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ABSTRACT 14 

Background: Upper limb exoskeletons have drawn significant attention in 15 

neurorehabilitation because of anthropomorphic mechanical structure analogous to 16 

human anatomy. Whereas, the training movements are typically underorganized 17 

because most exoskeletons only control the movement of the hand in space, without 18 

considering rehabilitation of joint motion, particularly inter-joint postural synergy. The 19 

purposes of this study were to explore the application of a postural synergy-based 20 

exoskeleton (Armule) reproducing natural human movements for robot-assisted 21 

neurorehabilitation and to preliminarily assess its effect on patients' upper limb motor 22 

control after stroke. 23 

Methods: We developed a novel upper limb exoskeleton based on the concept of 24 

postural synergy, which provided five degrees of freedom (DOF), natural human 25 

movements of the upper limb. Eight participants with hemiplegia due to a first-ever, 26 
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unilateral stroke were recruited and included. They participated in exoskeleton therapy 27 

sessions 45 minutes/day, 5 days/week for 4 weeks, with passive/active training under 28 

anthropomorphic trajectories and postures. The primary outcome was the Fugl-Meyer 29 

Assessment for Upper Extremities (FMA-UE). The secondary outcomes were the 30 

Action Research Arm Test(ARAT), modified Barthel Index (mBI), and exoskeleton 31 

kinematic as well as interaction force metrics: motion smoothness in the joint space, 32 

postural synergy error, interaction force smoothness, and the intent response rate. 33 

Results: After the 4-weeks intervention, all subjects showed significant improvements 34 

in the following clinical measures: the FMA-UE (p=0.02), the ARAT (p=0.003), and 35 

the mBI score (p<0.001). Besides, all subjects showed significant improvements in 36 

motion smoothness (p=0.004), postural synergy error (p=0.014), interaction force 37 

smoothness (p=0.004), and the intent response rate (p=0.008). 38 

Conclusions: The subjects were well adapted to our device that assisted in completing 39 

functional movements with natural human movement characteristics. The results of the 40 

preliminary clinical intervention indicate that the Armule exoskeleton improves 41 

individuals’ motor control and activities of daily living (ADL) function after stroke, 42 

which might be associated with kinematic and interaction force optimization and 43 

postural synergy modification during functional tasks. 44 

Clinical trial registration: ChiCTR, ChiCTR1900026656; Date of registration: 45 

October 17, 2019. http://www.chictr.org.cn/showproj.aspx?proj=44420 46 

Keywords: Postural synergy, Stroke, Rehabilitation, Exoskeleton, Upper limbs 47 
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Background 48 

Stroke is the leading cause of adult mortality and disability worldwide[1], with 49 

consequent upper extremity motor dysfunction severely affecting the quality of life in 50 

stroke survivors and bringing great domestic and socioeconomic burden. Motor 51 

relearning theories are often used to guide stroke rehabilitation[2], which requires 52 

training of movement components and integrated functional practice[3] under the 53 

mechanism of use-dependent plasticity[4] and operant reinforcement processes[5]. 54 

Systematic reviews have also suggested that patients benefit from task-specific training 55 

directly rather than from impairment-oriented interventions[6-8]. 56 

Robot-assisted training is an innovative exercise-based therapy that involves the 57 

principles of motor learning, and it can provide highly intensive, adaptive, and task-58 

specific training as well as feedback and motivation for enhancing neuroplasticity. Over 59 

the last decades, various robotic devices with different training modalities, structures, 60 

and principles have been developed for upper-limb training after stroke, but the benefits 61 

compared with traditional methods are controversial in terms of functional performance, 62 

especially in movement quality and independence in ADL[9]. Therefore, how to 63 

optimize the design and training methods of upper limb robots to relearn natural human 64 

movements in ADL[10] remains important for researchers to determine. 65 

Owing to the multiple attachments to the patient's limb, exoskeleton rehabilitation 66 

robots can assist patients in accomplishing complex functional movements in three-67 

dimensional space[11]. Most upper limb exoskeletons have more than five DOF for 68 
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shoulder, elbow, and wrist movements so that they can adapt to the human upper 69 

limb[12], which has superior motor control; some examples include CADEN-7[13], 70 

