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Abstract.
BACKGROUND: Nowadays, stroke is a leading cause of disability in adults. Assessment of motor performance has played
an important role in rehabilitation for post stroke patients. Therefore, it is quite important to develop an automatic assessment
system of motor function.
OBJECTIVE: The purpose of this study is to assess the performance of the single task upper-limb movements quantitatively
among stroke survivors.
METHODS: Eleven normal subjects and thirty-five subjects with stroke were involved in this study. The subjects, who were
wearing the micro-sensor motion capture system, performed shoulder flexion in a sitting position. The system recorded threedimensional kinematics data of limb movements in quaternions. By extracting the significant features from these data, we built
a linear model to acquire the functional assessment score (FAS).
RESULTS: All of the kinematics features have a significant statistical difference (P < 0.05) between patients and healthy
people, while the feature values have a high correlation with Fugl-Meyer (FM) scores (r > 0.5, p < 0.05), indicating that
these features are able to reflect the level of motion impairment. Furthermore, most samples of the linear model locate in the
confidence interval after regression, with the residual approaching a normal distribution. These results show that the FAS is
capable of motor function assessment for stroke survivors.
CONCLUSION: These findings represent an important step towards a system that can be utilized for precise single task motor
evaluation after stroke, applicable to clinical research and as a tool for rehabilitation.
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1. Introduction
Stroke is a leading cause of disability in adults, and its incidence is expected to increase with the aging
people [1]. Assessment of motor performance has played a very important role in Neuro-rehabilitation
and research, especially for survivors early after stroke [2,3]. As the report shows, severe impairments
of the upper-limb happen as much as 50% among stroke survivors [4]. The outcomes of upper-limb
rehabilitation lag behind those for the lower limb in ambulation. One of the major reasons is the lack of
an efficient assessment technique.
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In this context, researchers and clinicians have focused their attention on the development and application of the assessment to motor performance. In traditional, motor assessment is based on the clinicians’
judgment, which depends on their acute observational skill entirely. Due to the diversity of the clinicians’
expertise, it is hard to guarantee the consistency of assessment criteria. Two of the most acceptable approaches are Wolf Motor Function Test (WMFT) and Fugl-Meyer (FM) assessment method [5,6].
On the other hand, some researchers employ robot-aided rehabilitation facilities to record the quantitative movement data, which could provide useful information to evaluate motor performance without
clinicians’ experience [7,8]. While, the range and degree of freedom of motion are limited by the robotic
machines [9], causing the evaluating results of functional motor performance inconsistent with our daily
life ones. Another way to record patients’ kinematic data is optical method by measuring the location
of infrared reflective markers attached to the patient via several cameras [10,11]. These systems have
no limits to the range or degree of freedom of motion, which make a minimal burden to the patients.
However, both the robotic and optical systems require a lot financially and spatially, leading to their
employment in rehabilitation center only.
Recently, wearable sensor system has a good momentum in this field. Patel used accelerometers to
record the motion of stroke survivors. Through these data, they extracted some features and quantitatively evaluated the performance of the motion [12,13]. This study perfectly overcomes the drawbacks
of traditional assessments, such as the waste of human resources and diverse results due to subjective
evaluation. In addition, it is more inexpensive and portable than robotic and video systems. Nevertheless, it is obviously difficult to represent the motion completely and to extract significant features only
by acceleration data. Cruz and his group developed a portable system instead of manual WMFT. They
collected kinematics data by their motion capture system and quantitatively evaluate the motion performance based on the classified method according to WMFT [14]. However, they merely acquired the
binary features in each task, which cannot provide sufficient information for further study in rehabilitation.
In this paper, we present a novel approach to assess upper-limb movements quantitatively by a single
task. A Micro-Sensor system records the movements of people. Later, five quantized significant features
are extracted using a new method. At last, a linear model is established to get a comprehensive evaluation
result of the movement.
2. Materials and methods
2.1. Subjects
Thirty-five stroke survivors and eleven age-matched control subjects participated in the study, who
were recruited from the Peking University first hospital. All patients studied suffered from a unilateral
cortical and subcortical lesion resulting from either an ischemic or a hemorrhagic stroke. They were
assessed functional impairment of the upper-limb by a Fugl-Meyer score less than 66. All participants
gave informed consent before experimentations.
2.2. Test description
The subjects were requested to sit, wearing our micro-sensor motion capture system. After receiving
the instruction, they performed shoulder flexion to 90 degrees and held on for 2–3 seconds, the same
way as getting objects in our daily life. The system recorded real-time motion data throughout the whole
experiment.
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Fig. 1. The motion capture system.
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Fig. 2. Senor segment mapping and the hierarchical upper
limb model.

