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A B S T R A C T

Brain-machine interfaces (BMIs) have proven valuable in motor control and rehabilitation. Motor imagery (MI) is 
a key tool for developing BMIs, particularly for individuals with impaired limb function. Motor planning and 
internal programming are hypothesized to be similar during motor execution (ME) and motor imagination. The 
anatomical and functional similarity between motor execution and motor imagery suggests that synergy-based 
movement generation can be achieved by extracting neural correlates of synergies or movement primitives 
from motor imagery. This study explored the feasibility of synergy-based hand movement generation using 
electroencephalogram (EEG) from imagined hand movements. Ten subjects participated in an experiment to 
imagine and execute hand movement tasks while their hand kinematics and neural activity were recorded. Hand 
kinematic synergies derived from executed movements were correlated with EEG spectral features to create a 
neural decoding model. This model was used to decode the weights of kinematic synergies from motor imagery 
EEG. These decoded weights were then combined with kinematic synergies to generate hand movements. As a 
result, the decoding model successfully predicted hand joint angular velocity patterns associated with grasping 
different objects. This adaptability demonstrates the model’s ability to capture the motor control characteristics 
of ME and MI, advancing our understanding of MI-based neural decoding. The results hold promise for potential 
applications in noninvasive synergy-based neuromotor control and rehabilitation for populations with upper 
limb motor disabilities.

1. Introduction

Brain-machine interfaces (BMIs) show promising potential for 
enhancing the quality of life for those with upper limb paralysis. Recent 
years have witnessed significant progress in BMI technology, pushing 
the boundaries of motor control and rehabilitation. Research has shown 
the effectiveness of BMIs in restoring motor function to individuals with 
disabilities [1]. Furthermore, BMIs have proven valuable not only in 
motor control [2] but also in creating new avenues for recovering lost 
motor abilities and improving the overall quality of life for affected in
dividuals [3]. Motor execution (ME) and motor imagery (MI) are two of 
the main paradigms that have emerged within the field of BMIs utilizing 
different neural processes. BMIs based on motor execution utilize neural 
signals produced during actual physical movements, decoding the 
brain’s electrical activity when a person initiates and executes motor 
actions. In contrast, BMIs that rely on motor imagery detect and inter
pret brain signals associated with imagined movement patterns. This 
approach is particularly advantageous for individuals with motor 

impairments or disabilities, as it provides a means to regain mobility 
without requiring the physical execution of movements.

Over the past few decades, researchers have focused on developing 
MI-based BMIs for upper limb decoding. Substantial progress in the field 
of hand movement decoding of activities of daily living (ADL) has been 
achieved, especially in decoding motor imagery using non-invasive 
scalp EEG signals [4]. Many MI-based BMIs convert user intent into 
specific actions by recognizing event-related desynchronization (ERD) 
and event-related synchronization (ERS) from MI EEG. Agashe et al. 
decoded reach-to-grasp movements utilizing low-frequency EEG [5] and 
successfully implemented robotic hand control in individuals with 
amputation [6]. Research has shown that mu and beta frequency bands 
in EEG most effectively represent motor imagery [7], while EEG features 
extracted from spatial, spectral, and temporal domains have proven 
effective in distinguishing hand/wrist movements [8]. Significant clas
sification accuracy was obtained by combining multi-dimensional fea
tures with a back propagation neural network, achieving 69 % accuracy 
for right-hand motor imagery tasks and 73 % for left-hand imagery tasks 
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[9]. The feature fusion network effectively mapped high-dimensional 
temporal-spectral features to a consolidated feature network, facili
tating the discrimination and classification of right/left hand, feet, and 
tongue movements [10]. A novel multi-scale hybrid convolutional 
neural network was proposed for the decoding of cross-subject right/left 
hand imagery, yielding commendable performance [11].

However, the BMIs based on multiclass intention detection rely on 
the imagination of basic motor tasks. Except for the decoding of the left 
and right hands, feet, and tongue—where activation occurs in distinct 
areas of the motor cortex—detecting specific hand/finger movements 
using sensor-level EEG signals is challenging. This difficulty arises 
because precise hand movements, which involve different finger coor
dination, do not activate sufficiently distant regions to be effectively 
separated by the recording electrodes. [12]. Thus, the decoding of 
multidimensional hand movements from MI-based EEG is extremely 
challenging. Additionally, movement classification restricts the natural 
control of flexible and dexterous hand movements, preventing users 
from interacting with the environment based on dynamic and sponta
neous intentions. Consequently, researchers have initiated efforts to 
decode the movement trajectories to achieve a more flexible and 
adaptable hand grasp by reconstructing the movement trajectories of 
upper limb movement from EEG signals [7,13]. Previous studies have 
shown the feasibility of predicting movement positions and velocities in 
the temporal domain [14,15]. Time-series neural activity can be linearly 
correlated to the speed of hand movements for both ME and MI [7,16,
17] and can facilitate the prediction of upper limb movement trajec
tories [18–20]. However, it is challenging to map the correlations be
tween time-series EEG with high-dimensional finger movements.

