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Most post-stroke patients experience varying degrees of impairment in upper limb
function and fine motor skills. Occupational therapy (OT) with other rehabilitation trainings
is beneficial in improving the strength and dexterity of the impaired upper limb. An
accurate upper limb assessment should be conducted before prescribing upper limb
OT programs. In this paper, we present a novel multisensor method for the assessment
of upper limb movements that uses kinematics and physiological sensors to capture
the movement of the limbs and the surface electromyogram (SEMG). These sensors are
Kinect, inertial measurement unit (IMU), Xsens, and sSEMG. The key assessment features
of the proposed model are as follows: (1) classification of OT exercises into four classes,
(2) evaluation of the quality and completion of the OT exercises, and (3) evaluation of the
relationship between upper limb mobility and muscle strength in patients. According to
experimental results, the overall accuracy for OT-based motion classification is 82.2%.
In addition, the fusing of Kinect and Xsens data reveals that muscle strength is highly
correlated with the data with a correlation coefficient (CC) of 0.88. As a result of this
research, occupational therapy specialists will be able to provide early support discharge,
which could alleviate the problem of the great stress that the healthcare system is
experiencing today.

Keywords: assessment, inertial measurement unit, kinect, occupational therapy, surface electromyograph, upper
limb

INTRODUCTION

Cerebrovascular accident also known as stroke has become the second most common cause of
death and the leading cause of ongoing disabilities worldwide (1, 2). China has the largest stroke
population in the world, with a total of over 13 million (3). In the last two decades, no country
has experienced a decline in the number of stroke patients (4). Stroke patients have unmet needs
in areas such as reintegration into society, health-related quality of life (QoL), maintenance of
activities, and self-efficacy (5). As stroke patients experience a loss of self-care ability, it is difficult
for them to maintain their daily activities.

It has become increasingly important to assist stroke patients to become more independent
through post-stroke rehabilitation. Occupational therapy (OT) is one of the important treatment
modalities for post-stroke rehabilitation. OT refers to the application of focused and selected
occupational activities to prevent or recover the loss of various degrees due to physical, mental,
and developmental dysfunction or disability (6). It aims at helping patients become independent
by improving their limb strength.
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In previous studies, it has been proved that patients’ motor
function and self-care abilities are improved after they undergo
OT. In (7), researchers proved that OT could significantly
improve the ability of daily life of stroke patients. In (8), Qian
etal. found that OT significantly improved stroke patients’ motor
function and also improved their daily activities and reduced
their dependency. Researchers in (9) demonstrated that OT plays
an important role in the intervention of stroke patients and also
helping them to maximize their QOL. Studies in (10) found that
OT was effective for stroke patients. Thus, OT has been shown
to have good therapeutic effect, improve limb function and self-
efficacy, and enhance QOL in patients; it is also believed to have
good clinical promotion value.

Richards et al. in their study pointed out that OT has positive
impact on the health and QOL of people with disabilities;
however, the demand for OT services globally is difficult to
fulfill (11). OT currently requires one-to-one guidance from
rehabilitation specialists (12). The OT and upper limb assessment
are resource-intensive processes that require the presence of an
OT specialist. In this regard, automation of this process would
result in a paradigm shift in the rehabilitation process. One of
the most important problems of empirical assessment is that
it lacks objective standards. In this paper, a multisensor-based
upper limb assessment model is proposed. The measurement
data captured by three different types of sensors are processed
to assess the quality of the OT exercise or movement (called
OT action onward) completed by a patient and to ensure that
the patient performs the rehabilitation training session properly.
Based on experimental results, the overall accuracy of the OT-
based motion classification is 82.2%. Furthermore, combination
of Kinect and Xsens kinematic data yields a correlation coefficient
(CC) of 0.88 with muscle strength. This finding indicates

that the degree of flexibility in the upper limbs is highly
correlated with muscle strength. In addition, the proposed model
shows promise in helping rehabilitation specialists assess upper
limb function.

