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Abstract. Upper limb functional assessment plays an important role in rehabilitation protocols after stroke.
The current assessment process is labour-intensive and relies heavily on clinical experience. In order to objectively quantify the upper-limb motor impairments in post-stroke hemiparetic patients, this study proposes a
novel assessment method capable of fusing kinematic data and surface electromyography (sEMG) signals. During goal-directed movements, multi-modal data were collected synchronously, and the intra-channel statistical
features were served as the inputs of diﬀerent single-modality classiﬁers. In addition, inter-channel synergies
were quantiﬁed at the kinematic and muscular levels. Then, the outputs of single-modality classiﬁers and
synergy quantiﬁcation were integrated by a multi-modal fusion scheme, and three types of machine learning
algorithms were tested in the assessment framework. Experimental results demonstrated the classiﬁcation accuracy was improved to 94.4% by integrating the intra-channel and inter-channel characteristics from diﬀerent
modalities, and the assessment output exhibited a high consistency with the score of Fugl-Meyer Assessment (FMA). The promising performance suggests that the proposed method has the potential to evaluate the
eﬀectiveness of post-stroke rehabilitation.
Keywords: Post-stroke hemiparesis · Upper limb functional assessment · Motor synergies · Multi-modal fusion.

1

Introduction

Stroke is one of the most frequent causes of long-term disability in humans, and is induced by intracerebral haemorrhage or infarction [1]. Most post-stroke patients are left with severe upper-limb motor deﬁcits and experience
limitations in ADLs (activities of daily living) [2]. Long-term rehabilitation is considered essential to the recovery
of motor function in these patients. At the beginning of rehabilitation, functional assessment establishes a baseline
and determines the directions of interventions. At the end of therapeutic interventions, the same assessment is used
to evaluate the functional improvement and treatment eﬃcacy [3].
Conventionally, the assessment process is manually performed by clinicians through observation-based measures,
such as Brunnstrom stage of recovery [4] and Fugl-Meyer assessment (FMA) [5]. The conventional evaluation
methods depend heavily on clinical experience and hence result in subjective outcome. To facilitate the objective
and quantitative movement analysis, most previous studies have taken traditional clinical evaluation as a design
reference and used motion capture technology to acquire kinematic data of arm movements [6]. An important
limitation of such approaches is the ignorance of the abnormal muscle coactivation responsible for the observable
kinematic aspects [7].Therefore, to truly improve the objectivity, sensitivity and reliability of upper-limb function
assessment, both kinematic and muscular levels should be considered in the assessment system.
Furthermore, there are evidences that stroke can induce pathological synergies between shoulder and elbow
joints [4], and stroke survivors frequently have abnormal ﬂexion and extension synergies. These pathological multijoint synergies can be partially attributed to abnormal coactivation between muscles [8], for example, the coupling
of shoulder adduction with elbow extension could be due to the increased activation of pectoralis major and the
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limited activation of anterior deltoid. Consequently, muscle synergies are the major source of kinematic synergies,
and the combinations of them can be utilized as reliable markers of patients functional status in the assessment of
upper-limb motor function.
In order to automatically recognize the pathological patterns in patients, machine learning techniques have been
widely used as automated classiﬁers in recent years, which could provide qualitative and quantitative information
for clinical assessment. Many researchers applied classic classiﬁcation algorithms to evaluate upper-limb motor
impairments, including neural network [9], support vector machine [10], and random forest [11]. However, most
applications of machine learning in upper-limb function assessment have been so far limited to single-modal characteristics (e.g., kinematics), which might lead to insuﬃcient identiﬁcation of impairments and one-sided evaluation
outcomes.
In this study, we develop a novel multi-modal assessment framework to analyze motor synergies and evaluate upper-limb motor function. Kinematic data and surface electromyography (sEMG) signals were collected
synchronously during the feasible yet challenging reach-to grasp tasks, and served as the inputs of the fusion framework. There were two single-modality classiﬁers emphasizing the evaluation of intra-channel statistical features
at the kinematic and muscular levels. In addition, kinematic and muscle synergies were quantiﬁed by principal
component analysis (PCA) and k Weighted Angular Similarity (kWAS), which focused on the evaluation of interchannel coactivated features. To integrate the outputs of single-modality classiﬁers and synergy quantiﬁcation, a
multi-modal fusion scheme was established and three types of machine learning algorithms (support vector machine
(SVM), backpropagation neural network (BPNN) and random forest (RF)) were tested in the assessment framework. Under the proposed multi-modal framework, the upper limb movement disorders of post-stroke hemiparetic
patients can be reliably recognized and the assessment result exhibited high consistency with the score of standard
clinical tests.
The remaining parts of this study are organized as follows: Section 2 introduces our experimental set-up and
the acquisition of multi-modal data. Section 3 details the multi-modal fusion framework. Then experimental results
are presented and discussed in Section 4, and Section 5 concludes the paper.

