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ABSTRACT: Bidirectional neural interaction pathways play a critical role in determining the performance
of intelligent upper-limb prostheses. Specifically, the nervous system should be able to control prosthetic
movements according to the user’s intention, while the operating state of the prosthesis should be conveyed
back to the user through sensory feedback interfaces, thereby establishing a bidirectional interface between
the prosthesis and the human nervous system. This paper introduces the major approaches for neural motor
control, including brain—computer interfaces and myoelectric interfaces, discusses stimulation modalities
and sensory mapping strategies for sensory feedback, and analyzes future directions for bidirectional
sensorimotor interfaces in upper-limb prostheses.

Keywords: Upper-limb prosthesis; Bidirectional neural interface; Neuromotor interface; Somatosensory
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1. Introduction

Upper limb amputation not only leads to a decline in grasping, manipulation, and activities of daily
living but also disrupts the native sensory and motor pathways between the hand and the central nervous
system (CNS), making it difficult for amputees to achieve natural motor control, tactile perception, and
body ownership. Although upper limb prostheses have advanced substantially in mechanical design,
actuation capabilities, and sensing performance, their clinical application remains limited by unnatural
control, insufficient sensory feedback, and a high cognitive burden. Conventional prostheses mainly rely
on unidirectional control, in which users drive prosthetic movements through electromyographic or other
biological signals, whereas information generated during interactions between the prosthesis and the
environment, such as contact force, slip, temperature, and position, is difficult to effectively relay to the
human nervous system. As a result, users remain highly dependent on vision during grasping and
manipulation. Therefore, establishing bidirectional neural pathways that support both motor intention
output and sensory information input is critical for improving prosthetic performance.

Bidirectional neural interaction in upper-limb prostheses mainly consists of neural motor control and
sensory neural feedback. Motor neural control corresponds to the efferent pathway, with the core objective
of extracting motor intentions from the CNS, peripheral nerves, or muscle activity and translating them into
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prosthetic joint movements, grasp patterns, or continuous control commands. Existing approaches mainly
include brain-computer interface (BCI) [1] and myoelectric control interface [2]. BCI can directly acquire
motor-related information from the CNS and have broad applicability, but they still face challenges in real-
time performance and long-term stability. Myoelectric interfaces acquire electromyographic signals
through surface or implanted electrodes. Among them, surface electromyography (SEMG) has become the
most widely used approach for upper-limb prosthetic control because of its intuitiveness, wearability, and
portability [3]. With advances in deep learning [4], electromyographic decomposition [5], and related
techniques, myoelectric control is gradually evolving from simple discrete pattern recognition toward
multi-degree-of-freedom [6], continuous [7], and adaptive control [§].

Sensory neural feedback corresponds to the afferent pathway and aims to deliver tactile [9], thermal
[10,11], and motion status [12] acquired by prosthetic sensors back to users in a form that can be interpreted
and integrated by the nervous system. The main approaches include electrical stimulation, vibrotactile
stimulation, pressure stimulation, and multimodal feedback. According to the perceptual mapping
relationship, sensory feedback strategies can be classified into sensory substitution, modality-matched
feedback, and somatotopically matched feedback. Sensory substitution is flexible and easy to integrate, but
usually requires training to establish the association between stimulation and perception [13]. Modality-
matched feedback transmits information through a sensory channel similar to the original modality, thereby
reducing cognitive burden [14]. Somatotopically matched feedback [15], achieved through phantom limb
mapping [16], targeted reinnervation, or direct neural stimulation, enables feedback to be perceived as
originating from the corresponding region of the missing hand, and is therefore closer to the goal of natural
sensory restoration.

This paper reviews bidirectional neural interaction in intelligent upper-limb prostheses. First, brain—
computer interfaces, myoelectric interfaces, and their motor intention decoding methods are introduced.
The main stimulation modalities and perceptual mapping strategies for sensory feedback are then
summarized. Finally, the development trends and key challenges of motor control, sensory feedback, and
closed-loop bidirectional neural interaction systems are discussed.

2. Neuromotor Interface

Neuromotor interfaces rely on decoding motor intentions from neural signals and subsequently
generating motor commands to actuate external devices in accordance with user intent. According to the
acquisition source, neuromotor interfaces primarily include BCI and myoelectric interfaces. BCIs enable
the direct acquisition of motor information from the CNS, thereby serving a broader population.
Myoelectric interfaces directly reflect neuromuscular activity and exhibit stronger motor relevance, which
has led to their widespread application in the field of motor intention decoding. Consequently, BCI and
myoelectric interface are each described in detail in the following sections.

2.1. Brain-Computer Interface

BCI technology establishes direct communication between the brain and external devices. Its core
objective is to decode user intent from brain activity and translate it into commands for external device
control. As shown in Figure 1, BCI systems utilize three main components: neural interfaces that record
from but may also stimulate the brain, signal processing, and decoding algorithms and effectors that evoke
movement and may transduce sensory input [17].