RELATED WORK

Researchers have widely used wearable sensors for upper and
lower limb assessments (13-22). Table 1 presents a summarized
overview of upper limb mobility assessment for post-stroke
patients. In (13), the data captured by sensors were used
to determine joint flexibility and limb mobility (13). We
used a portable infrared imaging device to accurately measure
multiple joint angles of a hand simultaneously in (13). In
(14), researchers proposed an automated upper extremity motor
function assessment system using Kinect v2 and force-sensing
resistor sensors. Using the extracted features from the sensor
data and the linguistic guidelines of the Fugl-Meyer Assessment
(FMA), a rule-based binary logic classification algorithm was
developed to assign FMA scores to upper limb motion data.
FMA is one of the clinical upper extremities assessment methods
that can be used to assess limb function. In their classification
approach, a simple decision classification method was used
to evaluate each FMA test using 3-point scale (0: cannot be
performed at all; 1: can be performed partially; and 2: can be
performed faultlessly). Clinical trials with nine stroke patients
produced an accuracy rate of 90%. The accuracy rates of
some FMA tests were as low as 66.7% due to insufficient
patient data.

An in-home upper limb rehabilitation system using two
IMU sensors was proposed in (15, 16). The two IMU sensors
were used for upper extremities kinematic analysis. A mobility

TABLE 1 | Overview of upper limb movements assessment for post-stroke patients.

Reference Sensors fusion Assessment method Sensor type Description
(Measurement error
reduction)
Qiang et al. (13) None Swanson, Fugl-Meyer Leap motion Hand function assessment. Measuring ROM for
(non-touch) hand and also multiple joint angles of a hand.
Lee et al. (14) None Fugl-Meyer Kinect v2, Upper limb ROM assessment using fused classifiers
force-sensing resistor and FMA. Muscle strength was not examined.
(non-touch)

Zhang et al. (15), None Brunnstrom, Ml IMUs (wearable) Upper limb assessment using hybrid algorithm

Zhang et al. (16) combining PCA and fuzzy inference system.

Qiang et al. (17) None Brunnstrom, Ml IMUs (wearable) 60 weeks of longitudinal investigation of in-home
upper limb assessment. Rehabilitation recovery
trend demonstration.

Akbari et al. (18) Fused Limb angles IMUs, Kinect (wearable Measurement error was reduced by fusing IMU and

measurement and non-touch) Kinect sensors’ data. Muscle strength was not
examined.

Wang et al. (19) None Quantitative Kinematic data, sSEMG Two types of single-modality classifiers (i.e., local

assessment (wearable) classifiers and ensemble classifiers) were created to
evaluate upper limb motor function.

Liparulo et al. (20) None Brunnstrom SEMG (wearable) Fuzzy logic approach was used to evaluate stroke

patients” impairment level.
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FIGURE 1 | The schematic diagram of the proposed upper extremities assessment model.

FIGURE 2 | The motion capture sensors. (A) Azure Kinect, (B) Xsens Dot.
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index (MI) algorithm which was found to be highly correlated
with Brunnstrom classification was considered as a major
feature of the in-home rehabilitation system (15, 16). A hybrid
algorithm combining principal component analysis (PCA) and
fuzzy inference system was used for the upper limb impairment

level evaluation. The deployment and longitudinal trial of the
supported in-home post-stroke rehabilitation in (15, 16) is
presented in (17). The longitudinal investigation lasted for 60
weeks and involved 12 patients within their first 3 months from
stroke event. The results demonstrated that the patients from
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FIGURE 3 | Kinect and Xsens data collection setup.

the experimental group had experienced a steady increase in MI
throughout the program.

Research in (18) combined data from IMUs and Kinect
sensors to measure upper and lower body motions. An extended
Kalman filter (KF) was used during the fusion process of the
two sensors. It was found that by combining two sensors’
data, Kinect- and IMU-based sensors, the assessment error
could be reduced; therefore, the assessment accuracy improved
(18). Several researchers have used surface electromyography
(sEMG) data to analyze upper limb motor function. In (19),
Wang et al. used Kinematic and sEMG data for the assessment
of upper limb of post-stroke hemiparetic patients. Kinematic
data and sEMG signals were collected simultaneously from
participants, and motor features extracted from each sensor
were fed into local classifiers. Two types of single-modality
classifiers (i.e., local classifiers and ensemble classifiers) were
created to evaluate upper limb motor function (19). The
multimodal fusion classification scheme exhibited an accuracy
of 96 % in distinguishing pathological movements from normal
movements. In (20), sSEMG was used to classify and evaluate
patients’ upper limbs using Brunnstrom stages evaluation
techniques. Moreover, researchers in (21) used an sSEMG and an
IMU data to study the quality of the OT actions during OT. Their
research differentiates between the movement of affected limb
and the movement of healthy limb. These models were aimed to
assist in the assessments of movements during OT.