The larger number of degrees of freedom (DoFs) of the hand offers 
tremendous movement flexibility but also presents significant chal
lenges for motor control. Challenge arises about how the central nervous 
system (CNS) effortlessly coordinates and modulates these DoFs and 
whether they are controlled independently or conjointly. To address this 
challenge of high dimensionality Nikolai Bernstein [21] proposed an 
idea of synergistic control which provides a theory of motor control that 
happens in a low-dimensional space of synergies. Synergies are 
described as a collection of multiple relatively independent motor units 
(DoFs) that are treated as a single functional element, which provides a 
spatiotemporal structure in movement coordination across both time as 
well as space of multiple DoFs [22]. With different combinations of a 
small set of synergies, several diverse hand movements can be recon
structed [23]. Studies in human sensorimotor control support the idea 
that the CNS simplifies the control of high DoFs and thereby reduces the 
complexity of motor control by using synergies [24–26]. Researchers 
have studied synergy-based BMIs to simplify modeling the complex re
lationships between high-dimensional brain activity and dexterous hand 
movements.

A synergy-based hand movement model [27] has been demon
strated, where hand kinematics (joint angular velocities) are repre
sented as a weighted combination of kinematic synergies, containing 
both spatial and temporal characteristics of hand movements. The 
experimental evidence from human studies suggests that the hand grasp 
synergies can be decoded from invasive and non-invasive neural re
cordings [5,28,29]. These synergies have been demonstrated to offer 
insightful information for enhancing motor control and facilitating 
rehabilitation [30]. Synergy-based movement control leverages the 
natural coordination patterns of kinematics, facilitating more intuitive 
and coordinated movement restoration. For instance, a synergy-based 
movement model can help optimize BMI applications by reducing the 
dimensionality of control signals, making them easier to decode and 
execute. This could lead to more natural and efficient motor recovery 
compared to MI or ME-based approaches that rely on direct motor 
control without leveraging inherent kinematic coordination patterns. 
Previous studies also correlated the weights of hand kinematic synergies 
to neural spectral features captured during motor execution [31,32], 
offering a promising avenue for low-dimensional control using 

noninvasive EEG. Despite the fact that many neural control paradigms 
rely on motor imagery rather than motor execution, this is particularly 
advantageous for paralyzed individuals who cannot physically move. 
BMIs that are based on MI present a promising solution for these 
individuals.

It appears that ME and MI share brain control mechanisms, as evi
denced by the temporal and spatial congruence between imagined and 
performed movements. It implies that both imagery and execution are 
produced by similar mechanisms, as both involve phases of planning and 
preparation prior to motor generation [33]. Thus, the motor plannin
g/intention phase is also included in imagined movements. Unconscious 
motor preparation prior to execution and conscious motor imagery are 
thought to have similar mechanisms [34]. Besides the primary motor 
cortex [35], large overlapping brain regions and consistent activation in 
the cerebral cortex, including the premotor cortex, supplementary 
motor areas, prefrontal cortex, and inferior parietal cortex, are shared by 
both motor imagery and motor execution motor imagery and motor 
execution [36,37].

The functional equivalence between MI and ME provides a promising 
opportunity for synergy-based control based solely on MI without ME. In 
addition to the significant anatomical overlap between ME and MI [38], 
their spatiotemporal characteristics also suggest the similarity of func
tional correspondence between ME and MI [34,36,37]. Previous 
research has successfully decoded hand movements from EEG signals 
during motor execution using linear models [31,32,39,40]. This study 
seeks to investigate whether similar correlations exist between neural 
signals during motor imagery and hand kinematics, enabling the map
ping and decoding of imagined hand movements. Furthermore, this 
study aimed to validate whether synergies derived from executed hand 
movements could be applied to generate imagined hand movements 
from MI EEG, ultimately enabling the development of assistive devices 
controlled by neural activity for individuals with impaired hand 
function.

2. Methodology

2.1. Experimental protocol

In this experiment, ten healthy, right-handed subjects (two females, 
average age 25.2 years, range 18–30 years) participated in this study. 
The participants were instructed to perform six hand grasp movements 
by reaching and grasping six objects selected from the activity of daily 
living (ADL). The selected objects (Fig. 1) are representative of six 
typical grasp types including cylindrical grasp (water bottle), hook grasp 
(door handle), lateral grasp (credit card), pinch grasp (screw), tripod 
grasp (screwdriver) and spherical grasp (ball). Prior to the experiment, 
the subject sat comfortably at a table with their dominant hand resting 
flat, palm down, on a designated starting point. The object was placed on 
the Table 30 cm away from the subject. The experiment includes two 
sessions, motor execution (ME) and motor imagery (MI). The process is 
shown in Fig. 2. In the ME session (Fig. 2(A)), the subject needs to 
perform a reach-grasp-hold hand movement under the instructions of 
the auditory cues. In the MI session (Fig. 2(B)), the subject was asked to 
imagine grasping the objects without any overt movements. In each 
session, a two-second period was given for movement preparation and 
another two seconds for execution/imagination. Subjects were instruc
ted by the auditory cues to execute or imagine the grasping of objects. 
The objects were given in a random order and 30 repetitions were 
collected for each object. Between each session, 20 mins of break was 
provided.

2.2. Data collection

Data was collected under an approved protocol by the Internal Re
view Board (IRB, code 408) of the University of Maryland Baltimore 
County. During the experiment, hand joint angles were measured and 
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recorded with a CyberGlove (CyberGlove, CyberGloveSystems, San 
Jose, CA) at a 125 Hz sampling rate. Joint angles were recorded from 10 
joint sensors of the CyberGlove corresponding to metacarpophalangeal 

(MCP) and interphalangeal (IP) joints of the thumb, and MCP and 
proximal interphalangeal (PIP) joints of four fingers respectively. EEG 
signals were captured with a high-density EEG cap. A total of 45 

Fig. 1. Six object-grasp types: (A) cylindrical grasp (water bottle), (B) hook grasp (door handle), (C) lateral grasp (credit card), (D) pinch grasp (screw), (E) tripod 
grasp (screwdriver), (F) spherical grasp (ball).