ARMin-V[14], Harmony[15], MGA[16], LIMPACT[17] and ANYexo[18]. Although 71 

exoskeleton robots provide many functions for motion, such mechanical structures can 72 

pose challenges for the control strategy[19]. To complete specific training tasks, 73 

especially ADL tasks, most robots need to generate a joint reference trajectory in a high 74 

dimensional space[11] to drive the robot directly or serve as a reference for other control 75 

strategies. The joint reference trajectories can be exploited from the recordings of 76 

movements in healthy subjects or informed by a therapist, but the types of training tasks 77 

are limited[20]. The joint reference trajectories can also be computed by an optimal 78 

trajectory planner or other motion planners. However, the laws of human upper limb 79 

movement are still unclear[21], and the safety of the trajectory generated by the 80 

optimization method or other motion planners is questionable; hence, the reference 81 

trajectory generated by these methods does not fully reproduce the natural human 82 

movements. 83 

To encourage patients to participate in exoskeleton training actively, some exoskeleton 84 

robots use electromyography [22], electroencephalograph [23], and other 85 

electrophysiological tools[24] to drive the rehabilitation robot according to the patient's 86 

own intention. Nevertheless, the process of decoding electrophysiological signals is 87 

exceptionally complicated, with a low success rate and accuracy due to the high-88 

dimensional input and output signals[25]. As a result, most exoskeleton robots adopt 89 

control strategies based on human-robot physical interactions[26], such as assist-as-90 
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needed, impedance control, and admittance control. All of these strategies should 91 

improve the transparency of control to the greatest extent possible[27]; that is, the robot 92 

must interfere with the patient's autonomous movement as little as possible. Although 93 

robots with high transparency can encourage the patient to participate in the training 94 

actively[28], they amplify the abnormality of patients’ postures and compensatory 95 

movements[29]. High transparency also increases the complexity of the structure and 96 

control of the exoskeleton[30]. 97 

Bernstein's theory of motor control suggested that human motions are quite stereotyped 98 

and that motor synergy patterns are common among all humans[31]. Synergy is 99 

characterized by the relationship between kinematics, dynamics, or other physiological 100 

parameters sharing the same spatial-temporal properties[32]. According to this theory, 101 

if the synergies of the human upper limb for specific tasks can be identified, they can 102 

be used to reconstruct the natural human movement of the upper limb[33]. Several pilot 103 

studies have employed synergies at the muscle level to evaluate the changes in muscle 104 

synergies after stroke[34, 35] and included synergies as outcome measures to evaluate 105 

stroke recovery[36, 37]. Kinematic synergy, or postural synergy, can be directly used 106 

in the reconstruction of natural human movement in applications such as the design of 107 

artificial limbs[33] or rehabilitation robots[38-40] due to its intuitive performance. 108 

Some recent studies have shown that postural synergies can improve the efficiency of 109 

motor learning in healthy people[41-43] and that these synergies show great potential 110 

in the field of rehabilitation. To the authors’ knowledge, currently, no synergy-based 111 

rehabilitation exoskeletons are used in clinical practice. 112 
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Aiming to meet the above clinical needs for rehabilitation exoskeletons and overcome 113 

the existing problems related to rehabilitation exoskeletons, we developed a postural 114 

synergy-based rehabilitation exoskeleton[38] with an active training control strategy 115 

using an interactive force to guide the rehabilitation exoskeleton movements in a 116 

synergy dimension-reduced subspace. The preliminary evaluation and tests are 117 

described in this paper. 118 

Methods 119 

Equipment structure 120 

In previous work[38], we proposed the design of a rehabilitation exoskeleton based on 121 

postural synergy. Natural self-reaching movements of the human arm were analyzed by 122 

principal component analysis (PCA). The most significant synergies of the human arm 123 

joints, which accounted for more than 80% of the variation, were extracted. Then, 124 

postural synergies were used to guide the design of the kinematic transmission 125 

