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Abstract

Background: With the rapid increase of stroke incidence in recent years
worldwide, home-based rehabilitation training has become more needed,
especially for remote regions or in developing countries where rehabilitation
resources are scarce. Studies have demonstrated that home-based rehabilitation
for poststroke patients is essential for reducing the cost as well as for providing
efficient rehabilitation. Nevertheless, home-based rehabilitation training requires
effective professional support and timely evaluation.

Method: In this paper, a home-based rehabilitation quality evaluation method
for lower limb training was proposed. The kinematic data of a patient’s lower
limb during a set of selected training exercises was captured by a wireless body
area sensor network (WBASN). The data was then processed by a convolutional
neural network (CNN) based algorithm to classify the rehabilitation training type
and to evaluate the training quality. A series of kinematic features were selected
for rehabilitation quality scoring. The experiments have been conducted using 26
human participants, including 6 healthy participants and 20 stroke patients at
different Brunnstrom recovery stages.

Results: An accuracy of 95.3% has been achieved for recognizing the
rehabilitation training types and a statistically significant positive correlation has
been obtained between the objective scores and the Brunnstrom stages evaluated
by the clinicians.

Keywords: home-based stroke rehabilitation; training quality evaluation; CNN;
early supported discharge

Introduction

Cerebral stroke is an acute cerebrovascular disease, which refers to the sudden rup-

ture of blood vessels in the brain or damage to brain tissue caused by blood vessel

blockage. It has the characteristics of high morbidity, high mortality, high disability

rate, high recurrence rate and many complications [1]. With the advanced acute

stroke treatments, especially the medical care provided for acute stroke, there has

been a rise in the overall survival rate of stroke. Nevertheless, for stroke survivors,

the majority of them suffer from different forms of disability [2]. Hemiplegia is a

common limb dysfunction after stroke. Relevant studies have shown that approxi-

mately 70 80% of stroke patients have various degrees of limb dysfunction [3]. How-

ever, post-stroke patients can still recover their body functionalities to a certain
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extent through appropriate stroke rehabilitation, thereby improving their quality

of daily life [2, 4]. During the rehabilitation process, the frequency, environment

and training method can greatly affect the efficiency of the rehabilitation process.

Therefore, professional support under supervision and nursing is critical for patients

to restore their physical functionalities and reduce their dependence on others in

daily life activities (DLA). Classification of impairment levels is another essential

role in rehabilitation, with its manifestation of recovery extent during rehabilitation

process. Brunnstrom recovery stage is a well-known classification approach that pro-

vides a standardized pattern for the recovery progress. With the simplicity of this

approach, the rehabilitation progress can be divided into six Brunnstrom stages.

Beginning from the stage of flaccidity to the stage at which spasticity disappears

completely, the Brunnstrom stage increases from stage I to V I accordingly [5]. At

present, the Brunnstrom stage classification can only be performed by experienced

physicians, thus the accuracy of classification results is subject to physicians’ obser-

vation inevitably. On top of that, as a long-term process, poststroke rehabilitation

usually involves a large consumption of health service resources from the healthcare

system [6].

Early supported discharge (ESD) is a home-based rehabilitation modality that

can effectively alleviate the enormous stress of health service resources. Compared

to conventional medical care, the ESD rehabilitation service can lessen the hos-

pitalization duration of patients by 8 days [7]. However, a support mechanism is

required to facilitate the implementation of home-based rehabilitation for patients

and their families [2]. The main components of this mechanism are automatic recog-

nition of rehabilitation training movements and quality assessment of rehabilitation,

which contribute to remote monitoring and evaluation of home-based rehabilitation

training programs [4].

With the advancement in telemedicine technology and rehabilitation robot tech-

nology, more studies have been carried out on remote guidance and monitoring of

home-based rehabilitation for stroke patients by using a body sensor network com-

posed of multiple sensor nodes [8, 9]. In [10], two wireless inertial measurement units

(IMU) and one wireless sEMG sensor were utilized to measure the acceleration of

specified lower limb movements and EMG signals of related muscles of stroke pa-

tients. Their research used the support vector machine (SVM) classifier to classify

the impairment level of lower extremities into Brunnstrom stages, and ultimately

achieved an accuracy rate of 95.2%. However, the type of rehabilitation motions is

limited in their research, with only one rehabilitation motion taken into account.