Fig. 2. Experimental protocol. (A) During motor execution, the subjects were asked to perform reach-grasp-hold hand movements guided by auditory cues. (B) 
During the motor imagery session, subjects were asked to imagine grasping the objects without any overt movements.
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electrodes were selected and located on the motor-related areas span
ning over the frontal (F), temporal (T), central (C) and parietal (P) areas. 
These electrode locations are Fz, F1, F2, F3, F4, F5, F6, F7, F8, FCz, FC1, 
FC2, FC3, FC4, FC5, FC6, FT7, FT8, Cz, C1, C2, C3, C4, C5, C6, T7, T8, 
CPz, CP1, CP2, CP3, CP4, CP5, CP6, TP7, TP8, Pz, P1, P2, P3, P4, P5, P6, 
P7, P8. The reference electrode was on the right or left ear lobe. 
Impedance was kept below 5 kOhms and checked throughout the 
experiment. Data were continuously captured by g.tec amplifier (g. 
HIamp, g.tec medical engineering GmbH, Graz Austria)) at a 600 Hz 
sampling rate. The 60 Hz power line frequency was digital notched. To 
ensure there was no motor-related activity in the upper limb, their 
forearm electromyography (EMG) was recorded by an 8-channel Delsys 
Trigno wireless EMG system (Delsys, MA United States) during the 
motor imagination. A custom-built Simulink (2020a, MathWorks, Inc. 
USA) model synchronized EEG system, CyberGlove and EMG system, 
and also provided auditory cues for action guidance. During the EEG 
signal recording, the subjects were instructed to minimize their eye- 
blinking and avoid swallowing/chewing during the 2-second data 
collection. Any artifacts detected by the instructor during the experi
ment led to immediate rejection and re-recording of those repetitions. A 
total of 32 repetitions were recorded for each type of movement in both 
ME and MI sessions. Recordings with hand movements extending 
beyond the 2-second period from the ME session and those with 
noticeable EMG signals during the MI session were eliminated. A 
maximum of two repetitions were discarded from each movement type. 
To maintain consistency, 30 repetitions were retained for each move
ment type across all subjects.

2.3. Derivation of kinematic synergies

The hand kinematics, or the joint angular velocities, recorded from 
the ME session were used to derive the hand kinematic synergies. The 
hand kinematics from ten joints were calculated from the differential of 
the recorded joint angles and the kinematic synergies were derived ac
cording to the synergy-based hand movement model [34]. As illustrated 
below: 

v(t) =
∑n

j=1
wjSj(t) (1) 

The angular velocities v(t) is expressed as a linear combination of 
synergies S(t) and corresponding synergy weights w. To extract the 
synergies and the weights of the synergies, the hand kinematics were 
decomposed using value decomposition (SVD), 

V = UΣS = WS (2) 

V is the matrix of concatenated angular velocities of 10 joint angular 
velocities from all types of movements with dimensions m × n. S con
tains the eigenvectors, or principal components (PCs), which are 
considered as synergies. C is a matrix that contains weights assigned to 
synergy S. 

∑
is a diagonal matrix (with diagonal values of λ1, λ2, … λn) 

and Σ2 represents the eigenvalues, which express the scale of the ei
genvectors. Thus, the reconstructed angular velocities are represented 
as: 

Ṽ = Uk{λ1, λ2, …, λk}Sk = WSk (3) 

W is the weight matrix that consists of the coefficients of synergies. 
The top six synergies were selected based on the variance at a 95 % 
threshold. 

λ1
2 + λ2

2 + … + λj
2

λ1
2 + λ2

2 + … + λn
2 ≥ 95% (4) 

2.4. Neural representations of synergies

The raw EEG signals were first corrected by removing the global 

noises from each electrode using common average reference (CAR). 
Later, the signals were filtered to the 3–58 Hz range using a third-order 
Butterworth filter, effectively removing low-frequency artifacts (such as 
eye blinks and eye movements) as well as the 60 Hz power line inter
ference. Then, the mean of the resting EEG signals—recorded at the 
beginning of the experiment as a baseline—was subtracted from the EEG 
signals. Prior EEG studies indicated that there is a significant modulation 
in sensorimotor rhythm (10–30 Hz) spectral power during both ME and 
MI of hand grasping [41], and individual finger movements can be 
decoded from mu (8–15 Hz) and beta (16–30 Hz) spectral features. Prior 
research successfully decoded synergy-based hand movements from 1 to 
45 Hz spectral powers [31,32]. Another study focused on MI-based 
movement prediction has demonstrated that a combination of mu, 
beta, and gamma rhythms yields optimal results [42]. Thus, in this 
study, the neural decoding procedure was investigated by using multiple 
EEG rhythms inspired by prior research. A 4th order Butterworth filter 
was applied to filter the EEG signals into four frequency ranges, 
including 8–13 Hz (mu waves), 13–30 Hz (beta waves), 8–30 Hz 
(mu+beta), and 8–58 Hz (mu+beta+low gamma), which contain wide 
frequency components related to motor imagery.

The temporal-spectral features were extracted in this study to cap
ture the dynamics of spectral changes of the EEG [13,42]. Each repeti
tion a two-second period, and for each electrode, the EEG signals were 
segmented to half a second, forming a half-second sliding window with a 
75 % overlap. The spectral power was then estimated from each segment 
window by calculating the band powers. The same procedure was 
repeated to all 45 EEG electrodes and all movements. The principal 
components were then extracted from all electrodes and all repetitions 
for each task using principal component analysis (PCA). Seven compo
nents explained 90 % of the variance were considered as neural features 
and the corresponding coefficients were considered as neural co
efficients that were used to correlate with the weights of kinematic 
synergies. The flowchart of EEG analysis is illustrated in Fig. 3.