In previous research, the classification of OT actions
overlooked the quality and completeness of the exercises. In
addition, previous research did not investigate and correlate
muscle strength with upper limb motion. An upper limb
evaluation method that is capable of both assessment tasks
is required. The findings of multisensor assessment methods
motivate the investigation in this paper where a Kinect, IMU,
and sEMG are used to assess upper extremities. In this research,
we choose patients’ kinematic data and also physiological data
to assess upper limb motion during OT sessions. Kinect and
Xsens are used to obtain the kinematic data whereas Biopac
Multichannel Physiometer are used to capture an sEMG data.
In this paper, Kinect and Xsens/IMU data are combined using a
correlation measurement technique to determine the completion
of specific OT action whereas sEMG is used for the classification
of the OT actions. Using the three sensors’ data, the proposed
model can classify the OT action types and also to determine the
completion of the actions during OT sessions.

THE PROPOSED MULTISENSOR
ASSESSMENT METHOD

A multisensor assessment method for upper limb will
be presented in this section. The proposed method used
kinematic information and physiological data to classify the OT
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FIGURE 4 | Kinect and Xsens coordinate data.

rehabilitation actions and also to determine the completion and
quality of the actions during OT sessions. Figure 1 shows the
schematic diagram of the proposed upper limb assessment model
based on OT actions. In this model, there are two main modules.
These modules are the human joint tracking module and the
SsEMG signal module. Kinematic data captured by Kinect and
Xsens are fused and correlated to measure the completion level
of specific OT actions. The classification of OT action is achieved
by the classification of the sEMG signal using convolutional
neural network (CNN) with a modified TextCNN model.

Kinect and Xsens Fusion Algorithm

Azure Kinect is a depth camera sensor launched by Microsoft™.
It provides human tracking software development kit (SDK),
which can conveniently provide the spatial coordinates of
human joints.

The IMU sensor uses the Xsens Dot package developed by
Xsens, which can provide acceleration and angular information
with sampling frequency at 800 Hz. A precise time alignment
between Kinect and Xsens data during OT exercises is crucial.
Data from Kinect and Xsens include timestamps for each
sample. The synchronization is performed by aligning the two
sensors timestamps. Data from both sensors are examined,
synchronized, and fine-tuned manually. To prevent data loss
during synchronization, extra data were collected before and after
the OT exercises. The fusion of the two synchronized sensors can
reduce the measurement error caused by the two sensors, thus

improving the quality of kinematic data. Figure 2 shows the two
motion sensors used in this study. Mostly, researchers use KF to
merge or fuse sensor data to reduce measurement error (18, 22).
This paper uses KF to fuse the upper limb data captured by both
the Kinect and the Xsens sensors.

Coordinates Information for Kinect and Xsens
Generally, sensor measurement inherits errors. To reduce the
error, the idea of fusing two sensors’ data is proposed. Xsens Dot
uses related derivative software, Kinexyz, to provide the spatial
coordinate data whereas Kinect directly calls the joint coordinate
data using the method and data collection process shown in
Figure 3.

Figure 4 shows the limbs joint data that are collected
by Kinect and Xsens sensors independently, before the data
fusion. The t-axis represents the time, the m-axis represents the
coordinate value, and the xyz are the values in the three directions
of the space coordinate axis.

Kinematic Data Fusion by KF

Kalman filter, is an algorithm, uses for optimal system’s
parameter estimation (23). It achieves the optimal estimation
by predicting value from current value and previous observed
value. Calculation of Kalman gain is required to achieve optimal
parameter estimation. The KF is iterated continuously over time,
and the optimal estimate is finally obtained by updating the
Kalman gain. The KF algorithm used in the two sensors’ fusion
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process is given by the pseudocode in Algorithm 1. Figure 5
shows the upper limb motion data for the two sensors, and also
the fused data using KF.

Upper Limb Movement Completion
Analysis During OT

Patients’ joint spatial movement data are acquired by the
kinematic sensors including the Kinect and the Xsens for upper

Algorithm 1: Kinematic data fused with Kalman filter.