Intell. Rehabil. Eng. 2026, 1(1), 10009. doi:10.70322/ire.2026.10009 3of 18

Signal processing and Effector

Neural intertace | i
decoding algorithms

EEG Power Prosthetic/Robotic limb

5-300 uV -
Mo oon, ERP 3
— g Threshold crossing
ECoG events

0.01-5mV
i ooon.  LEP

MEA -
‘ Decoder outputs =
<1mV Limb clectrical
LFP »

Orthotic/Exoskeleton

<200 Hz stimulation

500V MUA

0.1-7 kHz spikes Effector commands

Figure 1. Components of BCI systems [17]. Neural interfaces that record from and may stimulate the brain (left), signal
processing and decoding algorithms (middle), and effectors that evoke movement and may transduce sensory input (right).

According to the signal acquisition method, BCIs can be classified as invasive, semi-invasive, or non-
invasive. Invasive BCIs typically employ microelectrode arrays (MEAS) to directly record neuronal action
potentials or local field potentials (LFPs), providing high spatial resolution and a superior signal-to-noise
ratio (SNR). In recent years, invasive BCIs have achieved remarkable advances in neuroprosthetic control,
demonstrating substantial potential for restoring motor function [18]. However, their widespread clinical
translation remains limited by the need for craniotomy and the associated risks of surgical trauma, infection,
immune responses, and long-term signal instability [19]. As a result, invasive BCIs have not yet been
widely adopted in clinical practice and remain in the early stages of clinical translation [20].

Semi-invasive BCls are primarily represented by electrocorticography (ECoG)-based systems, which
record cortical activity using electrode arrays placed on the cortical surface beneath the dura mater.
Compared with invasive BCls, ECoG avoids penetrating brain tissue, thereby reducing surgical
invasiveness while preserving relatively high spatial and temporal resolution. Nevertheless, implantation
still requires craniotomy, and the associated risks of surgical trauma and infection continue to limit its
widespread clinical application [20].

For non-invasive BClIs, electroencephalography (EEG) is commonly used for its high temporal
resolution, safety, portability, and low cost [21]. EEG captures brain electrical activity via electrodes placed
on the scalp. According to the International 10-20 system, electrodes are standardly placed at specific
positions on the scalp. Using the midline from the nasion to the inion as a reference, this distance is divided
into 10 equal intervals, which are marked at proportions of 10%, 20%, 20%, 20%, 20%, and 10%. EEG has
been extensively investigated for motor intention decoding and has shown considerable potential in
assistive communication, motor rehabilitation, and HMI [19]. However, despite its increasing acceptance
in clinical research, EEG-based BClIs remain largely confined to research settings and limited clinical
applications [22]. Their widespread clinical adoption is still hindered by low SNR and spatial resolution,
frequent recalibration requirements, and limited robustness during long-term daily use.

2.1.1. Typical BCI Paradigms

BCI paradigms refer to design patterns used in experiments or applications to elicit and detect specific
EEG signals. Classic paradigms include the P300 evoked potential, steady-state visual evoked potential
(SSVEP), and motor imagery (MI) [23].
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P300-based BCI systems rely on event-related potentials (ERPs). These systems elicit a P300 response
through the presentation of specific stimulus sequences and decode user intention by integrating its
temporal characteristics with scalp topography. This approach is suited for single-target selection from
multiple candidates, such as the P300 speller [24]. In recent years, P300 BCIs have found expanded
applications in the field of robotics [25].

SSVEP-based BCI systems rely on EEG responses evoked by periodic visual stimulation at the
stimulation frequency and its harmonic frequency components, and have attracted increasing attention in
the BCI field due to their high information transfer rate (ITR) and minimal user training, with successful
applications in high-speed spelling [26], prosthetic hand [27], and robotic arm [28].

MI-based BCI systems decode user intent by analyzing modulations of sensorimotor rhythms (SMRs)
elicited during MI tasks. This paradigm is widely recognized as one of the most established, intuitive, and
safe approaches in BCI research. MI has been used in continuous brain-actuated robotic devices such as
brain control of robotic arms [29], wheelchairs [30], and mobile robots [31].

2.1.2. EEG-Based Decoding

The typical pipeline for EEG-based motor intention decoding consists of several stages, including
signal acquisition, preprocessing, feature extraction, and classification or regression. Due to the dynamic
and high complexity of EEG signals, the selection of appropriate features is critical to the performance of
EEG decoding models. Feature extraction can be achieved based on time, frequency, time-frequency, and
spatial information contained in the signals. Common EEG time-domain features include autoregressive
(AR), adaptive autoregression, root mean square (RMS), and integrated EEG (IEEG) [32]. In the frequency
domain, EEG signals are typically characterized through spectral analysis, which describes the distribution
of signal power across different frequencies. To further capture the non-stationary dynamics of EEG,
researchers have introduced time-frequency analysis methods, such as the short-time Fourier transform
(STFT) and continuous wavelet transform (CWT), as well as adaptive signal decomposition techniques,
such as empirical mode decomposition (EMD) [33]. For spatial-domain analysis, the common spatial
pattern (CSP) serves as a classic algorithm that effectively extracts spatial features from MI EEG signals
[34]. However, individual feature extraction methods generally capture only specific aspects of EEG signals.
For example, time-domain features are insufficient to characterize spectral dynamics, frequency-domain
analyses overlook the non-stationary nature of EEG signals, and the effectiveness of spatial features is
highly dependent on electrode configuration and inter-subject variability. Therefore, learning robust feature
representations that effectively capture the complementary temporal, spectral, and spatial features of EEG
signals remains a major challenge for improving motor intention decoding performance.