2.5. Neural decoding

Many studies suggested that rather than controlling each DoF inde
pendently, the CNS may employ synergies to reduce the complexity of 
motor control [24,25]. These studies indicate that synergies may be 
encoded in the CNS and can be used as an optimal control mechanism by 
the CNS in simplifying and achieving complex movements [26,43–46]. 
In this study, we hypothesize that since the synergies are the common 
patterns shared across a diversity of hand grasp movements, the brain 
may modulate the combinations of the synergies to regulate and 
generate the movements rather than forming synergies. Previous studies 
[14,40,47] revealed that each joint movement is independently regar
ded as a linear combination of neural activities in the time domain. 
Studies from [31,48] have successfully correlated neural activity with 
the weights of the synergies in ME movements.

After the neural coefficients were extracted from ME EEG signals, a 
linear multivariate regression model was applied to correlate the neural 
coefficients with corresponding hand kinematics weights. 

w = cβ (5) 

w contains the synergy weights, determined by kinematic synergy-based 
reconstruction. c is the neural coefficient matrix of a single task and β 
contains estimated model parameters. β was determined using the 
mvregress function in MATLAB 2022a. This function uses a maximum 
likelihood estimation to estimate, here, the diagonal elements of the 
variance-covariance matrix.

To evaluate the model’s effectiveness and generalizability, it was 
validated both within and across all subjects.

2.5.1. Decoding within each subject
For each subject, among the ME movements, two-thirds of the 
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repetitions in each task were selected to train a linear model for neural 
decoding, and the rest of one-third of the repetitions were used to test 
synergy-based reconstruction of hand kinematics. The performance was 
estimated using Pearson correlation coefficients between the recorded 
kinematics and decoded kinematics. To avoid bias from certain groups 
of training data, this model was evaluated with 10-fold cross-validation 
with shuffled repetitions in the training set and testing set in each fold.

As for the MI movement decoding, the neural coefficients were 
extracted using the same method as that used in ME EEG, and then 
neural coefficients were projected through the linear model developed 
by the ME movements to obtain the decoded synergy weights. After the 
synergy weights were decoded, the hand movements were generated by 
combining the MI synergy weights with ME kinematic synergies. The 
decoding paradigm is shown in Fig. 4. The collected neural and hand 
kinematics data were divided into training and testing sets for motor 
execution (ME) and motor imagery (MI), respectively. The ME training 
set was used to derive synergies and establish a linear correlation matrix 
between synergy weights and neural coefficients. In the MI testing set, 
the synergy weights for the MI group were decoded from their neural 
activity using the trained linear regression model. Decoded synergy 
weights were then combined with synergies to generate imagined hand 
movements. To evaluate the performance of neural decoding from MI, 
the decoded hand kinematics were compared with ME kinematics 
averaged across 30 repetitions for each task and within each subject. The 
decoding performance was compared between ME kinematics and MI 

kinematics. Decoding accuracy was measured using the Pearson corre
lation coefficient (ρ). The decoding error was defined as 1-|ρ|.

2.5.2. Decoding across subjects
To estimate the practicability of the neural correlation across the 

subjects, ten subjects were randomly divided into training set (nine 
subjects) and testing set (one subject). Although the synergies vary 
across different individuals depending on their own unique movement 
primitives, previous studies have shown [49,50] that spatiotemporal 
patterns of synergies are not only shared across a different set of motor 
behaviors but also carry generalized control strategies across in
dividuals. Hence, in this part, the hand kinematics were derived from 
movements recorded from the training set, and kinematic synergies 
were extracted from all types of hand grasps across subjects according to 
the synergy-based hand movement model. Subsequently, the model was 
employed to predict imagined movements for the remaining subject 
based on MI signals. To ensure robustness, a 10-fold cross-validation 
approach was employed in this analysis.

3. Results

The kinematic synergies and neural decoding model were derived 
from ME data. These models were then applied to decode hand kine
matics from both ME and MI EEGs achieving a decoding accuracy of up 
to 89.7 % for ME and 95.5 % for MI across all movement tasks and all 

Fig. 3. The process of EEG processing and analysis.

Fig. 4. The interpretation of MI-based hand kinematics (represented in blue) was achieved through a linear regression model constructed from ME (illustrated in 
black). The neural features and associated coefficients were extracted from the principal components of all EEG electrodes for each task. The weights of synergies 
from MI were calculated using corresponding neural coefficients through this multivariate linear regression model, and the hand kinematics were then decoded by 
linearly combining the decoded synergy weights and the kinematic synergies.
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individuals. The decoding accuracy of ME movement was measured by 
comparing the correlations between the recorded kinematics and neural 
decoded kinematics. As for MI-based decoding, the decoded hand ki
nematics was compared with the mean of ME kinematics across all 
repetitions. Table 1 presents the decoding accuracy results for ME and 
MI across various EEG frequency bands, illustrating the average per
formance across the six movement tasks. The results show that no sig
nificant difference was observed in the decoding accuracy from ME 
when using four bandwidths of EEG waves, while the performance of MI 
differs across different EEG rhythms observed from most of the subjects 
(p < 0.05). MI decoding from beta waves (13–30 Hz) performed the best 
in general among different EEG rhythms. The commonly considered EEG 
frequency range for MI, 8–30 Hz, demonstrated slightly lower accuracy 
when compared with the beta band and the broader 8–58 Hz band. 
Surprisingly, the mu rhythm (8–13 Hz) displayed the lowest decoding 
accuracy when compared to other frequency bands.