mechanism. 126 𝜽 = 𝜽 + 𝑪𝒖  (1) 127 

 128 

where 𝜽 = [𝜃 … 𝜃 ]   and 𝒖 = [𝑢  𝑢 ]  , 𝜽  is the biased vector from the initial 129 

joint angle and 𝑪  is the coupling matrix. Several kinds of ADL self-reaching 130 

movement data were collected, and PCA was used to extract the moving principal 131 

components to obtain 𝑪 . That is, 𝑪  contains the natural human movement 132 

characteristics of these ADL movements. 133 
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Based on this idea, we developed the Armule rehabilitation exoskeletal robot, as shown 134 

in Figure 1, which has 5 DOF driven by two actuators and the attached coupling 135 

kinematic transmission mechanism. The mechanical structure design is embedded with 136 

the postural synergies of functional movements, enabling the robot to reconstruct 137 

natural human reaching movements inherently; in other words, the exoskeleton 138 

produces movements that are humanoid. 139 

Several changes relative to the previous mechanical structure were implemented in this 140 

work. In previous work, the patient’s subjective motion intention was estimated through 141 

a six-dimensional force/torque sensor fixed to the end of the exoskeleton’s handle and 142 

converted into a commanded velocity in the two-dimensional manifold of the driving 143 

space with a certain algorithm. Hence, the robot can generate assistive movements 144 

similar to natural human movements in response to the user’s motion intentions. 145 

However, patients in the early stage of a rehabilitation treatment are typically unable to 146 

move their distal joints to apply high enough interaction forces to the handle to trigger 147 

the sensor. Therefore, we removed the handle and updated the mechanical design of the 148 

linkage cuffs. The wrist joints were instead fixed in the forearm linkage cuff. Pressure 149 

sensors and six-dimensional force/torque sensors were installed in the linkage cuffs of 150 

the forearm and upper arm, respectively, to estimate the patient's motion intention. 151 

Control strategy 152 

To generate assistive movements similar to natural reaching movements in response to 153 

the user’s motion intentions, in previous work[44], a Riemannian metric was proposed 154 
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to generate anthropomorphic reaching movements according to contact forces and 155 

torques. We detected the interaction forces between the patient and the robot handle to 156 

determine the patient's subjective movement intention. The interaction forces were 157 

converted to the command speed in the work space with an admittance control method. 158 

The actuator velocities were then obtained by their projection in the two-dimensional 159 

manifold in the drive space. 160 

Because of the mechanical structure changes, the way we identified intentions changed 161 

correspondingly, and an admittance control method in the joint space was developed. 162 

Unlike the previous approach, the interaction forces between the patient and robot were 163 

detected with a six-dimensional force/torque sensor and pressure sensor placed in the 164 

linkage cuffs along the upper arm and forearm. The Newton Euler equation was used 165 

to calculate the equivalent interaction force at the end of the rehabilitation robot, which 166 

was taken as the patient's motion intention. 167 

Once we acquired the patient's intention to move, we used the admittance control 168 

method in the joint space to translate it into the joint command velocity. Finally, the 169 

joint command velocity was projected into the drive space. 170 𝑽 = 𝑷𝑨𝑱 𝑻𝑭 + 𝑻𝑭        (2) 171 𝑷 = (𝑪 𝑪) 𝑪   (3) 172 𝑭 = 𝟎 when only using the upper arm sensor. Where 𝑽  is velocity vector in drive 173 

space, 𝑨 is admittance matrix, 𝑱 is Jacobian matrix of exoskeleton, 𝑻 𝑻 are the 174 

adjoin matrices of the upper arm and forearm to the end of the exoskeleton 175 

respectively.  𝑭  𝑭  are the force vectors detected in the upper arm and forearm 176 
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respectively. 𝑷 is the projection matrix. 177 

Under such a control strategy, the exoskeleton can drive the arm and the exoskeleton 178 

according to the patient’s perceived subjective movement intention. 179 

Since the rehabilitation robot can only produce anthropoid motions derived from the 180 

linear combination of synergy primitives, the calculated movement intention of the 181 

patient might be inconsistent with the actual movement direction of the robot. In general, 182 

the magnitude of the deviation is related to the operating point and the direction of the 183 

applied force, which is determined by the subspace projection formula (as shown in 184 