In the field of EEG analysis, traditional machine learning methods have been widely used for
classification and regression tasks. Among these, support vector machines (SVM) and linear discriminant
analysis (LDA) are the most commonly used classifiers for MI EEG-based classification tasks [35].
Recently, deep learning has emerged as a promising approach for EEG decoding owing to its powerful
capability for automatic feature learning. Among deep learning architectures, convolutional neural
networks (CNNs) have been extensively adopted for EEG decoding due to their inherent ability to learn
hierarchical feature representations. Recurrent neural networks (RNNs) and long short-term memory
(LSTM) networks, by contrast, are well suited for modeling temporal dependencies in EEG signals, thereby
capturing their non-stationary temporal dynamics. Graph neural networks (GNNs) represent multi-channel
EEG signals as graph-structured data, where electrodes are modeled as nodes, enabling explicit modeling
of functional connectivity patterns to improve spatial representation learning. Song et al. subsequently
proposed a dynamic graph convolutional neural network (DGCNN) that learns the intrinsic relationships
among EEG channels, thereby enabling the extraction of more discriminative features [36].
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Although deep learning has reduced the reliance on handcrafted feature engineering, most existing
models remain task-specific and require large amounts of labeled data for training, resulting in limited
generalization. Recently, the rapid development of self-supervised learning (SSL) and foundation models
has shifted EEG decoding from task-specific models toward large-scale pre-trained models. By pre-training
on large-scale, multi-task, and multi-subject neural datasets, foundation models learn transferable neural
representations that can be efficiently adapted to downstream decoding tasks through minimal fine-tuning
[37]. This paradigm has demonstrated significant advantages in cross-subject learning and few-shot
learning BCls, providing a promising new direction for EEG-based motor intention decoding.

2.2. Myoelectric Interface

Myoelectric interfaces are typically classified as invasive or non-invasive depending on how the
electrodes contact muscle tissue. Invasive interfaces use needle, fine-wire, or implanted electrodes to record
intramuscular electromyogram (i(EMG) signals with high SNR. However, their clinical application in HMI
remains largely limited to early feasibility studies due to invasiveness, poor long-term stability, and limited
portability. In contrast, non-invasive myoelectric interfaces acquire SEMG signals via skin-surface
electrodes, offering advantages such as intuitiveness, wearability, safety, low cost, and portability.
Consequently, sSEMG-based myoelectric interfaces have become one of the most clinically established and
widely adopted neuromotor interface technologies, with broad applications in commercial prostheses,
rehabilitation robots, exoskeletons, and other HMI systems. Therefore, this section focuses on non-invasive
sEMG-based myoelectric interfaces.

2.2.1. sEMG Recordings

From the perspective of acquisition strategies, SEMG recording systems have evolved from single-
channel and few-channel configurations to multi-electrode arrays. Early sSEMG acquisition predominantly
relied on wet Ag/AgCl electrodes, which offer excellent electrical conductivity and are widely used in clinical
assessments and experimental studies [38]. However, these electrodes require conductive gel and may cause
skin irritation and inflexibility, thereby limiting their suitability for long-term wear. With the development of
wearable myoelectric interfaces, dry electrodes and multi-channel acquisition systems have attracted
increasing attention. Multi-electrode systems simultaneously record electrical activity from different muscle
regions, providing richer spatial information for gesture recognition, continuous motion estimation, and HMI.
Further increasing electrode density gives rise to high-density SEMG (HD-sEMG) arrays [39]. High-density
arrays capture the distribution and propagation pattern of motor unit action potentials (MUAPSs) across the
skin surface through denser spatial sampling, providing an important foundation for motor unit (MU)
decomposition, neural drive estimation, and the decoding of fine motor intention.