Fig. 5 shows the spectrogram of ME and MI EEG during the move
ment execution and imagery, compared with resting EEGs. Within the 
8–30 Hz frequency range, clear synchronization and desynchronization 
patterns emerge in both ME and MI EEGs, both before and during the 
execution or imagination of movements. However, the spectral power 
observed in MI EEGs appears to be weaker than that in ME EEGs. This 
observation suggests that the relatively weaker spectral power in MI 
EEG signals might hinder the decoding performance when relying solely 
on mu wave activity, emphasizing the importance of considering addi
tional neural representations for more robust decoding outcomes.

Fig. 6 provides averaged MI-based decoding errors for each joint and 
grasp type averaged from all subjects using the frequency band of 13–30 
Hz of MI-based EEG. Generally, thumb, index and middle play promi
nent roles in various grasping actions, and as a result, decoding per
formance exhibits variability across different grasp types. As illustrated 
in Fig. 6, we observe that decoding errors tend to be higher for the 
thumb and index finger joints compared to other joints. However, the 
performance of the ring and pinky fingers remains remarkably stable 
and consistent across distinct movements, which may be due to the fact 
that these two fingers have more freedom in grasping. Our analysis re
veals that distinct grasp types can significantly influence decoding 
outcomes. For example, in the case of the lateral grasp (where the object 
being grasped is a credit card), it’s not surprising to find that the middle, 
ring, and pinky fingers exhibit the lowest error rates across all finger 
joints and grasp types. This result aligns with the functional roles of 
these fingers in executing lateral grasps effectively. Also, the pinch grasp 
demands a higher degree of precision and delicate motor skills, posing 
challenges in maintaining consistent performance each time this grasp is 
used, particularly when relying on the thumb and index fingers. 
Therefore, these two dominant fingers tend to have the highest error 
rates in decoding, reflecting the intricate nature of pinch grasping 
movements.

Fig. 7 provides the comparison between the average recorded kine
matics from ME and decoded kinematic patterns from MI specifically 
focusing on the thumb, index, and middle fingers. It is predictable that 
there is variability in performance across individuals. Among all six 

types of grasps, for Subject 1, the corresponding kinematic trajectories of 
key digits decoded from MI EEGs were predicted accurately especially in 
cylindrical grasps (using a water bottle as the object) and pinch grasp 
(utilizing a screw as the object).

Fig. 8 presents a detailed visualization of the decoded kinematics of a 
cylindrical grasp for ten joints. Results show the averaged trajectories 
across 30 repetitions represented by solid lines, with standard deviation 
across repetitions indicated by shaded areas. The decoding model 
exhibited the ability to adjust weights uniquely for different movements, 
thus enabling the successful decoding of diverse angular velocity pat
terns associated with different objects.

Fig. 9 illustrates the topographies of spatial representations of neural 
coefficients extracted from the beta waves for both ME and MI across all 
subjects and tasks, providing a clear view to interpret the possibility of 
neural decoding of MI based on ME. The neural feature coefficients were 
extracted using PCA and the top three principal components were 
considered as neural features, and the corresponding weights of each 
component were considered as the neural coefficients used to correlate 
with weights of hand kinematic synergies. Generally, the spectral coef
ficient of ME is greater than MI. From Fig. 9, it can be observed that the 
first coefficient in both ME and MI shares common structural patterns 
among various tasks. The first coefficient in both ME and MI shares 
common structural patterns among various tasks. Significant co
efficients were found bilaterally in the primary motor (M1), premotor 
and somatosensory cortices. The second coefficients show differences, 
with ME distributions extending from the superior to the inferior side of 
motor-related regions, while MI distributions are more concentrated 
around the supplementary motor area. It can be observed that the same 
activation that greater neural activation was found from the supple
mentary motor area (SMA) and pre-supplementary motor area (preSMA) 

Table 1 
Accuracy of individual neural decoding of ME and MI across each frequency band.

Subject # 1 2 3 4 5 6 7 8 9 10 Mean ± Std

ME 8–13Hz 94.5 86.6 93.9 93.6 94.4 68.5 92.8 87.5 85.4 94.4 89.2 ± 8.1
13–30Hz 95.0 86.7 94.5 93.9 94.7 69.7 93.0 86.6 88.8 93.6 89.7 ± 8.6
8–30Hz 94.7 86.2 94.9 93.4 94.6 70.3 93.4 86.8 87.7 93.8 89.5 ± 7.6
8–58Hz 94.5 86.4 93.9 93.6 94.7 71.3 93.7 86.5 83.1 92.4 89.0 ± 7.5
​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

MI 8–13Hz 96.1 58.0 93.3 65.4 32.2 83.9 31.5 55.7 57.9 66.0 64.0 ± 22.4
13–30Hz 97.8 92.9 98.1 94.6 97.8 90.6 97.3 95.4 93.5 96.9 95.5 ± 2.5
8–30Hz 98.7 93.2 98.5 95.4 62.2 89.7 92.8 89.9 91.5 95.9 90.8 ± 9.5
8–58Hz 98.2 93.1 97.9 95.7 96.5 89.1 95.4 95.9 93.8 92.8 94.8 ± 2.7
​ ​ * ​ * * ​ * * * * ​

Fig. 5. Spectrograms of EEG for resting, motor execution and motor imagery. 
Compared with resting states of EEG signals, clear synchronization and 
desynchronization before and during the execution/imagery can be observed 
from ME and MI EEG.
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in MI versus ME. The dominant variance between ME and MI can be 
found in the third coefficient, where the ME distributions were more 
concentrated in the central motor area and MI distributions were sepa
rated from temporal to the central area across different movement tasks.