Figure 2). 185 

The rehabilitation robot can be easily driven only when the patient's movement 186 

intention is similar to the human natural movement characteristics. We believe that this 187 

kind of control mode is not entirely transparent, which can help suppress abnormal 188 

movement patterns and enable patients to relearn regular coordination without causing 189 

severe discomfort. 190 

Weight compensation 191 

The exoskeleton in this study adopts both a mechanical structure that provided weight 192 

compensation and a dynamic-based weight compensation algorithm to offset the 193 

gravity of patient's and the robotic arm. Thus, the patient's ability to generate residual 194 

motion can be improved, enabling the training of active reaching movements. When in 195 

operation, the mechanical weight compensation structure applies the appropriate 196 
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torques to the actuated joints to balance the arm’s weight and reduce the burden of the 197 

motor unit. On the other hand, the exoskeleton compensates for the patient's arm weight 198 

in the control system using a dynamic model-based approach, and six-dimensional 199 

force/torque sensor data is used to estimate the patient's arm weight when the patient is 200 

in the passive training mode and compensate during the active training mode to 201 

eliminate the influence of the patient's arm weight on the process of determining the 202 

user’s motion intention. The compensation coefficient can be adjusted in the human-203 

computer interaction interface. 204 

Rehabilitation training application 205 

The rehabilitation training program consists of two phases. In the first phase, the passive 206 

mode, the rehabilitation exoskeleton guides the patient to perform natural reaching 207 

movements designated and recorded by therapists. In the second phase, the 208 

rehabilitation robot is in the active mode, with a six-dimensional force/torque sensor in 209 

the upper arm and a pressure sensor in the forearm. The exoskeleton calculates and 210 

assists the patient in performing the natural reaching movement closest to the patient's 211 

intention based on the motion tendencies of the whole arm. In this phase, the robotic 212 

exoskeleton detects patients’ intentions and assists patients in achieving 213 

anthropomorphic movements as well as ADL-related tasks with virtual games, such as 214 

shooting targets, playing whack-a-mole, drinking water, wiping the face, cleaning a 215 

window, and frying eggs (Figure 3 A,B). The rotation angles of the two active joints are 216 

associated with the position of the operating objects in the virtual environment, with a 217 
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fixed mapping relationship. Two active synergy primitives drive the exoskeleton, and 218 

the patient can see the corresponding information on a screen. The exoskeleton guides 219 

patients with visual cues and provides feedback to complete tasks involving 220 

anthropomorphic postures and trajectories. 221 

Participants 222 

In order to test the feasibility of the exoskeleton for upper limb rehabilitation, 8 223 

participants (age, 47.0 ± 9.9 years; time since stroke, 70.1 ± 47.7 days; see Table 1) 224 

were enrolled in the study. The inclusion criteria were as follows: (1) an age of 18-80 225 

years; (2) a clinical diagnosis of the first-ever stroke within 6 months before enrollment; 226 

and (3) upper limb hemiplegia, defined as a score between 8 and 47 on the FMA-UE. 227 

The exclusion criteria were as follows: (1) an orthopedic condition of the upper limb, 228 

e.g., fixed contracture, shoulder subluxation, severe arthritis, or recent fracture; and (2) 229 

severe cognitive defects or aphasia hindering the patient’s ability to understand or 230 

follow instructions.  231 

Table 1 Participant Characteristics 232 

Subjects 
ID 

Gender 
Age 

(years) 

Days 
between 

onset and 
enrollment 

Stroke 
type 

NIHSS 
Paretic 

side 
FMA-
UE 

MMSE 

1 M 43 100 H 5 L 25 24 
2 M 65 97 I 2 L 32 30 
3 M 45 152 H 4 L 36 27 
4 M 38 94 H 6 R 9 25 
5 M 48 16 H 7 L 8 29 
6 M 33 42 I 2 R 60 30 