2.2.2. sSEMG-Based Decoding

In early sSEMG-based motor intention decoding, the complexity of neuromuscular encoding and the
lack of a unified analytical framework led to the adoption of data-driven approaches to learn the mapping
between sEMG signals and motor outputs [6]. Such methods typically consist of signal preprocessing,
sliding window segmentation, feature extraction, and machine learning. Handcrafted features are primarily
extracted from the time, frequency, and time-frequency domains. Time-domain features capture
information such as sEMG signal amplitude, waveform complexity, and zero-crossing rate. Low
computational complexity makes these features well suited for real-time applications. The classic time-
domain feature set proposed by Hudgins et al. includes mean absolute value (MAV), mean absolute value
slope (MAVS), waveform length (WL), zero crossing (ZC), and slope sign change (SSC) [40]. Tkach et al.
demonstrated that appropriate combinations of time-domain features can overcome the impact of electrode
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location shift and muscle fatigue on classification performance to a certain extent, but this approach is
insufficient to fundamentally address robustness issues caused by the non-stationarity of SEMG signals [41].
Frequency-domain features primarily characterize the distribution of SEMG signal energy across the
frequency spectrum, including mean and median frequency, as well as power spectral features. Although
they can reflect muscle fatigue and variations in contraction state, they are limited in their ability to capture
the temporal dynamics of frequency components. Phinyomark et al. compared a variety of time- and
frequency-domain features and reported that most time-domain features exhibit strong redundancy. In
contrast, frequency-domain features show relatively weak class separability, thereby limiting their
applicability in complex dynamic motion recognition tasks [42]. To further characterize the transient
changes of non-stationary sEMG signals, time-frequency analysis methods such as the STFT, wavelet
transform (WT), wavelet packet transform (WPT), Wigner-Ville distribution (WVD), and Choi-Williams
distribution (CWD) have been gradually introduced into sSEMG-based motor intention decoding research.
Time-frequency analysis methods preserve both temporal and spectral information, making them more
suitable for extracting sEMG features during dynamic movements. However, their relatively high
computational complexity may increase computational latency and limit their deployment in real-time
control applications. These limitations have motivated the development of data-driven methods capable of
automatically learning more discriminative feature representations from sEMG signals.

With the development of deep learning, researchers have begun leveraging neural networks to
automatically learn movement-related features from sSEMG time series, multi-channel signals, or SEMG
images. Compared with traditional handcrafted features and shallow machine learning models, deep
learning models have stronger nonlinear representation capability and can better capture the complex
mapping between SEMG signals and motor intentions. Common architectures include CNNs, RNNs, LSTM
networks, encoder-decoders, attention mechanisms, and Transformers [4,43—45]. In recent years, large-
scale approaches have gradually emerged as new trends in SEMG-based motion decoding. Kaifosh et al.
used an SEMG wristband to collect large-scale data and achieved three tasks: wrist-controlled cursor
tracking, discrete gesture recognition, and handwriting [2]. Although deep learning has substantially
reduced the reliance on handcrafted feature engineering and achieved remarkable improvements in complex
motor decoding, most existing models remain physiologically uninterpretable. The relationship between
their decision-making mechanisms and the underlying neuromuscular control processes remains poorly
understood, limiting their reliability and interpretability in long-term clinical applications.

Continuous control imposes higher demands on sSEMG-based motion decoding, making the extraction
of MU discharge information from raw signals a research priority. Compared with traditional features, MU
discharge information is closer to the essential nature of motoneuron pool output, enabling the relationship
between muscle activity and motor output to be explained from a neural control perspective. Blind source
separation (BSS) is the most widely adopted approach for sSEMG decomposition, with convolution kernel
compensation (CKC) [46] and independent component analysis (ICA) [47] as the most representative
methods. The CKC-based method extends the observed signals in the spatiotemporal domain to identify
strongly correlated waveform sequences, which are then identified as motor unit action potential trains
(MUAPT:S). In contrast, the ICA-based method seeks independent sources that maximize non-Gaussianity
from the observed signals, which are then interpreted as MUAPTS, primarily through mutual information
minimization or negentropy maximization. In recent years, researchers have further explored the
application of SEMG decomposition in decoding movement intention. MU discharge information has
gradually evolved from a neurophysiological analysis metric into an important feature for movement
decoding. By establishing the mapping between MU discharge patterns and motor outputs, it has been
successfully applied to various movement decoding tasks, including gesture recognition, continuous joint
angle estimation, and grasp force prediction [48,49], as illustrated in Figure 2. Recent studies have further
focused on improving the accuracy, long-term stability, and real-time performance of MU-driven decoders.
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Advances in MU decomposition algorithms, decoder training strategies, and deep learning-based
frameworks have substantially improved decoding performance in complex movement scenarios,
facilitating the translation of MU-driven neural interfaces toward practical HMI [5,50,51]. Nevertheless,
the practical deployment of MU-driven decoding remains constrained by its reliance on HD-sEMG
acquisition, robust MU decomposition under dynamic conditions, and the computational cost associated
with real-time implementation.
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To facilitate comparison, the major characteristics of representative neuromotor interface approaches
are summarized in Table 1.

Table 1. Comparison of representative neuromotor interfaces.
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3. Sensory Feedback Interface

Sensory feedback interface aims to convert information acquired by prosthetic sensing systems into
stimulation signals that can be perceived by the human nervous system through specific encoding strategies
and stimulation modalities, as shown in Figure 3, thereby reconstructing the afferent pathway between the
prosthesis and the user. Effective sensory feedback can reduce the user’s reliance on vision and improve grasp
success, object recognition, and fine manipulation, while also enhancing prosthesis ownership and acceptance.
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Figure 3. Sensory feedback modalities for upper-limb prostheses.

