tasks. Additionally, a parallel categories plot has been added to provide a multi-
dimensional view of the studies, highlighting variability in functional modules, algorithms, and
performance metrics, and revealing the challenges in comparing methodologies due to a lack of
standardization.

The systematic review findings emphasize the profound influence of AI on reshaping upper
limb robot-aided rehabilitation, tailoring AI methodologies to diverse fields. The extensive Al
applications in UIR, RMP, RIC, and SA offer substantial potential for enhancing rehabilitation
outcomes of upper limb impairment. Yet, limited validation exists for subjects with neuromuscular
or musculoskeletal conditions. Nonetheless, sustained research and development are imperative to
fully harness the potential of Al within this pivotal healthcare domain.
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