2
2.1

Experimental Methods
Participants

Our experiments were conducted in China Rehabilitation Research Center (Beijing Bo’ai Hospital), and recruited
ten post-stroke hemiparetic patients (7 males, 3 females, mean age 44.5 ± 16.2) from the hospital. This study
included ten healthy controls (6 males, 4 females, mean age 42.3 ± 10).
The inclusion criteria for patients selection included: 1) the subject has experienced a ﬁrst-ever ischemic or
hemorrhagic stroke; 2) unilateral hemispheric lesions revealed by computed tomography or magnetic resonance
imaging; 3) no major post-stroke complication; 4) no severe cognitive deﬁcits; 5) able to accomplish unsupported
upper-limb reaching movement (at Brunnstrom III and above). In addition, inclusion criteria for control subjects
were able-bodied, and no history of neurological or musculoskeletal-related disabilities.
This research was reviewed and approved by the Ethics Committee of China Rehabilitation Research Center.
Written informed consent was signed by each subject prior to inclusion in the study.

2.2

Experimental Apparatus and Data Acquisition

In order to elicit goal-directed reach-to-grasp movements of diﬀerent positions and directions, we developed an
experimental platform with rotatable targets. There were nine cylindrical cups ﬁxed on the plate by magnets, which
could be rotated to the corresponding degree (see Fig. 1(a)). Multi-modal data was collected synchronously during
the goal-directed movements, including kinematic data and electrophysiological data. Speciﬁcally, we captured
kinematic data at 200Hz using a six-camera optical motion tracking system (Qualisys AB, Gothenburg, Sweden).
Eleven Qualisys super-spherical markers were attached to the participant’s upper limb at anatomical positions (see
Fig. 1(b)). For the acquisition of sEMG, a Biomonitor ME6000 (Mega Electronics Ltd., Kuopio, Finland) was used,
and ten-channel sEMG signals were recorded at 1000 Hz. Surface electrodes were attached to ten major muscles
according to human anatomical locations (see Fig. 1(b)). The above acquisition processes of multi-modal data were
synchronized via Qualisys Track Manager Software (Qualisys, Sweden).
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Fig. 1. Experimental set-up. (a) Illustration of the reaching task and reach-to-grasp tasks of diﬀerent directions. (b) Marker
placement: acromion, head of humerus, superior angle of scapula, medial edge of the humerus, head of radius, olecranon,
medial edge of the forearm, styloid process of radius, styloid process of ulna, second metacarpal bones, and ﬁfth metacarpal
bones. Surface electrodes placement: pronator teres, biceps brachii long head, triceps brachii lateral head, deltoid anterior
head, deltoid middle head, deltoid posterior head, pectoralis major, upper trapezius, brachioradialis, and extensor digitorum.