In [11], 14 IMU sensors were used to develop a quality assessment system for daily

rehabilitation activities. Their system can provide effective monitoring for rehabil-

itation activities of stroke patients, whereas due to the complex system setup, it is

not suited to apply on a large scale. Liao et al. proposed a framework of rehabili-

tation training evaluation based on deep learning [12]. The optical motion capture

system was used to acquire rehabilitation training data of stroke patients. Principal

component analysis (PCA) was introduced for feature dimensionality reduction and

deep learning was applied for rehabilitation training quality assessment. Neverthe-

less, their system was expensive, so the cost of large-scale applications was high.

Therefore, there was still limited research conducted on monitoring and evaluation

of quality of rehabilitation movements of lower limbs for stroke patients.
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In this paper, an innovative evaluation method based on a convolution neural net-

work (CNN) algorithm was proposed for home-based lower-limb rehabilitation for

stroke patients. A wearable body area sensor network comprising two IMU acceler-

ation sensors was deployed for acquiring kinematic data. The convolutional neural

network (CNN) algorithm was utilized to process kinematic data and to classify

the rehabilitation movement types. A quality scoring system was proposed by em-

ploying a set of selected evaluation parameters to provide quantitative assessment

for the lower-limb mobility of stroke patients. The proposed system contrives to

monitor rehabilitation motions and evaluate the quality of home-based rehabilita-

tion training, in particular the lower-limb training, therefore providing the essential

support for the stroke patients to carry out home-based rehabilitation training.

Results

In this section, the results of the training motion classification and the rehabilitation

quality scoring method will be presented followed by a discussion.

Training movement Recognition Results

Table 1 shows the training movement accuracy of the CNN-based algorithm us-

ing the K-fold cross-validation method, where K is set as 5. It can be seen that

the recognition accuracy of lower limb rehabilitation movements is high, with the

highest, the lowest reaching 100%, 91.7%, respectively. Among five folds, accuracies

of two folds (Split 1 and Split 2) reaches 100%, which indicates that the training

motions were all accurately predicted in these two folds. This reveals that the CNN-

based model performs well in recognition of the rehabilitation training movements.

In addition, A mean accuracy of 95.3% with a standard deviation of 3.9% has been

obtained. Generally, this accuracy suggests a high robustness and adaptability of

the model in training motion recognition of patients at different Brunnstrom stages.

Quality evaluation of lower limb rehabilitation training

Fig. 1 shows the motion acceleration curves of four rehabilitation movements for a

patient at Brunnstrom stage III recorded using the IMU sensor on the thigh. The

significant points of the motion on the X-Y plane, i.e. starting points, turning points

and ending points , have been marked in Fig. 1.

The following values of evaluation parameters can be obtained for the scoring of

bridge movement: (1) the mean values of motion acceleration of starting points and

turning points; (2) mean values of data sequence length of sampling points from

the beginning point to the turning point and that from the turning point to the

ending point. Likewise, these values can also be obtained for the remaining three

rehabilitation movements. Table 2 shows the individual calculation process of each

parameter and the gross score of each rehabilitation movement for a Brunnstrom

stage III patient. The results of patients at other Brunnstrom stages can also be

obtained through the same calculation process.

Table 3 shows the mean and standard deviation of each rehabilitation exercise

score for patients at different Brunnstrom stages in a quantitative scale, calculated

using the proposed evaluation method. As can be observed, it is statistically signif-

icant that the scores are correlated with the Brunnstrom stage classification using
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Spearman’s rank-order correlation method. The scores of hip extension and knee

extension are lower than those of the other three motions, whereas, for healthy

participants, the scores remain the same as those of other motions. For 21 training

sets and 5 test sets, the mean values of the rehabilitation quality score of the 4

selected lower-limb rehabilitation movements were calculated using the assessment

method, and then were ranked according to Brunnstrom stages from low to high, as

shown in Fig. 2. In addition to strong correlation, Fig. 2 intuitively demonstrates

that the scores of the proposed quality evaluation method are positively correlated

with the Brunnstrom stage classification evaluated by experienced physicians, as

the figure shows an upward trend of the scores from Brunnstrom stage III to V I.

Specifically, the score distribution of the test set is in line with that of the training

set. For stroke patients at different Brunnstrom stages, the scores of hip extension

and knee extension are lower compared to those of the other three motions, whereas

for healthy volunteers, the scores remain identical to those of other motions.