2.3. Motion capture system
The motion capture system is a set of wearable wireless devices exploited by our team, as Fig. 1.
The system consists of several sensor modules to record the movement of human body. Each of sensor
modules integrate 9-axis sensor that combines a 3-axis MEMS gyroscope, a 3-axis MEMS accelerometer, and a 3-axis MEMS magnetometer (sees MPU9150 datasheet for more details). We implement the
quaternion-based MARG (Magnetic, Angular Rate, and Gravity) sensor fusion algorithm to estimate
the orientation of the modules [15]. With the sensor modules fixed on the body segments, the human
motions could be obtained by our kinematics algorithm on the basis of the orientation of sensors. The
senor segment mapping and the hierarchical upper limb model is shown in Fig. 2. In this experiment,
data from two modules, which are placed on torso and upper-arm, are involved to track shoulder activity.
2.4. Data processing
Quaternions are very useful and have been applied successfully in Vision and Graphics. A quaternion
has the form of Eq. (1), which can be used to rotate any 3D point in space, around an arbitrary axis [16].
The trunk, upper-arm, forearm, and hand are regarded as rigid bodies. Therefore, the rotation of joint
can be expressed in quaternion, computed by the orientation of conjoint limbs as Eq. (2). The symbol
q L1 L2 represents the rotation of joint, and q GL1 , q GL2 are the orientations of the limbs.
q = (q0 q1 q2 q3 )
q

L1 L2

= (q

GL1 −1

)

⊗q

GL2

(1)
(2)

In most of the studies, each limb segment corresponded to a translational 3D vector in a kinematic
model. The length of each segment is specified according to the normalized dimensions. The current
3D position of each joint is calculated to represent upper-limb movement [14,17,18]. However, there
are many defects in this way. Firstly, simplifying the rigid body to 3D vector may cause the loss of the
degree of freedom (roll rotation). Secondly, for further data analysis, the trajectory of joint need to be
projected into a plane of motion and a corresponding vertical plane. Since the motion plane is always
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defined by people, there would be a deviation from the actual plane, which can bias the results of the
analysis.
In this paper, to identify the occurrence of movement of the shoulder joint, the real-time rotation angle
θ and rotation axis [x, y, z ] are computed using quaternion from its initial to the moment as Eqs (3) and
(4).
θ = 2 ∗ arccos(q0 )


q2
q3
q1
[x, y, z] =
,
,
sin θ2 sin θ2 sin θ2

(3)
(4)

2.5. Feature extraction
To exploit more information, significant features are extracted from the motion data. With these features, the performance of the motion can be explored better. Before feature extraction, the motion data
is sectioned into two subsections: isometric contraction and isotonic contraction. Features are extracted
from these parts respectively. There are five features given as follows.
2.5.1. Torso balance
In the clinical practice, some patients can hardly complete the action by controlling their upper limbs.
Therefore, torso movement is involved as a compensation. To quantify the compensation of the torso,
the change of attitude is recorded throughout the whole movement. The greater the value is, the more
serious the patient’s torso compensatory condition is. Torso balance is calculated as Eq. (5), in which
θT or is the rotation angle of the torso estimated via Eq. (3) during the whole movement.
BalTor = log [var(θTor )]

(5)

2.5.2. Range of motion
Each specific joint has a normal range of motion. A limited range of motion indicates that the joint
has a reduction in its ability to move. The reduced motion may reflect a mechanical problem with the
specific joint caused by stroke. The range of motion is a very useful indicator to quantify the performance
of movement, and an important factor in most impairment guides as well [19,20]. In this paper, the mean
value of joint angle during isometric contraction was defined in the range of motion as Eq. (6), in which
θmet is the rotation angle of the shoulder during isometric contraction calculated in Eq. (3).
RanMot = mean(θmet )

(6)

2.5.3. Angle divergence
Stroke patients usually suffer from upper-limb motion disorders and cannot maintain a posture for a
period of time. The ability to maintain a posture can be quantified by the change in the angle of the
joints during isometric contraction, in the form of angle divergence as Eq. (7), where a is the weight
of the impact factor in angle, and [xmet , ymet , zmet ] is the rotation axis of the shoulder during isometric
contraction obtained in Eq. (4).
AngDiv = log [a ∗ var(θmet ) + var(xmet ) + var(ymet ) + var(zmet )]

(7)
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2.5.4. Movement velocity
Stroke always causes reduction of movement efficiency, which is a prominent appearance of motor
ability reduction. The movement velocity of the shoulder is expressed as Eq. (8). θstart , θend are initial
and final rotation angle of the shoulder during isotonic contraction respectively acquired through Eq. (3);
t is the time duration of isotonic contraction.
VelMov =

θend − θstart
t

(8)

2.5.5. Smoothness of movement
The smoothness of movement has a high correlation with motor ability. Most studies used jerk metric
of the joint trajectory to quantify the smoothness of movement [21]. In this paper, we use the stability of
the rotation axis to quantify the smoothness of movement, which has been proved better than jerk in this
application, as Eq. (9). [x y z ] is the axis of rotation during isotonic contraction calculated by Eq. (4);
xfit , yfit , zf it is the polynomial fitting curve of x, y , z respectively, obtained by MATLAB function polyfit.
SmoMov = log [mean(x − xfit ) + mean(y − yfit ) + mean(z − zf it )]

(9)

2.5.6. Nonlinear transformation
To make it reflect motor function intuitively and fit the model better, the features should have a high
linear correlation with FM score. To improve the linear correlation, the function log is involved as a
nonlinear transformation in this study, as Eqs (5), (7) and (9).