2.3

Experimental Protocol

In this study, we designed four experimental tasks consisting of one reaching task and three reach-to-grasp tasks of
diﬀerent directions, with the aim to assess the upper-limb motor capabilities in various postures. The post-stroke
participants were instructed to perform tasks with their aﬀected arm, and the healthy control group performed the
same tasks with the dominant arm. Participants were seated on a straight-backed chair with the hips and knees
ﬂexed 90◦ . In the initial posture, the paretic/ dominant arm rested on the center of the tabletop which was marked
as the starting position, and the other arm rested on the ipsilateral thigh.
Within the reaching task, each participant used his/her index ﬁnger to point each of the nine targets successively.
Within the reach-to-grasp task, the participant was instructed to make reaching movements and grasp each handle
in a comfortable posture. For the three reach-to-grasp tasks, the orientations of handles for grasping were 0◦ , 45◦ ,
90◦ relative to the direction of gravity, respectively. After a verbal ’go’ signal, participants moved from the starting
position to point or grasp the instructed target, and then returned to the initial posture. It is worth noting that
the completion of the four tasks was considered as a successful trial, and there were at least three trails for a single
participant. In all experiments, participants were instructed to keep the back against the chair with the aim to
decrease compensatory trunk movements.
2.4

Data Preprocessing

For kinematic data, three-dimensional coordinates of markers were low-pass ﬁltered with a fourth-order Butterworth
ﬁlter at 6 Hz. Then we calculated the joint angles for seven primary arm motions, i.e., shoulder internal-external rotation, shoulder ﬂexion-extension, shoulder adduction-abduction, elbow ﬂexion-extension, wrist supination-pronation,
wrist ﬂexion-extension, and wrist radio-ulnar deviation. In addition, the swivel angle was also calculated to represent the the characteristics of human arm redundancy resolution. The mathematical calculations used to derive the
joint angle and swivel angle can be found in [12].
For electrophysiological data, the ten-channel sEMG signals were band-pass ﬁltered from 20 to 200 Hz, which can
remove DC oﬀset and high-frequency noise. Then we applied full-wave rectiﬁcation to convert the EMG amplitude
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Fig. 2. Multi-modal data fusion architecture for upper extremity functional assessment.

to positive value. After the above steps, a low-pass Butterworth ﬁlter with cutoﬀ frequency 5 Hz was adopted
to eliminate high-frequency noise introduced by full-wave rectiﬁcation, and obtain the smooth envelope of sEMG
signals.

3

Multi-modal Data Fusion Framework for Synergies Analysis and Functional
Assessment

In this section, the preprocessed kinematic data and sEMG signals were further analyzed by a multi-modal data
fusion framework (see Fig. 2). For the analysis of intra-channel statistical features , single-modality classiﬁers were
established at the kinematic and muscular levels, respectively. For the quantiﬁcation of inter-channel coactivated
features, PCA and kWAS were applied to kinematic synergies and muscle synergies. Then, the outputs of singlemodality classiﬁers and synergy quantiﬁcation were fused to achieve comprehensive assessment of upper extremity
functional status.
3.1

Single-modality Classifier

The upper-limb assessment system consists of two single-modality classiﬁers, which emphasize the evaluation at the
kinematic and muscular levels, respectively. Three types of machine learning algorithms were adopted to construct
candidate classiﬁers, including SVM, BPNN and RF. Speciﬁcally, we built the SVM classiﬁer with a radial basis
kernel function (RBF), and estimated posterior probabilities from the output by Platts method [13]. The BPNN
consisted of three layers, which adopted sigmoid function as the activation function of output layer, and optimized
the weights and biases by the gradient descent algorithm.
For kinematics-based classiﬁer, the input feature vector included the statistical features of the joint angles and
swivel angle, i.e., average (AVG) and standard deviation (SD), which can quantify abnormal joint trajectory and
redundancy resolution in patients with stroke. For sEMG-based classiﬁer, mean absolute value (MAV) and SD were
utilized as the the input feature vector, with aim to quantify the impairment in muscle activation. Therefore, the
feature vector of the two single-modality classiﬁers can be uniformly deﬁned as:
m
m
m
m
Qm = {υt1
, υt2
, υt3
, υt4
},
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where m is the number of modalities, υt1
, υt2
, υt3
and υt4
denotes the statistical features of the reaching task
◦
◦
◦
and reach-to-grasp tasks (0 / 45 / 90 ), respectively. When m = 1, Q1 represents the input vector of sixty-four
dimensions fed to the kinematics-based classiﬁer, and when m = 2, Q2 is the input vector of eighty dimensions for
the sEMG-based classiﬁer.
Based on the input feature vector, the output vector of the single-modality classiﬁer can be described as:

dm = f m (Qm ),
m

(2)
m

where f denotes the candidate classiﬁer of the mth modality, and d is the corresponding predicted probability
which represents the possibility of each participant’s motion pattern belonging to a certain class.
3.2