3.1. Sensory Feedback Modalities
3.1.1. Electrical Stimulation

Electrical stimulation feedback can be classified as either invasive or non-invasive. Invasive electrical
stimulation connects the prosthetic sensing system with the nervous system through implanted electrodes,
encoding information such as contact force, position, or texture into neural signals that the CNS can
perceive. According to the stimulation target, invasive electrical stimulation can be further divided into
peripheral nervous system (PNS) stimulation and CNS stimulation.

PNS stimulation typically involves implanting electrodes into or around peripheral nerves. By
modulating stimulation amplitude, pulse width, frequency, and stimulation site, these interfaces can evoke
somatotopically localized sensations perceived as originating from the phantom fingers or palm. Recent
advances have further shifted implanted interfaces toward fully implantable, wirelessly connected,
bidirectional systems. A first-in-human implementation of a high-channel-count implanted system was
reported, in which intramuscular myoelectric recording and peripheral nerve stimulation were
simultaneously supported, enabling three-degree-of-freedom prosthetic control and somatosensory
feedback through wireless communication [52]. CNS stimulation targets the spinal cord or the
somatosensory cortex and can evoke tactile or proprioceptive sensations perceived as arising from the distal
region of the missing upper limb. Invasive electrical stimulation offers potential advantages such as high
spatial selectivity, relatively intuitive percepts, and reduced learning burden. However, its clinical
translation remains limited by surgical trauma, infection risk, and high cost.

Non-invasive electrical stimulation delivers electrical current to the body via surface electrodes; among
these, transcutaneous electrical nerve stimulation (TENS) is the most widely used. TENS [53] can induce
sensations not only at the local skin region beneath the electrodes, but also in the phantom hand by
stimulating subcutaneous nerves or the projected finger map (PFM) of the residual limb, thereby eliciting
somatotopically localized sensations referred to the missing hand. D’Anna et al. integrated TENS into a
bidirectional prosthetic hand system and evoked phantom sensations associated with the median and ulnar
nerve territories, thereby enabling somatotopic feedback coupled with prosthetic sensors [54]. Hao et al.
further demonstrated that stimulation of the projected finger map in the residual limb can activate the
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corresponding finger representation in the primary somatosensory cortex, suggesting that this approach
may transmit finger-specific information through a relatively natural afferent pathway. Beyond the
restoration of cutaneous tactile sensations, transcutaneous electrostimulation has recently been explored for
proprioceptive feedback. In a pilot study, stimulation of the residual finger flexor muscles was used to
evoke an illusion of finger extension, demonstrating preliminary feasibility for object-size discrimination
with a myoelectric prosthesis [55].

In addition, transcutaneous spinal cord stimulation (tSCS) has been proposed as an emerging non-
invasive approach for sensory feedback [56]. By applying surface stimulation over the cervical spinal cord,
tSCS can evoke touch, vibration, or movement sensations perceived as originating from the missing hand.
This method may be particularly suitable for individuals with high-level amputation or impaired peripheral
nerves, although its spatial selectivity and parameter stability still require further improvement.

3.1.2. Vibrotactile Stimulation

Vibrotactile feedback is delivered by placing vibration actuators on the user’s skin surface. By
modulating parameters such as vibration frequency, amplitude, and duration, this approach can encode
tactile information related to prosthetic hand contact state, grip force, and slippage. It is one of the most
widely studied and relatively mature forms of mechanical feedback. Previous studies have shown that
vibrotactile feedback can improve grasping success and prosthetic motion control accuracy, while also
helping to reduce excessive grip force [57]. Its main advantages include fast response, lightweight structure,
low cost, and ease of integration. However, the sensations it elicits are generally less natural and are more
suitable for signaling discrete events, such as contact, slippage, or excessive force. Its ability to convey
continuous force information and high-spatial-resolution tactile cues remains limited. In addition,
prolonged or high-frequency stimulation may induce sensory adaptation, and stimulation thresholds are
strongly affected by inter-individual variability and skin location. Therefore, vibrotactile feedback is
gradually evolving from single-channel cueing toward multichannel encoding, spatiotemporal pattern
encoding, and multimodal combined encoding.

Wei et al. proposed a feedback armband that conveys proprioceptive information through
spatiotemporal vibrotactile patterns and provides tactile and proximity feedback using either combined
electrotactile stimulation or vibrotactile-only stimulation [58]. Wu et al. also demonstrated that hybrid
vibro-electrotactile feedback improved task success rates and reduced errors under different visual
conditions [59]. In addition, vibration of tendons or muscles can induce proprioceptive illusions. Marasco
et al. used vibration of residual muscles after targeted muscle reinnervation (TMR) to induce movement
illusions, thereby improving prosthetic hand control accuracy and the subjective sense of agency in
amputees [12]. Vibrotactile stimulation can also evoke illusory limb movements in individuals with
congenital or acquired upper-limb differences [60]. Therefore, vibrotactile feedback can be used not only
for sensory substitution but also as a strategy for proprioceptive restoration. However, its long-term stability,
individual adaptability, and training effects require further validation.