To decode hand kinematics across individuals, we first derived ki
nematic synergies and developed a neural decoding model using a 
training set. Then, for the testing set, we calculated the synergy weights 
to decode the hand kinematics. The hand kinematics were successfully 
reconstructed from neural representations with an average decoding 
accuracy of 70.8 ± 5.5 % across all movement tasks and all individuals 

in randomly selected subgroups of subjects. Compared with the indi
vidual movement decoding, the decoded joint velocity trajectories 
across all individuals yielded better performance using their own 
decoding model and kinematic synergies, with an average 70.2 % cor
relation compared to recorded kinematics from the ME session. The 
snapshots of recorded and decoded hand postures taken from discrete 
time points in the progression of a grasp are shown in Fig. 10. While 
finger movement trajectories may not be exactly identical to recorded 
movements when using decoding across individuals, the end-posture of 
the hand tripod grasp demonstrates a high degree of similarity between 

Fig. 6. Decoding errors of ten joints for six types of grasp tasks averaged for all subjects using beta rhythms of MI EEG signals. Among all six tasks, the thumb and 
index hold relatively higher decoding errors compared to the rest of the three fingers, especially in the tasks that need more precision operation using the thumb and 
index including lateral, pinch and tripod grasps. T: thumb, I: index, M: middle, R: ring, P: pinky. MCP: Metacarpophalangeal joint, IP: Interphalangeal joint, PIP: 
Proximal interphalangeal joint.

Fig. 7. Hand joint angular velocities of six types of grasps and joints from thumb, index and middle. The recorded kinematics from ME (in black) were averaged 
across all repetitions from each task and compared to the neural decoded kinematics (in red) from Subject 1, band 13–30 Hz. The standard deviations are represented 
by the shaded regions. The ring and pinky fingers are not shown for simplicity. T: thumb, I: index, M: middle, R: ring, P: pinky. MCP: Metacarpophalangeal joint, IP: 
Interphalangeal joint, PIP: Proximal interphalangeal joint.
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recorded and decoded movements.

4. Discussion

This paper demonstrated a hand synergy-based neural decoding 
model using motor imagery for dynamic hand kinematic trajectory 
decoding. The model translates neural representations into synergy 
weights and thereby generating dexterous hand kinematics from MI- 
based neural features. This supports potential applications of non- 
invasive synergy-based BMIs in neuro-motor control and rehabilitation 
of individuals with upper limb motor deficits.

4.1. Decoding hand trajectory from motor imagery using synergy-based 
models

From the results obtained, decoding accuracy was up to 89.7 % for 
ME and 95.5 % for MI across all tasks and individuals. Since the 
decoding model was created and trained using ME signals along with 
corresponding hand movements, its performance is expected to be better 
with ME-based EEG than with MI-based EEG. In the case of MI, the 
decoding performance was determined by comparing the results with 
the averaged ME kinematics across all repetitions. To compare ME and 
MI, we also calculated ME decoding accuracy by correlating the decoded 
movements with the averaged recorded movements across repetitions. 
The results showed an average accuracy of 96.8 ± 5.3 %, 96.7 ± 5.4 %, 
96.7 ± 5.4 %, and 96.9 ± 4.7 % for each frequency band. Higher ac
curacies were observed compared to MI decoding (Table 1).

Decoding dexterous hand movements is challenging due to the 
involvement of multiple degrees of freedom (finger joints) and their 
temporal variability. Prior research primarily focused on discrete 
movement classification of end postures [51,52]. This method has lim
itations, as individuals may grasp similar objects with similar end pos
tures but vary in their hand kinematics. Our model aims to replicate the 
natural movements by mapping the user intent to hand movement tra
jectories, preserving spatial and temporal characteristics [53]. Few 
studies have focused on decoding full kinematic movement trajectories. 
Agashe et al. developed a finger movement decoder that mapped brain 
signals to joint angles in the time domain to generate joint angle 

trajectories [40]. However, each movement variable was modeled 
independently, achieving up to 76 % similarity between the predicted 
and observed trajectories. Another study demonstrated that powers of 
mu and beta rhythms are linearly related to hand movement velocities of 
right/left hand clenching [54] with an average of 74 % of hand pre
diction and 32 % of velocity decoding. Lv Jun et al. decoded hand 
movement speed during drawing tasks and reached an average of 37 % 
decoding accuracy on a single axis in 2-dimensional space [16]. 
Compared to the previous studies, our approach offers a simplified 
model based on synergies for improved performance.

In contrast to the conventional approach of directly correlating 
neural representations with hand movement trajectories, our study hy
pothesizes that the CNS may regulate various movements by modulating 
the combinations of the synergies. The functional equivalence between 
MI and ME provides an opportunity for synergy-based control using MI- 
based EEG. The correlations between neural coefficients and synergy 
weights established in this study demonstrate the feasibility of simpli
fying the MI-based neural decoding of movement trajectories. Some 
studies proposed that movement parameters such as position, velocity, 
and movement direction are most effectively decoded from low- 
frequency time-domain signals [14,15]. Movement speed decoding 
study found that the 20–28 Hz frequency band carried the most notable 
information [16]. In studies that predict upper limb movement trajec
tories, mu and beta band activity (8–30 Hz) have been extensively used 
to classify and reconstruct both executed and imagined movement tra
jectories, offering superior performance compared to other brain 
rhythms [7,17–20]. Of the four frequency bands examined in this study, 
beta waves (13–30 Hz) and broad-spectrum EEG activity (8–58 Hz) were 
the most promising for MI-based decoding.