Discussion

For training motion recognition, the dimension of the applied convolutional ker-

nel is 3 × 3. A 3 × 3 convolution kernel is considered to be much smaller than

the input 9× 9 feature matrix since the convolution kernel only connects with the

weights of local input features, which increases the sparse interaction. Moreover,

the parameter sharing mechanism of the convolution kernel reduces the number of

parameters that need to be learned, and thus simplified the model and diminished

the overfitting problem. In addition, the output of 32 channels of the first layer

convolution can enable the network to learn more rehabilitation motion features

and enhance the learning ability of the model. The batch normalization after con-

volution of each layer restricts the distribution of training set samples so that the

model can have a better performance in learning the data distribution of train-

ing set samples, thereby reducing the deviation of training set samples, enhancing

the generalization ability of the model, and improving the model classification rate

of lower limb rehabilitation movement. Although the accuracy achieved was high,

there are still a significantly large number of error events after iterations. The error

in the recognition of rehabilitation movements can be explained as follows: (1) due

to the lack of balance ability, the quality of completing the movement is low; (2)

irregular error arises from the incorrect wearing and placements of IMU sensors;

(3) the number of data samples is insufficient, and the generalization ability of the

model needs further improvements.

On the other hand, the possible explanation is that for in-home daily life, pa-

tients have more opportunities to sit, stand, walk and turn over than to extend hip

and knee. In conclusion, a patient with higher Brunnstrom stage will have a higher

score, and have a better performance in the in-home lower limb rehabilitation. The

proposed evaluation method can reflect the quality of completing lower-limb reha-

bilitation movements for patients at different Brunnstrom stages, thereby providing

a feasible approach to objectively assess the quality of lower-limb motion for post-

stroke rehabilitation.
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Conclusion

In order to monitor and evaluate the home-based lower limb rehabilitation training

for stroke patients objectively and automatically, this paper proposed an innovative

CNN-based method to recognize the type of rehabilitation training movements and

evaluate the quality of the rehabilitation. Two IMU acceleration sensors were used

to record the acceleration signals of four different types of lower-limb training mo-

tions, and 73-feature vectors representing the lower limb rehabilitation movement

were extracted. A convolution neural network (CNN) based algorithm was utilized

to automatically recognize rehabilitation movements. 21 training data sets and 5

test data sets were used for quality evaluation of lower limb rehabilitation. The pro-

posed recognition method reported an accuracy rate of 95.2% for the recognition

of rehabilitation movements. For the quality evaluation of lower limb rehabilita-

tion, statistically significant correlations have been observed between the scores of

the proposed assessment method and the Brunnstrom stage classification evaluated

by professional therapists. In addition, there was a strong positive correlation be-

tween the scores and the classification of Brunnstrom stages. This strong correlation

has validated the accuracy of the model for the quality assessment of a rehabilita-

tion movement. The proposed method managed to monitor and provide objective

quality evaluation for lower limb rehabilitation training, thereby providing feasible

technical support for the implementation of ESD rehabilitation services for stroke

patients. In addition to this, it also provides valuable references as well feedbacks

for the patients and the rehabilitation supporting teams. In the future study, the

analysis of joints and relevant muscles on ankle and instep will be included, which

could make the lower-limb rehabilitation for stroke patients more comprehensive

and effective. In addition, an experiment with a larger number of stroke patients

needs to be conducted to enhance the reliability and the efficacy of the proposed

evaluation method.

Method

Experimental Protocol

Impaired lower limb motor function can lead to hemiplegia and disorders in balance

and gait for stroke patients [13]. Based on the rehabilitation training that experi-

enced rehabilitation therapists provide to stroke patients during hospitalization,

combined with in-home daily activity demands of stroke patients, four rehabilita-

tion training movements of the lower extremity were selected for the experiment,

as shown in Table 4.

The applied wireless body sensor network (WBSN) system is composed of three

modules: sensor module, control module, and data transmission module. The sensor

module contains two IMU sensors, each equipped with an ADXL345 accelerometer

(Analog Devices, Inc., USA). It is a MEMS-based technology with the advantages of

being compact, lightweight, low power consumption, programmable range, and high

resolution. The sampling frequency of it is set to 40 Hz. The control module used

a CC2530 microcontroller (Texas Instruments, USA) with ZigBee wireless trans-

mission. The data transmission module mainly contains the CC2530 chip, which

transmits the captured data to a computer client in real-time.