7 M 49 24 I 6 L 21 25 

8 M 55 36 I 6 L 8 24 

Labels in the 2nd, 5th, 6th, and 7th columns refer to: M, Male; H, Hemorrhagic; I, Ischemic; L, Left; R, 233 
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Right; MMSE, mini-mental state examination(range 0-30). 234 

Experimental protocol 235 

Demographic information, stroke type, time since stroke onset, mini-mental state 236 

examination (MMSE) scores were collected at baseline. The clinical outcome measures 237 

were assessed at baseline and immediately after the 4-week intervention. To avoid 238 

assessment bias, an independent evaluator blinded to the study procedure completed all 239 

the outcome measures. The participants were asked to sit in a chair with a backrest in 240 

front of the exoskeleton, and their torsos were secured with chest straps to prevent 241 

compensatory movements. The upper limbs were initially held in a natural, relaxed 242 

position. The exoskeleton attachments were adjusted according to the length and 243 

circumference of each patient’s upper limb. 244 

The participants received task-specific training involving 5-DOF movements of the 245 

upper extremity in a 3-dimensional workspace assisted by the exoskeleton. Therapy 246 

was delivered at the same frequency and duration: 45 minutes daily, 5 days/week for 4 247 

weeks (total of 20 sessions). The participants were asked to perform two sets of 248 

exercises per session. Each set consisted of 5 minutes of passive training and 10 minutes 249 

of active training (Figure 3C). To eliminate the interference of different tasks, the 250 

patients were asked to complete five reaching movement tasks (frying eggs) in a virtual 251 

reality environment for each active training phase. For this training task, they put a 252 

virtual raw egg into a pan on the screen. The participants were verbally encouraged to 253 

do their best to complete the task at their preferred speed. 254 
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Clinical outcome measurements 255 

The primary outcome was the FMA-UE score, which reflected the severity of the 256 

participants’ upper extremity motor impairments. The secondary outcomes were the 257 

ARAT score, which reflected upper limbs performance, especially the hand’s fine motor 258 

function, and the MBI score, which reflected the patient’s level of functional 259 

independence in ADL. In addition, we designed two 10-point Likert scales (LSs), 260 

measuring the subjects’ perception of their level of enjoyment and degree of 261 

improvement[45] (see supplementary material). 262 

Measurements with the exoskeleton 263 

Throughout the training period, the sensors on the exoskeleton monitored the 264 

kinematics and interactive forces, which were sampled at 100 Hertz and stored in text 265 

format. Then, the data were extracted through a semiautomatic custom program in 266 

MATLAB software (version 2018A, The MathWorks, Natick, Massachusetts, USA.) to 267 

analyze the kinematics and human-computer interaction indicators. In this paper, we 268 

used four indicators measured by the robot to evaluate the motion control ability of the 269 

patients with the assistance of the robot. We previously recorded exercise data from 10 270 

healthy individuals performing the same task using the exoskeleton for reference. 271 

Motion smoothness in the workspace 𝑆  : This parameter indicates whether the 272 

patient's joint trajectories are mixed with other submovements. The extent of 𝑆  273 

during the reaching movement was characterized by path jerk, the third derivative of 274 

the joint angle of the patients. The smaller the jerk was, the smoother the trajectory. 275 
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𝑆 = 1𝑇 ‖𝑠‖   (4) 276 

Where 𝑠  is the position of the end of the exoskeleton in workspace, 𝑇  is the 277 

normalized time parameter 278 

 279 

Postural synergy error 𝑃 ：This measure indicates the deviation between the actual 280 

attitude and the anthropomorphic attitude in the whole arrival trajectory. It is defined as 281 

the covariance of the distance between the patient’s trajectories and the healthy person 282 

in two synergy basis directions when the subjects performed the same training tasks. 283 