3.1.3. Pressure Stimulation

Pressure feedback delivers normal forces to the skin through actuators, producing sensations that are
relatively intuitive and natural. Studies have shown that pressure feedback, as a modality-matched strategy,
outperforms vibrotactile feedback in multi-point discrimination tasks [61]. To improve wearability,
pressure feedback devices have gradually evolved from rigid stimulation units toward pneumatic and
socket-integrated designs. Huaroto et al. developed a soft pneumatic actuator as a haptic unit that can be
incorporated into a silicone liner [62], and Barontini et al. further integrated soft pneumatic pressure
feedback into a prosthetic socket for grip-force modulation [63]. Multichannel pneumatic armbands can
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also support complex grasping tasks when visual feedback is occluded [64]. Overall, pressure feedback
provides intuitive, natural, and fatigue-resistant sensations; however, further optimization is still required
in terms of miniaturization, power consumption, and response speed.

3.1.4. Other Stimulation Modalities

Other feedback modalities generally convey a narrower range of information and are therefore still
insufficient to independently support closed-loop prosthetic control. However, they can serve as
homologous feedback modalities to enrich sensory experience and improve perceptual naturalness. For
example, skin-stretch feedback generates tangential displacement on the skin, making it suitable for
encoding finger aperture or movement direction [65]. Thermal feedback [10,11] typically uses Peltier
elements or thermal haptic displays to convey information about object temperature, thereby improving
material discrimination and enhancing sensory naturalness. Nevertheless, its application is limited by
response speed, power consumption, and thermal safety. Wetness feedback is commonly based on the
mechanism by which cold—dry stimulation elicits an illusion of wetness. Studies have shown that amputees
can discriminate among different moisture levels using thermal feedback devices [66].

3.2. Sensory Feedback Strategies
3.2.1. Sensory Substitution

Sensory substitution refers to the delivery of information acquired by prosthetic sensors to the human
body through an alternative stimulation modality, thereby indirectly compensating for the missing sensory
input. For example, contact force at the prosthetic fingertip can be encoded as vibrotactile stimulation
delivered to the skin. When users no longer interpret the stimulus as an abstract cue but instead integrate it
as part of prosthetic tactile or proprioceptive perception, effective sensory substitution can be considered
to have been achieved [13].

Common approaches include vibrotactile feedback, TENS, and auditory feedback. Owing to its flexible
implementation and relatively simple hardware integration, sensory substitution has become one of the
most widely investigated strategies in prosthetic sensory feedback. However, this strategy usually requires
users to learn the mapping between stimulation parameters and sensory information, such as associating
vibration frequency with changes in joint angle, which inevitably increases cognitive burden.

3.2.2. Modality-Matched Feedback

Modality-matched feedback emphasizes the consistency between the perceived quality of feedback and
the physical information detected by the prosthesis; that is, it aims to convey sensory variables through
feedback channels that evoke percepts of the same or similar modality. Compared with sensory substitution,
its main advantage lies in the greater intuitiveness of stimulation, which can reduce the need to learn
artificial encoding rules and lower cognitive burden. Typical examples include using mechanical pressure
or skin deformation to convey contact force and slip, thermal stimulation to convey object temperature,
tendon vibration to evoke kinesthetic illusions, and skin stretch to convey proprioceptive cues.

In recent years, research has shifted from simple intensity encoding toward more natural reconstruction
of sensory quality. For instance, peripheral nerve stimulation and TENS can evoke tactile sensations in the
phantom limb; thermal feedback can enable amputees to perceive the temperature of objects touched by the
prosthetic hand; and soft pneumatic or flexible haptic interfaces can improve the wearability of feedback
devices while preserving pressure-based modality matching.
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3.2.3. Somatotopic Matching

Amputation leads to the loss of sensory organs required for interaction with the environment. However,
the sensory nerves in the residual limb and the CNS can still be accessed or engaged. Somatotopic matching
aims to make sensory information from the prosthesis perceived as originating from the corresponding
region of the missing limb, rather than from the actual stimulation site. This strategy is mainly achieved
through neural mapping, targeted reinnervation, and direct neural stimulation.

Neural mapping typically exploits phantom hand maps on the residual-limb skin. By using mechanical
stimulation or TENS to activate preserved afferent pathways, stimulation applied to specific skin regions
can be perceived as originating from the phantom fingers or phantom palm. This approach can provide
relatively natural feedback without electrode implantation. However, the completeness and stability of
phantom limb maps vary markedly across individuals. Some amputees retain only partial maps, whereas
others lack identifiable phantom finger areas [16,53,67].