// KF uses Kinect and Xsens data for patients’ movement

// optimal estimation. For upper limb motion

1: Start

2: Capture: Kinect measurement g, Xsens measurement b

3: Measure the variance A of Kinect data

4: Initialization — prediction data p,), noise Z (variance of
Xsens)

5: Calculate Xsens Error: P’ = (p0+2) /2

6: Calculate Kalman gain: Ky = (P2 / (P2 +A)) 1/

7: Produce predicted value: x = a + K * (a-b)

limb motion completion assessment analysis. The motion data
are segmented into different motion group types for each
patient and subject. The analysis in this method is based on
the correlation between healthy subjects’ standard motion and
patients’ motion for each OT action type. The CC represents the
motion completion level for specific motion type performed by
the patient. Dynamic time wrapping (DTW) (24) is used with the
CC for the upper limb movement completion. Also, DTW is used
in the motion completion algorithm to mitigate the situation
when an uneven segmentation is presented in the preprocessing
stage. An uneven segmentation may result in high similarity and
low CC. In this paper, Pearson CC, r, is used and given by

HxL,x2) = cov(x1,x2) (1)
’ N var(x1)var(x2)

TABLE 2 | Relationship between CC and action completion score.

Correlation coefficient OT action completion score

8: Variance of update forecast: Px = ((1-Ky) %Py’ %) /2
9: Iterate above steps to update Kalman gain r=08 3
10: Optimal estimation is achieved 05<r<08 2
11: End 03<r<05 1
r<03 0
polyfitting
1.0 S
—— —
1\‘_‘-'—_;
0.8 - D
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0.4 T —
= —  X5ens-X
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FIGURE 5 | Upper limb joint movement data after using KF.
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where the variable x1 is the healthy subjects fused kinematic
movement data and x2 is the patients fused kinematic
movement data.

The OT movement completion assessment is based on the
significance of the Pearson CC. The scale of the CC is divided into
multiple ranges to represent the correlation between the patient’s
spatial data and the healthy subject’s spatial data. These ranges
are used to score the completion of the limb’s joint movement.
The ranges and the corresponding scores are shown in Table 2.
An absolute value of the CC below 0.3 represents insignificant
correlation (scored as incomplete action, 0 score), CC in the
range of 0.3-0.5 represents low correlation (poor action, 1
score), CC of 0.5-0.8 represents significant correlation (moderate
correlation, 2 score), and CC of 0.8 and above represents high
correlation (excellent correlation, 3 score).

Upper Limb OT Movements Classification
Surface electromyogram (sEMG) is used for the classification
of the OT actions. The classification process includes automatic
SEMG segmentation, filtration, and classification. Automatic
SEMG segmentation and classification will be presented in the
next sections.

Automatic Segmentation and Filtration of the sEMG

For the classification of upper limb actions during OT session,
an automatic segmentation of the SEMG event corresponds to
limb motion during OT session, and filtration is required. The
SsEMG is acquired via the Biopac MP150. The sEMG's electrodes
were placed at the upper forelimb muscle group, at biceps brachii
region and at the deltoid region. The preprocessed sEMG is

Algorithm 2: Automatic segmentation of upper limb motion.

// Myoelectric integral is used to automatically detect the SEMG
// Segmented SEMG should correspond to the motion of the upper
limb
1: Start
2: Traverse the current sSEMG array: find the minimum value a4,
the time ID for the minimum, and the array length L
3: Let: maxl =ax L
4:ifID £ 0
then
intercept array [0, ID] to return step:1 for recursive operation,
max2 = recursive return value.
else
max2=0.
5:ifID# L—1
then
intercept array [ID, L] to return step:1 for recursive operation,
max3 = recursive return value.
else
max3=0.
6: Store maximums: [max1, max2, max3]
7: Returns maximums (maxl, max2, max3) and their
corresponding intervals, ID.
11: End

used as input to the classification model, TextCNN model (see
Figure 1). The automatic segmentation algorithm is achieved
by the integration of the original sSEMG signal, the myoelectric
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integral iEMG), to decide the start and end of the SEMG that
correspond to specific OT action. The iEMG is defined as a time-
windowed mean of the absolute value of the signal. Figure 6
shows the SEMG segmentation using the iEMG.