According to uncontrolled manifold theory, humans have a capacity for redundant 284 

motions to execute a given movement with flexibility and robustness. The coefficient 285 

of error was high at the segments with low covariance in the direction of the synergy 286 

basis to prevent high postural deviations. In contrast, the coefficient of the deviation 287 

was low at the segments with high covariance in the direction of the synergy basis to 288 

allow large postural variations. 289 

 𝑃 = 1𝑇 (𝑺 − 𝝁 ) 𝜮 (𝑺 − 𝝁 )   (5) 290 

Where 𝑺  is the active joint position at 𝑡, 𝝁  is the mean active joint positions for 291 

healthy people at 𝑡 , 𝜮   is the covariance matrix of active joint position of healthy 292 

people at 𝑡. 293 

Interaction force smoothness 𝑆 ：This measure indicates whether the interaction force 294 

between the patient and the exoskeleton is insufficient or excessive during the 295 

completion of the task. Both the excessive and insufficient representation of the 296 



15 
 

interaction force accounted for deviations from the natural movement. The extent of 𝑆  297 

during the reaching movement was characterized by the jerk interaction force, the 298 

gradient of the interaction force. The smaller the jerk was, the smoother the interaction 299 

force. 300 

𝑆 = 1𝑛𝑇 �̈�   (6) 301 

Where n=6. 302 

Intent response rate 𝑹𝒊：This parameter was defined as the cosine of the angle between 303 

the direction of the subject's intention to move, i.e., the direction of equivalent end 304 

interaction force, and the actual direction in which the exoskeleton moved. This 305 

measure reflects the extent to which the subject's movement intentions are executed by 306 

the exoskeleton. 307 

 308 𝑅 = 𝑐𝑜𝑠(𝜃) = 𝑭 ∙ 𝑽‖𝑭‖ ∙ ‖𝑽‖  (7) 309 𝑭 ∈ ℝ𝟔 𝑽 ∈ ℝ𝟔 310 

According to the definition,  R ∈ (0,1) . The closer to zero 𝐑𝐢  is, the more 311 

exoskeleton assists the participant. The closer to 1 𝐑𝐢  is, the more similar the 312 

movement of the exoskeleton is to the patient's movement intention. 313 

Statistical analysis 314 

Statistical analyses were performed using SPSS software (version 26.0, IBM 315 

Corporation, Chicago, IL, USA). To assess the normality of the quantitative data, the 316 

Shapiro-Wilk test was used. The baseline data were compared using independent-317 
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samples t-tests (for continuous variables) and Fisher’s exact tests (for categorical 318 

variables). Before and after the intervention, differences were compared using paired t-319 

tests (for normally distributed data) and Wilcoxon signed-rank tests (for nonparametric 320 

equivalent tests). For all the statistical tests conducted, a two-sided p-value of less than 321 

0.05 was considered significant. 322 

Results 323 

Exoskeleton kinematic and interaction force metrics 324 

Figure 4 shows two exemplar subjects’ performance in the reaching tasks pretreatment 325 

and post-treatment. The patients showed significant improvements in motion 326 

smoothness in the joint space (difference, 7.22±2.55; p=0.004), postural synergy error 327 

(difference, 107.54±38.02; p=0.014), interaction force smoothness (difference, 328 

1.43±0.51; p=0.004) and the intent response rate (difference, 0.04±0.01; p=0.008) after 329 

the 4-week intervention (see Table 2). 330 

Table 2 Exoskeleton kinematic and interaction force metrics 331 
 332 

Kinematic/interaction force 

metrics 

Pre-treatment Post-treatment Within-Group Differences p Value 

𝑆  17.22±6.99 6.69±3.49 7.22±2.55 0.004 ** 𝑃  465.33±128.64 341.87±171.95 107.54±38.02 0.014 * 𝑆  6.29±2.70 4.16±1.82 1.43±0.51 0.004 ** 𝑅  0.17±0.04 0.22±0.06 0.04±0.01 0.008 ** 

Values are presented as means ± standard deviations. *: p<0.05; **: p<0.01 333 
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Clinical outcomes 334 

Overall, the exoskeleton showed high levels of safety and satisfaction (Supplementary 335 

material). At 4 weeks, the patients trained showed significant reductions in motor 336 

impairment (see Figure 5) and significant improvements in motor capacity and 337 

performing activities of living, as measured by the Fugl-Meyer assessment for upper 338 

extremities (difference, 6.50 points; 95% confidence interval [CI], 6.06 to 16.94; 339 

p=0.02), the action research arm test (difference, 3.33 points; 95% confidence interval 340 