Targeted reinnervation can establish biological interfaces for prosthetic control and sensory feedback
by redirecting residual nerves to preserved muscles or skin regions. For example, vibration applied to
reinnervated muscles after TMR can elicit phantom limb movement sensations associated with prosthetic
hand motion, thereby improving prosthetic control [68,69].

Direct neural stimulation can be classified into PNS stimulation and CNS stimulation according to the
stimulation target. The former stimulates residual-limb nerves through implanted electrodes to evoke tactile
or proprioceptive sensations in the phantom fingers. D’Anna et al. implanted transverse intrafascicular
multichannel electrodes into the ulnar and median nerves, enabling simultaneous delivery of tactile
feedback and finger position information [70]. The latter reconstructs hand sensory representations by
stimulating the somatosensory cortex [71], which may be suitable for individuals with severely impaired
peripheral pathways. However, this approach is still limited by surgical invasiveness, long-term stability,
and challenges in clinical translation.

4. Future Directions

The neural interaction system of intelligent upper-limb prostheses aims to decode motor intention,
reconstruct sensory input, and achieve bidirectional closed-loop control. Therefore, future research should
focus on three key levels: motor neural decoding, sensory neural feedback, and sensorimotor integration.

In terms of motor neural interfaces, the primary goal is to make prosthetic control more closely
resemble the dynamic regulation process of the human upper limb.

First, continuous decoding. Traditional discrete commands are incapable of meeting the interaction
demands of multi-degree-of-freedom systems for simultaneous proportional control (SPC). Neural
interfaces that can continuously estimate kinematics have been a key research direction in the field of HMI.
However, despite the achievements in decoding joint angles, movement velocities, and grip forces from
signals such as sSEMG and EEG, significant bottlenecks persist in real-time performance, accuracy, and
cross-subject generalization. SPC directly determines the mechanical compliance and naturalness of
prosthetic systems. In the future, it is necessary to promote this technology from laboratory to practice,
enabling smoother and more natural HMI.

Second, interpretable neural decoding. Deep learning methods have significantly improved the
performance of neural signal decoding. However, their decision-making processes lack physiological
interpretability, limiting their applicability in scenarios requiring high interpretability, such as clinical
diagnosis and neurorehabilitation. To address this limitation, research efforts are gradually shifting from end-
to-end models toward interpretable neural decoding frameworks. On the one hand, explainable artificial
intelligence (XAI) has been explored in neural decoding to reveal the intrinsic relationships between neural
features and decoding outputs [72,73]. On the other hand, models incorporating physiological priors have
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been developed, such as SEMG decomposition techniques and musculoskeletal models [74,75]. These
approaches collectively promote the alignment between internal model representations and known
physiological mechanisms, thereby improving both physiological interpretability and generalization
capability, and are emerging as a key direction for next-generation neural interfaces.

Third, multimodal fusion. Decoding models based on a single neural signal modality still face
challenges in robustness under complex and dynamic environments. Integrating multimodal information
has become an important direction for overcoming performance bottlenecks. Integrating heterogeneous
sensor modalities, such as an inertial measurement unit (IMU), mechanomyography (MMGQG), force
myography (FMG), sonomyography (SMG), and near infrared spectroscopy (NIRS), enables
complementary measurement and joint modeling of movement intentions [76]. For upper-limb amputees,
the integration of EEG and sSEMG represents a novel and clinically valuable neural interface paradigm [77].
Accordingly, multimodal information fusion is poised to enhance system robustness, thereby facilitating
more natural and reliable HMI.

In parallel with motor neural decoding, the core objective of sensory neural feedback is to restore the
afferent information pathway between the prosthesis and the human body. At present, the reconstruction of
sensory neural feedback still faces several major challenges.

First, the development of multimodal feedback should address both multimodal physical information
and multimodal feedback modalities. As shown in Figure 4, the former requires prosthetic sensing systems
to extend beyond single fingertip force detection toward the acquisition of multisource information,
including contact force, temperature, slippage, joint position, and kinematic state, in order to meet the
sensory demands of different manipulation scenarios. The latter emphasizes the selection of modality-
matched stimulation methods according to the attributes of the feedback variables. Mechanical stimulation,
electrical stimulation, thermal stimulation, and their hybrid forms, as well as invasive and non-invasive
approaches, should be used in a complementary manner to improve the discriminability and transmission
efficiency of multiple sensory signals. Notably, multichannel TENS can enable higher-dimensional
information encoding through electrode arrays. Static feedback can convey contact location and grip force
magnitude by modulating stimulation site, amplitude, or pulse width, whereas dynamic feedback can
encode prosthetic hand movement direction, movement speed, and changes in joint state through
spatiotemporal activation sequences across electrodes. If the electrodes are further positioned over the
phantom finger map of the residual limb, somatotopically matched feedback may be achieved.

Multichannel Feedback
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A b Static | @ @
WL © =% feedback ¥ / - 0
QU o f Temperature Wetness
Dynamic \ . ® " “'

feedback .
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Figure 4. Multimodal sensory feedback.