Two IMU units were worn on the designated parts of a patient’s lower limbs to

obtain the kinematic signals during the rehabilitation motion. As shown in Fig. 3,
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for the Bridge motion, the IMU sensors were worn on the middle thigh and the

lower abdomen; for the other three rehabilitation motions, the sensors were worn

on the middle thigh and the middle calf.

In this experiment, 26 subjects were recruited, including 20 stroke patients and

six healthy subjects. Eight of the stroke patients (inpatients) were from the Re-

habilitation Medical Center of Jiaxing 2nd Hospital in Zhejiang, China, while the

other twelve (outpatients) were from Longhu Hospital affiliated with Shantou Uni-

versity in Guangdong, China. The six healthy volunteers were from the Department

of Biomedical Engineering at Shantou University, China.

Selection criteria for post-stroke patients were: 1) the patient must have no hemo-

dynamic instability; 2) no severe cognitive impairments; 3) no dementia; 4) no major

post-stroke complication; 5) stroke event happened within three months; 6) motor

impairment of Brunnstrom stage III or above. Criterion 6 is included because pa-

tients at Brunnstrom stage I and II are unable to perform unsupported voluntary

limb movement that the IMU sensor can capture, as required in this experiment.

The motor function of Brunnstrom stage VI patients is considered near normal;

therefore, the six healthy volunteers were treated as patients at stage VI [14].

The basic information of the participants is shown in Table 5. Under the guid-

ance of rehabilitation therapists, all participants were trained on the four selected

rehabilitation actions before data collection to ensure effective execution of training

exercises. During the experiment, participants were asked to observe and follow the

pre-recorded video of rehabilitation exercises performed by healthy individuals and

maintain the same exercise speed as in the video as much as possible. Each reha-

bilitation exercise was repeated at least ten times per patient, depending on their

motor impairment level.

The flow chart of the whole process is shown in Fig. 4. The rehabilitation move-

ments were tracked using a body sensor network based on two inertial measurement

units (IMU). The kinematic data of participants’ movements, while performing re-

habilitation exercises, were collected by the two IMU sensors and transmitted to the

computer client via a ZigBee for further analysis. As the IMU rehabilitation data

were sometimes contaminated by noise due to patients’ clothes friction and wireless

channel noise [15], a 9-point median filtering of X, Y and Z acceleration data were

applied to ensure the accuracy and reliability of the collected data and to eliminate

high-frequency noise [16]. Then the pre-processed data were used for rehabilitation

motion recognition and evaluation of quality of lower-limb rehabilitation. For mo-

tion recognition, the data went through the feature extraction, and then fed into

the CNN algorithm to ultimately recognize the rehabilitation movement type; for

quality evaluation (also defined as evaluation of quality of lower-limb rehabilitation

training), several parameters for evaluating the quality of lower-limb rehabilitation

were selected and calculated using the processed data, and thereupon were used for

the final scoring of the quality of lower-limb rehabilitation.

Rehabilitation Motion Recognition

Feature extraction

As observed in the conducted experiments, during the alternating weight-bearing

exercise, the thighs of patients at Brunnstrom stage III have a stronger forward and
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synergistic movement pattern compared to patients at stage V, which is in line with

the lower limb mobility of both Brunnstrom stage III and V patients [17]. Based

on experimental observations and previous research [15, 18], several features can

be extracted from the filtered IMU sensors’ data: maximum value, minimum value,

peak-to-peak value, mean value, energy (ENE) accumulated in the XYZ axis and

standard deviation (STD), among which the formula of ENE is given by:

ENE =
n
∑

i=1

((x2

i + y2i + z2i )
1

2 − 1) (1)

where (xi,yi,zi) represents the X, Y, Z components of a sample i of an IMU sensor.

To some extent, these features reflect the performance of the lower-limb move-

ments of a patient. By way of illustration, the acceleration value is 1 g (maximum)

or 0 g (minimum) when the lower leg is in the upright or horizontal state, respec-

tively, thereby, the maximum and minimum values of the acceleration sensor reflect

the extreme state of the lower limb, while the peak-to-peak values reflect the ROM

of the limb. As a result, the relation between acceleration and lower-limb mobility

can be treated as a mapping relation. The extracted features are shown in Table 6,

where the count represents the total number of sub-features for each unique feature

type. Each unique feature had six sub-features, i.e. X, Y, Z values from two IMU

sensors. Raw samples represent the summation of the numbers of sub-features of all

listed features except the Period (the time period can be calculated by the indicated

sample rate, thus no need to be sampled).