4.2. Neural decoding based on motor execution and motor imagery

While mu and beta waves are primary rhythms commonly associated 
with motor imagery, with optimal performance often observed in the 
8–30 Hz range, this study found that beta waves consistently outperform 
other rhythms in MI-based movement decoding. Mu waves yielded the 
lowest decoding accuracy compared to other frequency bands, with MI- 
based decoding failures occurring in 7 out of 10 subjects (Table 1). In 

Fig. 8. Decoding hand kinematics of cylindrical grasp for 10 joints (Subject 1, beta (13–80 Hz)). The recorded kinematics (in black) was averaged across all rep
etitions to compare with the neural decoded kinematics (in red) and the shaded regions represent standard deviations of all MI repetitions.
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contrast, ME-based decoding across various EEG rhythms demonstrated 
relatively consistent performance levels. These findings highlight the 
distinct neural mechanisms underlying motor execution and motor im
agery, which likely contribute to the observed differences in decoding 
outcomes using mu and beta rhythms.

While some beta rhythms have been linked to mu rhythms, others 
operate independently, each with unique topographical distributions 
and roles in motor function [55,56]. Studies have revealed that the 
distinction between motor execution and imagery extends beyond 
power spectra and topographies, as evidenced by individual differences 
in mu rhythm responses during movement-related tasks [55]. Moreover, 
some studies have shown significant contralateral suppression in beta 
rhythms compared to mu rhythms [57]. These factors may contribute to 
the observed disparities in decoding performance between ME and MI, 
particularly the relatively poor MI-based decoding results in most sub
jects in this study. This also highlights the potential for inter-individual 
variability in neural activation during motor imagery, posing additional 
challenges for achieving generalized neural decoding across diverse 
individuals.

Fig. 9 illustrates the significant overlap in neural activations between 
ME and MI, primarily within motor-related regions. However, subtle 
distinctions arise in the second coefficients, with ME distributions 
extending from the superior to inferior regions of the premotor cortex, 

Fig. 9. Topographies of spatial representations of neural coefficients of beta waves from ME-based and MI-based principal components for six different grasping 
tasks. The top three principal component coefficients extracted from EEG activity were correlated with the weights of hand kinematic synergies. The first coefficient 
in both ME and MI exhibits common structural patterns across various tasks while the second coefficient shows distinct differences, with ME distributions extending 
from the superior to the inferior regions of motor-related areas, and MI distributions are more localized around the supplementary motor area. ME distributions of the 
third coefficient are more concentrated in the central motor area, while MI distributions vary across different movement tasks.

Fig. 10. The snapshots of recorded and decoded hand postures taken at discrete 
time points in the progression of a grasp (Task 5, tripod grasp, object of a 
screwdriver, from subject 4). The finger movements are not perfectly identical 
between the recorded and decoded movements when decoding across in
dividuals. The end-posture of the hand tripod grasp demonstrates a high degree 
of similarity between recorded and decoded movements.
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primary motor cortex, and primary somatosensory cortex. In contrast, 
MI distributions are more concentrated in the supplementary motor 
area, superior primary motor cortex, and superior primary somatosen
sory cortex. These findings align with fMRI studies [58,59], hat reported 
greater neural activation in the supplementary motor area (SMA) and 
pre-supplementary motor area (preSMA) during MI compared to ME, 
suggesting a role in motor-related cognitive control. Moreover, signifi
cant involvement of the SMA has been identified in movement decoding 
from ME [15] and MI [60].

4.3. Challenges and opportunities for synergy-based models based on 
motor imagery

This study explored neural decoding both within and across in
dividuals. For individual decoding, neural activity was correlated with 
each person’s unique kinematic synergies to reconstruct their move
ments. However, predicting hand kinematics from MI signals in in
dividuals with paralysis, such as stroke patients, poses challenges due to 
the difficulty in deriving synergies and correlating MI signals with spe
cific movements, especially for dynamic trajectories. To address this, the 
study preliminarily investigated a linear neural decoding model com
bined with a synergy-based movement model. This approach compen
sated for missing hand kinematic synergies by using those derived from 
healthy individuals, assuming a common correlation between brain 
activity and hand synergies across groups. Previous studies by us and 
others suggested that synergies might be shared across various motor 
behaviors and represent generalized control strategies [32,49,50]. 
However, this study found that decoding performance was lower across 
individuals (average accuracy of 70.8 %) compared to within in
dividuals (average accuracy of 95.5 %). While the linear neural decod
ing model effectively linked neural activity with hand synergies within 
individuals, improving its generalizability for decoding MI signals across 
individuals, especially those with upper limb mobility impairments, 
remains an area for further research. The successful decoding of MI hand 
movements using correlations from ME supports the hypothesis that 
fundamental neural circuits underlying movement execution share 
common synergies. Future research could focus on refining the corre
lation model by extracting more informative neural features from EEG 
signals and developing more robust decoding models. Additionally, 
investigating the generalizability of the neural decoding model across 
different individuals is crucial for practical applications.