Quantification of Upper-limb Synergies

In order to quantitatively describe kinematic and muscle synergies in post-stroke hemiparetic patients, we applied
PCA and kWAS to diﬀerentiate the synergies in patients and healthy controls. The evaluation procedure can be
summarized as follows:
(1) For each participant, the preprocessed kinematic data of the four diﬀerent tasks in a trial were pooled
together and standardized, then eigenvectors and eigenvalues were calculated based on the correlation matrix.
Further, principal components (PCs) can be extracted from the observation samples. As each PC described a linear
combination of joint angles, the extracted PCs represented kinematic synergies in the goal-directed movements.
Similarly, muscle synergies can be described by PCs calculated from ten-channel sEMG signals.
(2) Once kinematic and muscle synergies was characterized mathematically, the diﬀerence between the pathological and normal synergies can be quantiﬁed at the kinematic and muscular levels. We adopted the kWAS [14]
to compare the subspace spanned by the set of PCs across participants. Thus, the angular similarity of two such
subspaces can be calculated according to
 /

/ n
n
n
∑
∑
1 ∑
ψ (S1 , S2 ) =
σj + λi
λj ) |ui · vi |,
(σi
(3)
2 i=1
j=1
j=1
where σi and λi are the ith eigenvalues corresponding to the eigenvectors ui and vi of diﬀerent correlation matrices,
respectively. For the evaluation of altered joint coordination, S1 and S2 represent the kinematic synergies extracted
from a single participant and the health control group, n = 7 determines that all inter-joint synergies are considered.
Similar computation was carried out to examine the changes in muscle synergies, and n = 10 retains all coactivation
patterns of ten major muscles.
Consequently, for each participant, ψ ks and ψ ms quantitatively described the impairments in kinematic synergies
and muscle synergies, which can provide objective evaluation of functional status. It can be veriﬁed that the value
of ψ ks and ψ ms ranges over [0, 1], and the smaller value indicates the worse motor functional status.
3.3

Multi-modal Fusion Scheme

To reliably distinguish pathological postural patterns from normal movement patterns and to comprehensively
analyze the upper-limb motor function in post-stroke patients, a multi-modal fusion scheme was proposed in this
study, and three fusion algorithms were employed, including kernel learning algorithm (SVM), neural networks
(BPNN) and probabilistic models (RF). The input feature vector of the fusion model contained the outcome
prediction of intra-channel statistical features and inter-channel synergies analysis, thus the four probabilities were
integrated to construct the input vector:
Y = G(dk , dm , ψ ks , ψ ms ),

(4)

where dk and dm are the predicted probabilities of the kinematics-based and sEMG-based classiﬁers respectively,
ψ ks and ψ ms are the evaluation outcomes of kinematic synergies and muscle synergies respectively, G denotes the
fusion algorithm, and Y is the multi-modal predicted probability.
In order to achieve eﬀective training of the multi-modal fusion model, the following procedures were worthy of
note. Firstly, all participants’ datasets were pooled together and divided into three non-overlapping parts, which
were set to 40%, 30% and 30% of the whole dataset. Subsequently, the ﬁrst part and corresponding ground-truth
labels were applied to build candidate single-modality classiﬁers. In the next step, the second part was utilized
to test above classiﬁers with aims to select the optimal single-modality classiﬁer at the kinematic and muscular
levels. The outputs of optimal single-modality classiﬁers were integrated with evaluation outcomes of synergies to
construct a new input feature vector. Then the input feature and corresponding ground-truth label were utilized to
build the multi-modal fusion model. In addition, the remaining 20% were employed as the testing dataset.
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Experimental Results
Performance of Qualitative Classification