The CNN algorithm

The CNN architecture employed in this paper is shown in Fig. 5. Among the 26

participants, the data of 21 participants were used to train the CNN model, while

the remaining data were used as testing data. As shown in Table 6, the feature

vector had 73 features in total. The input data were normalized before feeding it to

the model, given as:

X =
Xi −Xmin

Xmax −Xmin

(2)

where Xmax is the maximum value of the vector, and Xmin is the minimum value

of the vector. A four-dimensional zero vector was padded ahead and behind the

feature vector, thereby the original feature vector was transformed into a 9 × 9

matrix, which is convenient for multiplication with 2D CNN kernels. In the CNN

architecture, the 9 × 9 matrix went through a series of convolution blocks and max-

pool layers, before a SoftMax layer gave predictions for rehabilitation actions (see

Fig. 5). A batch normalization layer and a Rectified linear unit (ReLU) activation

function followed every convolution layer in a convolutional block.

Quality Evaluation of Lower-limb Rehabilitation

Quality evaluation parameters

According to the characteristics of stroke patients’ movement, it is pivotal to select a

reasonable evaluation index of rehabilitation movement, which can not only resolve
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the existing problems in qualitative evaluation, but also accurately determine the

rehabilitation effect on patients. Previous studies have revealed that the lower-limb

motion of stroke patients has the following characteristics compared to healthy

people [19, 20]: (1) lower mean angular velocity of the extension and flexion for both

hip joint and knee joint; (2) restricted range of extension of the hip joint; (3) more

intense limb trembling. As per the points discussed above and the inputs from expert

rehabilitation physicians, the following parameters were used for the lower-limb

evaluation: range of motion (ROM) of joints, movement duration, the time difference

between the beginning and the turning point (the point where the orientation of

lower-limb movement alters between flexion and extension), the time difference

between the turning point and the end of the movement, and the trembling of

limbs on the plane of vertical motion, among which the limb trembling can be

quantitatively assessed by introducing standard deviation. A weight was assigned

to each parameter based on suggestions given by the rehabilitation physicians.

Generally, for the lower-limb evaluation of stroke patients, larger ROM of the

joint indicates better lower-limb mobility, thus the ROM of the joint is positively

correlated with the quality of rehabilitation . As mentioned above in this section,

during lower limb movement, stroke patients usually tend to have lower angular

velocity and a smaller range of motion than those of healthy subjects. Namely, they

are arduous to keep a constant speed during joint movements, and the time duration

from the beginning to the turning point of the movement and that from the turning

point to the endpoint will be significantly different. Therefore, the time duration of

the rehabilitation movement in one period is positively correlated with the quality

of rehabilitation, while the time difference between joint extension and flexion is

negatively correlated with the quality of rehabilitation. Furthermore, a larger mean

square error of limb trembling on the plane of vertical motion along the Y-axis will

reflect a larger deviation of motion, and it is negatively correlated with the quality

of rehabilitation. Notably, there is a special case arising from the alternating weight-

bearing exercise, as both the hip joint and the knee joint are taken into account

during this movement. In line with the situations of the other three movements,

the ROM of hip joint is positively correlated with the quality of rehabilitation.

Nevertheless, unlike the hip joint, the ROM of the knee joint during this movement

is inversely proportional to the rehabilitation training quality, owing to the fact that

a larger ROM of it reflects a higher extent of unwanted synergetic movement of the

lower leg, indicating lower mobility of the lower limb. As discussed, the selected

quality evaluation parameters of four rehabilitation movements are demonstrated

in Table 7, with their assigned weights and corresponding correlations.

To obtain the values of the selected parameters, it is imperative to simplify the

human skeleton in order to achieve the modeling and analysis of human movement,

since it has an exceedingly complex structure. The essence of a simplified model is to

map human body movement to human bone movement so that the human body can

be reducible to points and straight lines [21]. In support of this, the simplified model

proposed by Chen et al. [22], divides the human body into 17 parts and 14 points,

representing the head, trunk, and limbs. During the rehabilitation movements in

this paper, the limbs are fixed in the plane perpendicular to the face, thus the

human body can be simplified into the model as shown in Fig. 6, where θi is the
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angle of a point i (begins from 1 to the end of data sequence) on the X-axis relative

to the natural coordinate system at a certain point in the sequence.