Second, feedback strategies should be optimized to improve sensory naturalness. Most current closed-
loop prosthetic systems still use linear mapping, in which sensor outputs are directly converted into
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stimulation intensity or frequency. Although this method is straightforward to implement, the evoked
sensations are often insufficiently natural. Biomimetic encoding strategies proposed in recent years transmit
tactile, pressure, and position information from prostheses by mimicking the neural coding mechanisms of
the human sensory system. Such biomimetic encoding strategies, which simulate neural firing patterns, can
improve sensory naturalness, tactile sensitivity, and dexterous hand manipulation ability [78—81]. On this
basis, machine-learning-assisted adaptive encoding may become an important direction for next-generation
sensory feedback. Its core concept is to use machine learning or adaptive control methods to dynamically
optimize stimulation channels and parameter combinations according to individual perceptual thresholds,
comfort levels, task performance, and electrode—skin interface conditions, thereby compensating for
electrode displacement, skin impedance fluctuations, sensory adaptation, and other factors.

Third, standardized and objective evaluation metrics for sensory feedback should be established to
enable reliable comparisons across studies and feedback modalities. Existing studies commonly use
psychophysical experiments to evaluate the sensitivity and discriminability of evoked sensations. Although
these methods can directly reflect subjective experience, they are susceptible to inter-individual variability,
attentional state, and prior learning experience [82—84]. Moreover, quantitative comparison is difficult not
only across different feedback modalities but also among studies using the same modality, because
participant characteristics, stimulation sites, hardware configurations, encoding parameters, calibration
procedures, experimental tasks, visual conditions, and outcome measures vary substantially. Even cross-
modal congruency tasks cannot fully eliminate the influence of subjective reports and generally require
validation in sufficiently large samples [85]. Future studies should therefore establish standardized
experimental protocols, common functional tasks, and unified outcome measures, while combining
subjective assessments with objective neural metrics. Neuroimaging and neurophysiological techniques,
including functional magnetic resonance imaging, electroencephalography [86,87], and functional near-
infrared spectroscopy, may help quantify stimulation-induced activity in afferent pathways and the
somatosensory cortex. Such multimodal evaluation could support more reliable characterization of
feedback localization, modality congruence, and spatiotemporal stability, and ultimately enable rigorous
cross-study comparison and meta-analysis.

Once motor intention can be stably decoded and sensory information can be effectively fed back, the
development of intelligent prostheses will further move toward the integration of motor control and sensory
feedback. Future intelligent prostheses should no longer treat motor control and sensory feedback as two
independent functional modules but instead establish truly closed-loop, bidirectional neural interaction
systems. Several key issues need to be addressed.

First, the real-time performance and stability of the closed-loop pathway must be improved. Delays
introduced by sensing, encoding, stimulation, and control computation should be minimized to prevent
feedback latency from disrupting sensorimotor congruence, thereby ensuring natural control during
continuous grasping, force modulation, and multi-degree-of-freedom manipulation.

Second, the compatibility between electrical stimulation feedback and neural signal acquisition
remains a critical challenge. Because TENS and electromyographic electrodes share the same body-surface
conductive environment, stimulation may degrade EMG signal quality or even cause signal saturation.
Potential interference suppression strategies include optimizing electrode placement and structural design,
as well as incorporating isolation circuits, to reduce crosstalk at the hardware level. In terms of stimulation
waveform design, charge-balanced biphasic electrical stimulation can be used to minimize net charge
accumulation and reduce polarization-related artifacts. At the algorithmic level, adaptive filtering, real-time
artifact template updating based on prior stimulation information, and dynamic compensation methods can
be combined to improve the usability of EMG signals during stimulation.

Third, long-term validation should be oriented toward functional performance. In addition to evaluating
clinically relevant outcomes, such as cognitive burden, phantom limb pain, embodiment, and comfort,
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future studies should assess the long-term stability and reliability of the system during prolonged daily use.
User training strategies should also be optimized to reduce calibration requirements and training burden
while improving adaptation to bidirectional control. Furthermore, long-term evaluations should incorporate
activities of daily living to systematically assess system usability, functional recovery, and clinical utility,
thereby facilitating the translation of bidirectional neural prostheses into routine clinical practice.

5. Conclusions

Bidirectional sensorimotor neural interaction plays a decisive role in the performance of intelligent
upper-limb prostheses. Neural motor control reconstructs the efferent pathway by decoding motor
intentions through BCI and myoelectric interface, whereas sensory neural feedback restores the afferent
pathway through electrical stimulation, mechanical stimulation, thermal feedback, and multimodal
feedback. Existing studies have demonstrated that bidirectional interaction can improve control accuracy,
reduce visual dependence, and enhance embodiment. However, current systems remain far from achieving
natural, long-term, stable neural interaction. Future research should focus on continuous real-time control,
multimodal integration, sensory naturalness, and real-time bidirectional integration, thereby promoting the
development of upper-limb prostheses from functional restoration toward natural neural interaction systems.
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