In this study, we employed accuracy, precision and recall to evaluate the performance of qualitative classiﬁcation,
which can be formulated as:
Acc =

TP + TN
TP
TP
, Pre =
, Rec =
,
TP + FN + FP + TN
TP + FP
TP + FN

(5)

where T P and F P denote the number of the true and false post-stroke patient identiﬁcation, respectively; T N and
F N denote the number of the true and false normal person identiﬁcation, respectively.
For the six candidate single-modality classiﬁers, the classiﬁcation performance was measured based on the testing
set. Table 1 summarizes the overall accuracy, precision and recall derived from each single-modality classiﬁer, and
the optimal results for each modality are highlighted in pink. As can be seen, SVM achieved 83.3% accuracy and
maximized F1-measure in kinematic data classiﬁcation, which outperformed BPNN and RF classiﬁcation models.
For sEMG signals, BPNN-based classiﬁer demonstrated good performance as evident from the higher accuracy
(88.9% compared to 88.3% and 77.8%) and higher F1-measure (88.9% compared to 82.4% and 80.0%). It is worth
noting that above optimal single-modality classiﬁers were consistent with the results from the training set.
Table 1. Overall Accuracy (%), Precision (%) and Recall (%) of Diﬀerent Single-modality Classiﬁers

Performance
Measures
Accuracy
Precision
Recall
F1-measure

Kinematics-Based
Classiﬁer
SVM
BPNN
RF
83.3
77.8
77.8
85.7
75.0
83.3
75.0
75.0
62.5
80.0
75.0
71.4

sEMG-Based
Classiﬁer
SVM
BPNN
RF
83.3
88.9
77.8
77.8
80.0
66.7
87.5
100.0
100.0
82.4
88.9
80.0

In order to explore whether the quantiﬁcation of upper-limb synergies can be beneﬁcial to the assessment system,
only outputs of single-modality classiﬁers were fed to the multi-modal fusion model, and the model was retrained
with the strategy in Section 3.3. Table 2 presents the performance of the incomplete and complete fusion models,
and the optimal fusion results are shown in pink highlighted cells. Under the original fusion architecture, SVM and
BPNN displayed the best classiﬁcation performance with the accuracy of 94.4%, and the classiﬁcation accuracy was
improved by 5.5% compared with the incomplete fusion model. It supports our hypothesis that the evaluation of
upper-limb synergies has a positive eﬀect on overall performance of the assessment system.
Table 2. Overall Accuracy (%), Precision (%) and Recall (%) of Diﬀerent Multi-modal Fusion Models

Performance
Measures
Accuracy
Precision
Recall
F1-measure

Multi-Modal Fusion Scheme
(Without Synergies Analysis)
BPNN
RF
SVM
88.9
88.9
83.3
80.0
80.0
85.7
100.0
100.0
75.0
88.9
88.9
80.0

Multi-Modal Fusion Scheme
(Including Synergies Analysis)
SVM
BPNN
RF
94.4
94.4
88.9
88.9
88.9
80.0
100.0
100.0
100.0
94.1
94.1
88.9

To further explore the optimal algorithms for the complete and incomplete fusion models, receiver operating
characteristic (ROC) curves [15] were plotted and the area under the ROC curve (AUC) values were calculated.
Fig. 3 depicts the ROC curves of two multi-modal fusion schemes. It can be seen that SVM attained higher AUC
value than the other two fusion algorithms in each scheme. By integrating inter-channel synergies analysis at the
kinematic and muscular levels, the SVM-based fusion model displayed superior performance in distinguishing the
pathological movement characteristics (0.9750 compared to 0.9250).
Australian Journal of Intelligent Information Processing Systems

Volume 15, No. 4

ICONIP2019 Proceedings

1

31

ROC Curves for multi-modal fusion scheme
(without synergies analysis)

1
0.8

True positive rate

True positive rate

0.8
0.6
0.4

SVM (AUC=0.9250)
BPNN (AUC=0.9150)
RF (AUC=0.8250)

0.2
0

ROC Curves for multi-modal fusion scheme
(including synergies analysis)

0

0.2

0.4

0.6

0.8

False positive rate
(a)

0.6
0.4

SVM (AUC=0.9750)
BPNN (AUC=0.9250)
RF (AUC=0.9250)

0.2

1

0

0

0.2

0.4

0.6

0.8

1

False positive rate
(b)

Fig. 3. ROC curves and AUC values for (a) the multi-modal fusion scheme without synergies analysis and (b) the multi-modal
fusion scheme including synergies analysis.