The ROM of the joints during motion can be calculated by the angle difference

between the beginning point and the turning point of the movement, which is given

by:

ROM(θ) =

∣

∣

∣

∣

∣

∣

tan−1(
Axs

√

A2
ys +

√

A2
zs

)− tan−1(
Axt

√

A2

yt +
√

A2

zt

)

∣

∣

∣

∣

∣

∣

(3)

where ROM (θ) is the range of motion (represented in angle value) of the joints

during rehabilitation motion, Axs, Ays and Azs are the corresponding acceleration

values of X, Y and Z-axis sequences, respectively, at the beginning of the rehabili-

tation movement; Axt,Ayt and Azt are the corresponding acceleration values of X,

Y, Z-axis sequences, respectively, at the turning point of the movement.

The time duration in one period or the time difference between the extension and

flexion of joints is given by:

T =

∣

∣

∣

∣

Nstart ±Nend

f

∣

∣

∣

∣

(4)

where f is the sampling frequency; Nstart and Nend is the number of sample points

from the beginning to the turning point and from the turning point to the end of a

rehabilitation movement, respectively; T represents the time duration in one period

when the sign in the equation is positive and represents the time difference between

joint extension and flexion when the sign in the equation is negative.

The standard deviation of limb trembling on the plane of vertical motion along

the Y-axis is given by 6:

STD(y) =

√

∑

(ȳ − yi)2)

N
(5)

where STD(y) represents the standard deviation of trembling in the plane of vertical

motion;ȳ represents the mean of the Y-axis sequence;yi represents the value of a

point i (starts from 1 to the end of the data sequence) on the Y-axis; N represents

the number of sample points in the sequence.

Quality scoring system

To evaluate the quality of lower limb rehabilitation exercise of stroke patients, it is

essential to compare a patient’s rehabilitation movement data with that of healthy

participants [23]. The bridge motion curves of a patient at Brunnstrom stage V and

a healthy volunteer are shown in Fig. 7. The curves were down-sampled by taking

one point at every 10 sample points, in which Y-axis data sequences were processed

using the mean removal to better compare the extents of lower-limb trembling on

the plane of vertical motion. As can be clearly observed in Fig. 7, compared to the

Brunnstrom stage V patient, the healthy participant possessed a better uniformity

and periodicity in the motion curve, with a smoother pattern. In addition, there

are significant differences in acceleration amplitude of motion curves between the
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healthy participant and the patient, which reveal the difference in mobility between

them. For patients at a lower Brunnstrom stage, the difference in the aforementioned

parameters compared to that of a healthy subject was more significant. Therefore,

it can be said that the difference in evaluation parameters between patients and

healthy participants is in line with that of their mobility. As a result, the evaluation

parameters of the six healthy participants’ rehabilitation training movements, were

averaged and then taken as the template for further analysis. Similarly, for the other

three rehabilitation movements, their templates were also attained by taking the

mean values of the evaluation parameters of the six healthy volunteers. The score,

which quantitatively reflects the mobility of a limb, can be obtained by:

Score = (
∑ αi

αsi

×Wα +
∑ βi

βsi

×Wβ)× 100% (6)

where “Score” refers to the gross score of a rehabilitation motion; αi is a positive-

correlated evaluation parameter (the subscript indicates the type); αsi is the tem-

plate corresponding to αi (derived from the healthy participant); βi is a negative-

correlated evaluation parameter; βsi is the template corresponding to βi. A positive

or negative-correlated evaluation parameter indicates a positive or negative corre-

lation between the parameter value and the rehabilitation quality. For instance, the

ROM of a joint denoted as θ is considered as a type of αi as it is positively correlated

with rehabilitation quality; Wa, Wb is the corresponding weight for parameter αi,

βi, respectively.
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Figures

[ Bridge motion.] [ Sitting and Standing Training.]

[Hip extension and knee extension.] [Alternating weight-bearing on both limbs.]

Figure 1 Motion curve of lower limb rehabilitation training for a Brunnstrom stage III patient.
The red point is the turning point of the motion, and the blue point is the starting/ending point
of the motion.

Figure 2 Lower limb rehabilitation training subjects - mean distribution map. The asterisks
represent the patients of 5 test sets, while the dots represent the patients of 21 training sets. The
colors represent the Brunnstrom stage classification evaluated by experienced physicians.

[IMU sensor placement during bridge motion.] [IMU sensor placement during during other rehabilitation

motions.]

Figure 3 The IMU placements of four rehabilitation movements.