[CI], 4.97 to 10.53; p=0.003) and the modified Barthel index (difference, 11.22 points; 341 

95% confidence interval [CI], 8.12 to 26.88; p<0.001). 342 

Discussion 343 

We developed a postural synergy-based exoskeleton, Armule, to provide natural human 344 

movement training for stroke patients. Armule has five degrees of freedom to provide 345 

motion assistance for the shoulder and elbow. Eight stroke patients used this 346 

exoskeleton and underwent evaluations. Our preliminary test results showed that in 347 

general, Armule was successful in assisting stroke patients with rehabilitation training, 348 

and the subjects responded well to the exoskeleton, without adverse reactions related to 349 

the exoskeleton. Additionally, the exoskeleton assisted patients in reproducing the 350 

human upper limbs’ natural movements throughout the tasks. Under the main motor 351 

mode, the stroke subjects were able to actively complete functional exercises with the 352 

characteristics of natural human movement. 353 

Compared with previous exoskeleton rehabilitation robots, this rehabilitation robot has 354 
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the following characteristics. 355 

1. In the previous works[38, 44], the self-reaching movements of healthy volunteers 356 

are analyzed by the PCA method and extracted the above postural synergies, which 357 

can account for more than 80% of the natural movement variation. Since postural 358 

synergies of upper limb self-reaching movements were embedded in this 359 

exoskeleton’s structure, the motions generated by the exoskeleton were in line with 360 

the natural movement characteristics of the human upper limb. Recent studies[42, 361 

43] have shown that postural synergy can improve the efficiency of motor learning 362 

for healthy volunteers. To our knowledge, this is the first time a postural synergy 363 

based rehabilitation exoskeleton robot has been introduced into rehabilitation 364 

training for stroke patients[40, 41]. After 4 weeks of the intervention, all subjects 365 

showed significant improvements in the clinical outcomes, which indicated that 366 

using the postural synergy-based exoskeleton for rehabilitation training is safe and 367 

feasible. 368 

2. Our control strategy identified patients' movement intention and facilitated patients 369 

to actively participate in functional exercise training by using the admittance 370 

control method in the dimension reduction subspace. And unlike previous 371 

exoskeleton rehabilitation robots, the incomplete transparent control strategy 372 

limited the patients’ abnormal synergy movements and encouraged them to 373 

perform natural movements. The safety and satisfaction questionnaire showed that 374 

the non-transparent control strategy we adopted did not cause patient discomfort. 375 

According to the kinematic data analysis, after the 4-week intervention, the stroke 376 
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subjects were able to complete specific tasks with the assistance of the exoskeleton 377 

and maintain the smoothness and similarity of movement as healthy control. It 378 

means that abnormal synergy, tremor might be reduced after natural human 379 

movement training. In terms of the interaction force with the exoskeleton, the 380 

force’s smoothness greatly improved, which we speculated was related to the fact 381 

that the rehabilitation robot could only complete natural movements following 382 

human motion characteristics. The intention response rate results show that our 383 

exoskeleton can always perform the corresponding movements in response to the 384 

patient's intention to a certain extent (Figure 2). As the rehabilitation progressed, 385 

the rate of intention response increased; this suggests a decrease in abnormal 386 

synergistic or compensatory motor effects. Although all patients showed 387 

improvement in the interaction rate, the absolute magnitude of improvement was 388 

small, which may be related to the degree of muscle strength recovery in stroke 389 

patients. 390 

3. Our exoskeleton included a mechanical structure and control algorithm that 391 

compensated for gravity and friction, significantly improving the equipment's 392 

back-drive ability and the patient's ability to participate in training actively. In this 393 

way, the whole rehabilitation exoskeleton robot can be driven by only two active 394 

motors, which reduces the hardware cost and improves the possibility of the 395 

equipment promotion. 396 

4. We provided visual feedback during training to indicate the direction of the 397 

patient's efforts. Patients are encouraged to use a combination of active exercise 398 
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components close to those of healthy to reproduce the natural human movement, 399 

which may have helped accelerate motor function restoration in the patients[42]. 400 