By comparing the optimal classiﬁcation performance of single-modality classiﬁers and multi-modal fusion models,
we can conclude that the integration of multi-modal characteristics can improve the general classiﬁcation accuracy,
and further improvement was achieved when the quantiﬁcation of motor synergies were incorporated into the fusion
scheme.
4.2

Performance of Quantitative Assessment

As the predicted probability of the single-modality classiﬁers or multi-modal fusion model can represent the possibility of the participant’s motion pattern belonging to a certain class, a quantitative assessment score was derived
from the probability, which named as upper-limb function score (ULFS). The ULFS ranges over [0, 1], and the value
is closer to 1 when the upper-limb motor ability approaches normal status.
In order to verify the eﬀectiveness of the proposed assessment method, the correlation between the ULFS and the
score of Fugl-Meyer Assessment-Upper Extremity (FMA-UE) was explored by using Pearson correlation test with
a signiﬁcance level of 0.05. Prior to the experiment, each post-stroke participant was examined by an experienced
therapist for the FMA test. FMA-UE scores range over [0, 66], and a lower score indicates that the upper limb
motor abnormality is more extensive. Based on the qualitative classiﬁcation performance described in Section 4.1,
the four optimal classiﬁers were chosen as representatives to investigate their quantitative assessment performance
on the testing set. The correlation between the ULFSs and FMA-UE scores is depicted in Fig. 4, and the Pearson
correlation coeﬃcient for each condition is shown in subgraph.
It can be seen that there was an obvious positive correlation between the ULFSs and FMA-UE scores (P < 0.05),
indicating a linear relationship between two kinds of scores. Furthermore, the highest correlation coeﬃcient was
achieved by the multi-modal fusion model (R = 0.8093, P = 0.0150), which substantiated that the outcome exhibited high consistency with the clinical score of the traditional assessment test, and hence the proposed multi-modal
assessment method has the potential to provide quantitative diagnosis for clinical decision-making.

5

Conclusion

This study proposes a novel assessment framework capable of fusing kinematic data and sEMG signals, with
aims to analyze upper-limb synergies and assess upper-limb motor deﬁcits. The contribution of this framework
is to integrate the evaluation outcomes from diﬀerent modalities, which emphasize both intra-channel statistical
features and inter-channel coactivated features. For the kinematic level and muscular level, two optimal singlemodality classiﬁers were built to delineate movement disorders that impair upper-limb motor ability, as well as
the abnormal muscle coactivation responsible for the observable motor deﬁcit. In addition, the quantiﬁcation of
muscle and kinematic synergies were utilized as reliable markers of upper extremity functional status in post-stroke
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Fig. 4. Correlation analysis between the ULFSs and FMA-UE scores for (a) kinematics-based classiﬁer (SVM), (b) sEMGbased classiﬁer (BPNN), (c) multi-modal fusion scheme without synergies analysis (SVM), and (d) multi-modal fusion scheme
including synergies analysis (SVM).

hemiparetic patients. Furthermore, the outputs of diﬀerent modal classiﬁers and synergy quantiﬁcation were fused
by a multi-modal fusion scheme to achieve comprehensive assessment of upper-limb motor function. Experimental
results demonstrated that the proposed assessment method was capable of classifying post-stroke patients with high
accuracy (94.4%), and its outcomes exhibited good consistency with FMA-UE scores (R = 0.8093, P = 0.0150).
The obtained results suggest the feasibility of applying the proposed method into the clinical assessment for
post-stroke patients with upper limb hemiparesis, and the future research will concentrate on experiments involving
a larger population to improve the qualitative classiﬁcation performance and quantitative assessment performance.
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