Figure 4 The flow chart of the proposed evaluation approach.

Figure 5 The schematic of the CNN architecture.

[Schematic diagram of lying flat] [Schematic diagram of standing]

Figure 6 Simplified sketch of human joints.

Figure 7 The curve of the bridge motion of a Brunnstrom stage V patient (red) and a healthy
volunteer (blue). The X-axis represents the sampling data points. The Y-axis represents the
acceleration recorded for the motion relative to the gravitational acceleration g (the sign indicates
the direction).

Tables

Table 1 Training movement accuracy of the CNN-based algorithm obtained using the 5-fold
cross-validation method.

Fold Split (1) Split (2) Split (3) Split (4) Split (5) Mean(Std)

Accuracy (%) 100 100 92.3 92.3 91.7 95.3 ± 3.9
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Table 2 Calculations of four rehabilitation training scores for a Brunnstrom stage

Rehabilitation
exercises

Processed
raw data

Parameter
No.

Weight
Equation No.
for parameters

Parametric
Template
parameters

Gross
score

(Eq. (6))

Bridge motion

Thigh:
(Axs, Ays, Azs)1 = (0.43, 0, 0.80);

(Axh, Ayh, Azh)
2 = (0.67, -0.11, 0.66);

N start3: 38.13;
N end4: 35.88

1 2 Eq. (3) α1: 16.8° α1s: 27.5°

61

2 1 Eq. (4)5: use “+” α2: 3.7s α2s: 6.1s

3 1 Eq. (4): use”-” β1: 0.11s β1s: 0.11s

4 1 Eq. (5) β2: 0.18 β2s: 0.04

Sitting
standing training

Thigh:
(Axs, Ays, Azs) = (-0.97, -0.16, 0.04);
(Axh, Ayh, Azh) = (-0.26, -0.40, 0.79);

N start: 50.13;
N end: 61.13

1 1 Eq. (3) α1: 64.0° α1s: 79.1°

61.6

2 2 Eq. (4): use “+” α2: 5.56s α2s: 9.52s

3 1 Eq. (4): use”-” β1: 0.55 s β1s: 0.30 s

4 1 Eq. (5) β2: 0.09 β2s: 0.05

Hip extension
knee extension

Thigh:
(Axs, Ays, Azs) = (0.33, -0.55, 0.70);
(Axh, Ayh, Azh) = (0.66, -0.27, 0.64);

Crus:
(Axs, Ays, Azs) = (-0.69, 0.23, 0.51);
(Axs, Ays, Azs) = (-0.67, -0.01, 0.85);

N start: 36.89;
N end: 34.44

1 1 Eq. (3) α1: 23.2° α1s: 62.3°

68.7

2 1 Eq. (3) α2: 97.3° α2s: 108.9°

3 1 Eq. (4): use “+” α3: 3.6s α3s: 6.32s

4 1 Eq. (4): use”-” β1: 0.12 s β1s: 0.18 s

5 1 Eq. (5) β2: 0.10 β2s: 0.06

Alternating weight-bearing
on both legs

Thigh:
(Axs, Ays, Azs) = (-0.96, -0.17, 0.10);
(Axh, Ayh, Azh) = (-0.56, -0.39, 0.60);

Crus:
(Axs, Ays, Azs)=(-0.96, 0.01, -0.25);
(Axh, Ayh, Azh)=(-0.92, -0.02, -0.38);

N start: 69.56;
N end: 38.22

1 2 Eq. (3) α1: 39.8° α1s: 87.5°

58.8

2 1 Eq. (4): use “+” α2: 5.4s α2s: 7.2s

3 1 Eq. (3) β1: 7.4° β1s: 4.2°

4 1 Eq. (4): use”-” β2: 1.57 s β2s: 0.48 s

5 1 Eq. (5) β3: 0.04 β3s: 0.07
Notes:
1. Axs, Ays, Azs refer to mean values of starting/ending point of thigh/crus sensor.
2. Axh, Ayh, Azh refer to mean values of turning point of thigh/crus sensor.
3. N start refers to average sequence lengthfrom starting point to turning point.
4. N end refers to average sequence lengthfrom turning point to end point.
5. In Equation No. (4), f = 20.

Table 3 Mean and standard deviation of scores of each of the rehabilitation motions of patients at
Brunnstrom stage III, IV, V.