Individual variability in motor primitives employed during similar 
grasps can contribute to differing synergy patterns, as illustrated in 
Fig. 11, where the first three synergies account for at least 85 % of the 
variance. While the first synergy postures are similar across individuals, 
the second and third synergies demonstrate differences across in
dividuals, highlighting the role of unique primitives in movement 

formation. Recent studies suggest that a limited number of hand syn
ergies are shared across movements [61] and are influenced by move
ment speed [62]. Therefore, subject-specific synergies may provide 
more accurate representations and performance compared to synergies 
extracted across subjects [63]. Moreover, literature suggested that the 
variability among different individuals influences neuromuscular con
trol. Factors such as age have been shown to affect muscle synergy 
complexity and efficiency, and muscle synergy metrics can be affected 
by cognitive and postural constraints [64]. Macchi et al. [65] revealed 
clear gender-related differences in the lower limb activities and muscle 
synergies during the training process. These individual variabilities 
contribute to motor dexterity and influence movement generation when 
employing non-subject-specific synergies. However, the extent to which 
factors such as age, sex, and hand dominance impact hand synergy 
formation and neural decoding remains unclear and requires further 
investigation. To develop more generalized decoding models, future 
studies should incorporate a more diverse cohort and increased sample 
size, ensuring the robustness of synergy-based approaches for in
dividuals with motor impairments. Furthermore, future research will 
explore the selection of appropriate hand movements, individual group, 
and analytical methods for constructing effective MI-based decoding 
models that can be generalized across individuals.

4.4. Potential applications and challenges of the proposed models in 
individuals with stroke

The results from this study suggest that the CNS may regulate 
different combinations of synergies to achieve various hand grasps, and 
the weights of these synergies might be encoded in the higher-level 
neural systems. This synergy-based movement control allows for the 
modulation of synergy weights enabling diver grasps without control
ling at the level of individual joints. This provides an alternative po
tential application in terms of rehabilitation for individuals with motor 
deficits such as those recovering from a stroke. Different from current 
BMI-based rehabilitation methods, which focus on decoding users’ 
movement intentions, synergy-based BMIs can restore dynamic and 
natural movement patterns with fewer control units, enabling more 
active motor control during the rehabilitation process. Additionally, 
synergy-based BMIs could be integrated with robotic exoskeletons to 
assist in motor retraining for stroke survivors and individuals with spinal 
cord injuries, ensuring that rehabilitative movements more closely 
resemble natural motor patterns, or align with the brain’s intrinsic 
motor control strategies, ultimately improving overall performance. To 
achieve this, understanding the role of non-subject-specific synergies 
derived from healthy individuals is crucial for compensating for the 
restoration of hand kinematics in individuals with motor impairments, 
which is discussed in Section 4.3.

Fig. 11. Top three synergy postures of ten subjects. Within each postural synergy, the difference among individuals represents a subject-specific preference for 
synergy recruitment.
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When considering the application of BMIs for individuals with 
stroke, a significant challenge arises due to abnormalities in cortical 
rhythms in motor-related brain regions [66–68]. Individuals with 
contralateral hemiparesis often experience impaired finger mobility and 
dexterity, hindering voluntary motor movements [69]. The suppression 
of sensorimotor rhythms in individuals with stroke could potentially 
impact the decoding accuracy of BMIs. Our findings suggest that beta 
waves (13–30 Hz) outperform other EEG rhythms in MI-based move
ment decoding. The shared computational mechanisms underlying ME 
and MI are essential for decoding imagined movements using 
ME-trained neural decoding models. However, abnormal EEGs and 
impaired upper limb mobility often seen in individuals with stroke could 
significantly limit the applicability of our model.

Prior studies suggest that compared to healthy individuals, motor 
cortical activations are higher in those with moderate motor deficits but 
may be diminished or absent in severely affected patients attempting to 
move their affected hands [67]. During imagined finger movements, 
increased beta wave connectivity (13–30 Hz) has been observed linking 
the contralateral primary motor area, premotor area, and primary sen
sory area, compared to overt movements [70]. Research on 
stroke-related ME and MI has demonstrated a higher contralesional 
event-related desynchronization (ERD) and a stronger ipsilesional 
event-related synchronization (ERS) in individuals with more severe 
impairments compared to those with milder ones [71]. Also, in in
dividuals who have suffered stroke studies showed reduced ability to 
decode hand movements using movement-related cortical potential 
compared to healthy individuals [72]. These findings highlight the po
tential challenges in developing a robust and effective BMI system for 
stroke patients, particularly given the changes in the contralesional 
hemisphere. While some studies have demonstrated the potential of 
MI-based BMIs to predict hand movements from MI EEG signals in in
dividuals with stroke [10,11,73,74] and enhance performance after 
training [75], particularly with bi-hemispheric beta activity [76], 
further research is needed to determine the applicability of our neural 
decoding model. Understanding how changes in rhythms influence 
synergy modulation among the stroke population is crucial. The ability 
to accurately and efficiently decode motor imagery hand movements 
could not only enhance the usability and effectiveness of MI-based BMI 
systems but also play a vital role in rehabilitating patients with cerebral 
motor impairments through the use of BMI-assisted devices.

5. Conclusion

This study developed a synergy-based model that successfully 
decoded hand movement trajectories from neural activity during motor 
imagery. This paradigm is promising for individuals with motor im
pairments, as it offers an alternative pathway for motor function resto
ration and has the potential to improve their quality of life. 
Understanding the functional relationships between motor execution 
and motor imagery might give rise to new approaches for motor control 
and rehabilitation. By capturing neural correlates of synergies, BMIs 
could extend beyond intention decoding and provide intuitive control of 
assistive robotics and exoskeletons. Furthermore, the high decoding 
accuracies achieved in this study using various EEG rhythms suggest the 
potential for decoding hand movements through noninvasive cortical 
activities, opening doors for dexterous hand movement decoding in in
dividuals with stroke.
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