2.5.7. Validity of the feature
Two kinds of evaluation standards are applied to verify the validity of the features. Firstly, the features should distinguish between patient group and normal group. Statistical hypothesis testing is used
to estimate significant difference. The test rejecting the null hypothesis at the 0.05 significance level is
acceptable. Secondly, the feature and FM score should have the linear correlation. It is acceptable if the
linear correlation coefficient is more than 0.5 and p-value is less than 0.05. The results of the evaluation of the range of the motion are shown in Fig. 3, suggesting that all the features meet both of the
requirements above.

2.6. Function assessment score
To get a comprehensive assessment result of the upper-limb motor function in the single task, the linear
model of the features is established to calculate FAS, shown as Eq. (10). X1 − X5 represent the values
of the features; β0 − β5 are the corresponding weight coefficients, which are obtained by optimizing.
There is a consensus that FAS should have a correlation with FM score. Therefore, we apply multiple
linear regression to determine the optimal coefficient.
FAS = β0 + β1 X1 + β2 X2 + β3 X3 + β4 X4 + β5 X5

(10)
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Table 1
The mean and variance of feature value
Mean ± Standard deviation
P (< 0.05)
Affect
Control
0.60 ± 1.677
−1.80 ± 1.123
0.000
48.5 ± 15.48
67.8 ± 7.387
0.000
−8.35 ± 1.519
−10.5 ± 0.623
0.000
1.39 ± 0.442
6.16 ± 0.677
0.000
−4.43 ± 0.658
−4.98 ± 0.282
0.011

BalTor
RanMot
AngDiv
VelMov
SmoMov

Fig. 3. Analysis of significant difference and correlation.
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Table 2
The correlation between feature value and FM score
Evaluation indicators
Related coefficient
P (< 0.05)
BalTor
−0.56
0.000
RanMot
0.72
0.000
AngDiv
−0.68
0.000
VelMov
0.72
0.000
−0.52
0.001
SmoMov
R=0.95 P=6.4e-18
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Fig. 6. The shoulder flexion FAS and the Fugl-Meyer Score.

3. Results
3.1. Feature validity
Five significant features are extracted from eleven normal subjects and thirty-five subjects with stroke.
Table 1 contains the mean and variance of patients group and healthy group. The result of the significant
test shows that five features proposed in this paper have a significant statistical difference (P < 0.05)
between patients and healthy people. Table 2 displays the correlation between feature value and FM
score. All of the related coefficients’ absolute value is more than 0.5. The result suggests that the features
are able to reflect the level of motion impairment.
3.2. Regression model
The parameters of linear model are determined via regression analysis. We apply the residual analysis
to examine the quality of the fitted model. The error bar of the confidence intervals on the residuals is
shown in Fig. 4 and residual histogram in Fig. 5. After regression, most samples of the linear model are
within the confidence interval. Furthermore, the distribution of the residual is very similar to Gaussian.
These justify the rationality of fitted model.
3.3. Shoulder flexion FAS
The quantitatively single task function assessment has been implemented. The shoulder flexion FAS
and corresponding Fugl-Meyer score of thirty-five subjects with stroke (as Fig. 6) suggest that the FAS
has a high liner correlation with Fugl-Meyer score in this experiment.
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4. Conclusions
In this study, an upper-limb quantitative assessment based on single task is proposed. The micro-sensor
system accurately records kinematic data with great convenience. Different from former clinical scaling and similar automated method [14], this approach can acquire an integrated quantitative evaluation
results aimed at a particular action rather than a simple rating. In addition, the five significant features
based on real-time rotation angle and axis reflect the performance of upper-limb movement intuitively
and are very helpful for the diagnosis and rehabilitation of stroke.
The FAS, as an evaluation of a particular task proposed in this paper, is acquired via the linear model
optimized by FM score. In the future, we may not need the new patient’s FM score any more, if there
were the enough dataset to support. The performance of the regression model shows that it is possible
to predict comprehensive upper-limb evaluation results roughly using single task assessment in Figure
6. To achieve a similar result of the clinical scaling assessment, several specific movements would be
involved in this model.
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