Study limitations 401 

In this study, there are some limitations worth noting. First, the small sample of 402 

participants may limit the generalizability of our findings in terms of efficacy, despite 403 

the included patients having statistically significant improvements. Therefore, larger 404 

randomized controlled trials that include subjects with heterogeneous characteristics 405 

should be conducted to confirm the study results. Second, the relationships between the 406 

clinical improvements and robot test indicators need to be more carefully researched 407 

and explained. We plan to conduct larger studies to assess the correlations between the 408 

robot test index and clinical improvements and adopt motion capture technology and 409 

functional magnetic resonance imaging to uncover the evolution of the underlying 410 

motor synergies and neural mechanisms of motor performance improvement in stroke 411 

patients. Third, this exoskeleton generates motions by a linear combination of postural 412 

coordination primitives extracted from 5 self-reaching movements; thus, this 413 

exoskeleton only focuses on self-care activities and involves limited movements. In the 414 

future, we need to include more movement template libraries to expand the training 415 

task types of rehabilitation exoskeletons. 416 

Conclusions 417 

Our preliminary study shows that the subjects are well adapted to our device, assisting 418 
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the subjects in completing functional movements with the natural human movement 419 

characteristics. The preliminary clinical intervention results indicate that the postural 420 

synergy-based exoskeleton improved the subjects' motor control and their upper limbs’ 421 

ADL function. 422 
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 570 

 571 

Figure 1 A: Armule rehabilitation exoskeletal robot. B: Two active joints (red), three coupling joints 572 
(black). Pressure sensors and six-dimensional force/torque sensors were installed in the linkage cuffs of 573 
the forearm and upper arm, respectively, which were used to estimate the patient's motion intention. 574 
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 575 

 576 

Figure 2 The calculated movement intention of the patient might be inconsistent with the actual 577 
movement direction of the exoskeleton. The surface represents the workspace of the exoskeleton. F is 578 
the equivalent interaction force at the end of the exoskeleton, which was taken as the patient's motion 579 
intention. V is the actual velocity vector of exoskeleton in workspace. The Angle between F and V is 𝜃, 580 
which will be used for calculating intent response rate later in this article. 581 
 582 

 583 
Figure 3 A: The exoskeleton calculates and assists the patient in performing the natural reaching 584 
movement. B: The frying eggs task, there is visual feedback during training to indicate the direction of 585 
the patient's exercise efforts. The participants were asked to perform two sets of exercises per session. 586 
Each set consisted of 5 minutes of passive training and 10 minutes of active training. 587 
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 588 

 589 
Figure 4 Two exemplar subjects’ performance in the reaching tasks pre-treatment and post-treatment. 590 
The four panels represent the curves of the exoskeleton end trajectory in workspace during the time-591 
normalized tasks. As shown in the panels, the end trajectory in post-treatment(blue) are smoother and 592 
more focused than the end trajectory in pre-treatment(red). 593 
 594 

595 

Figure 5 Clinical outcomes, the primary outcome was the FMA-UE score, the secondary outcomes were 596 

the ARAT score and the MBI score. 597 

 598 
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Figure 3

A: The exoskeleton calculates and assists the patient in performing the natural reaching movement. B:
The frying eggs task, there is visual feedback during training to indicate the direction of the patient's
exercise efforts. The participants were asked to perform two sets of exercises per session. Each set
consisted of 5 minutes of passive training and 10 minutes of active training.
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Figure 4

wo exemplar subjects’ performance in the reaching tasks pre-treatment and post-treatment. The four
panels represent the curves of the exoskeleton end trajectory in workspace during the time-normalized
tasks. As shown in the panels, the end trajectory in post-treatment(blue) are smoother and more focused
than the end trajectory in pre-treatment(red).
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Clinical outcomes, the primary outcome was the FMA-UE score, the secondary outcomes were the ARAT
score and the MBI score.
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