Rehabilitation exercises
cBrunnstrom
III

cBrunnstrom
IV

cBrunnstrom
V cSpearman’s rank-order

correlation

Bridge motion 59.7 ± 1.8 65.7 ± 6.0 81.2 ± 6.2
rs(18) = 0.847,
p <0.001

Sitting and Standing Train-
ing

63.8 ± 5.4 69.6 ± 3.0 78.4 ± 5.1
rs(18) = 0.837,
p <0.001

Hip extension and knee ex-
tension

56.7 ± 4.2 67.2 ± 3.0 70.5 ± 4.6
rs(18) = 0.746,
p <0.001

Alternating weight-bearing
on both legs

69.0 ± 4.5 74.2 ± 5.2 80.4 ± 8.1
rs(18) = 0.558,
p = 0.011
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Table 4 Four lower-limb rehabilitation exercises used in the experiment.

Name of rehabilitation exercises Related motor muscles Objective of rehabilitation
exercises

Bridge motion

Gluteus maximus,
quadriceps femoris,
gluteus medius

iliopsoas

Increased pelvic control im-
proved selective leg muscle
extension

Sitting and Standing Training
Iliopsoas
gluteus
maximus

Increased control of lower
limbs

Hip extension and knee extension
Gluteus maximus
biceps femoris

iliopsoas
Inhibit lower limb spasm

Alternating weight-bearing on both limbs

Iliopsoas
quadriceps femoris
gluteus medius
gluteus maximus

triceps calf
tibialis anterior

Experience alternating
weight-bearing on upper
and lower limbs to prepare
for walking

Table 5 General information of participants.

Information type Information
Male/ Female 17/9
Age (mean ± standard deviation) 62 ± 11.6
Left/Right Hemiplegia 10/11
Brunnstrom III/IV/V 5/7/8/6
Onset time (mean ± standard deviation) (month) 8.9 ± 7.2

Table 6 Feature list of motion acceleration curves of rehabilitation movements of lower limbs.

Feature Count Description

Max & min 2× 6 Lower extremity rehabilitation exercise limit positions
Peak-to-peak 1× 6 The range of motion of lower limb rehabilitation movement
Mean 1× 6 The mean variation in limb posture during lower limb rehabilitation move-

ment
Std 1× 6 The fluctuation degree in limb posture during lower limb rehabilitation

movement
ENE 1× 6 Energy accumulated in the XYZ axis during a rehabilitation exercise
Period 1 The time required to complete a rehabilitation exercise
Raw samples 1× 36 Rehabilitation motion sequence description
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Table 7 Quality evaluation form of lower limb rehabilitation movements.

Rehabilitation exercises Evaluation parameters

Weight

(±:
positively/
negatively
correlated)

Bridge motion

1. ROM of hip joint +2
2. Period of motion +1
3. Time difference between hip extension and
flexion

-1

4. Standard deviation of Y-axis of thigh -1

Sitting and Standing Training

1. ROM of knee joint +1
2. Period of motion +2
3. Time difference between knee extension and
flexion

-1

4. Standard deviation of Y-axis of thigh -1

Hip extension and knee extension

1. ROM of hip joint +1
2. ROM of knee joint +1
3. Period of motion +1
4. Time difference between knee extension and
knee bend

-1

5. Standard deviation of Y-axis of thigh -1

Alternating weight-bearing
on both legs

1. ROM of hip joint +2
2. Period of motion +1
3. ROM of knee joint -1
4. Time difference between knee extension and
knee bend

-1

5. Standard deviation of Y-axis of thigh -1



Figures

Figure 1

Motion curve of lower limb rehabilitation training for a Brunnstrom stage III patient. The red point is the
turning point of the motion, and the blue point is the starting/ending point of the motion.



Figure 2

Lower limb rehabilitation training subjects - mean distribution map. The asterisks represent the patients
of 5 test sets, while the dots represent the patients of 21 training sets. The colors represent the
Brunnstrom stage classi�cation evaluated by experienced physicians.



Figure 3

The IMU placements of four rehabilitation movements.



Figure 4

The �ow chart of the proposed evaluation approach.



Figure 5

The schematic of the CNN architecture.



Figure 6

Simpli�ed sketch of human joints.



Figure 7

The curve of the bridge motion of a Brunnstrom stage V patient (red) and a healthy volunteer (blue). The
X-axis represents the sampling data points. The Y-axis represents the acceleration recorded for the
motion relative to the gravitational acceleration g (the sign indicates the direction).