The algorithm for the automatic detection of the sSEMG that
corresponds to the movement activity is given by the pseudocode
in Algorithm 2. The detected SEMG segment is filtered to remove
unwanted noise.

Upper Limb Movement Classification Using TextCNN
In (25), Kim proposed the TextCNN classification model. This
model was used for text classification. It uses convolution kernels
of different sizes to convolve the text input data. The kernel
of different sizes can capture the correlation characteristics of
different numbers of adjacent words. There is some similarity
between the SEMG data and the text data when apply to this
model. In this paper, the TextCNN model is expanded and
modified as shown in Figure 7.

At first, the TextCNN is modified by adjusting the type of
convolution core to four, and then the number of convolution
pooling operation is adjusted to two. Moreover, an additional
full connection layer is added to imitate the AlexNet model, and

the dropout operation is used for the full connection layer. Also,
the convolution core size of the first convolution operation is
increased. The full connection activation at the output is four. By
applying the sEMG data to the TextCNN model in Figure 7, the
data are reduced during the testing and training of TextCNN. The
size of the input sEMG data is 200 x 3 (there were three channels,
each with 200 samples of sSEMG data, for a total of 536 datasets).
Initially, the data pass through a first convolution layer that has
32 convolution kernels with sizes of (20*1, 16*1, 12*1, 8*1).
Through this process, the data were transformed into 32 feature
maps of (181*3, 185%3, 189*3, 193*3). The output data from the
previous layer are then passed through the first pooling layer,
which has a pooling window size of 12*1. This layer produced 32
feature maps of (15*3, 153, 15*3, 16*3). Afterward, the output
of the first pooling layer is fed into the second convolution
layer, which consists of 64 convolution kernels of size (5*1, 4*1,
3*1, 2*1). In this layer, 64 feature maps were produced (14*3,
13*3, 12*3, 12*3). Data from the previous layer are then passed
through the second pooling layer, which has pooling window
sizes of (5*1, 4*1, 3*1, 2*1). The layer produced 64 feature
maps of (2*3, 2*3, 2*3, 3*3). In the final step, the feature maps
obtained from the second pooling are paved to yield (384, 384,
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FIGURE 8 | Xsens wearing position.

384, 576) eigenvalues, resulting in a total of 1,728 eigenvalues.
Thereafter, four output nodes are created for the classification
of the OT actions. By inserting dropouts to randomly hide some
eigenvalues, the training process is completed.

Feature selection is critical to the success of any classification
task. In this model, the features are selected from the sEMG
through convolution processes. A selection of robust features
influenced the TextCNN weights during training.

EXPERIMENTAL SETUP

Using post-stroke patient data, clinical experiments have been
conducted to examine the performance of the proposed
multisensor-based upper limb movement assessment system. The
detail of the dataset and the experimental setup and protocol will
be presented in this section.

Participant

Nine healthy subjects (mean age: 21.5 & 3.1 years) and nine
patients (mean age: 58.2 + 4.8 years) were recruited in this
study. Healthy participants were part of this investigation to
help in setting an upper limb mobility features benchmark.

Particularly, their sSEMGs were used to determine the reliability
of the modified TextCNN model, whereas their motion data were
used to determine the completion and quality of the actions
during OT sessions as part of the post-stroke patient assessment.
The patients were recruited from the Second Hospital of Jiaxing,
Zhejiang province, China. The data collection was approved by
the ethics committees of the hospital, and the procedures were
strictly followed to ensure the investigation complied with the
Declaration of Helsinki. The patients were verified to be within
the phase of stroke recovery using computer tomography (CT)
or magnetic resonance imaging (MRI). The criteria for including
the patients were as follows: (1) no hemodynamic instability;
(2) no severe cognitive impairments; (3) no dementia; (4) no
major post-stroke complication; and (5) able and willing to give
consent. These criteria are necessary to minimize the effects of a
slight age difference within the patients’ group. The age difference
among the recruited patients is small in comparison with other
studies in the literature (14). For example, in (14), the recruited
patients have a mean age of 58.2 &= 4.8 years. In this study, sSEMG
and kinematic data were collected from patients and subjects.
For kinematic data, a wearable sensor, Xsens, and non-wearable
sensor, Kinect, are used. The Xsens is worn on the forelimb and
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FIGURE 9 | Electrodes placing position of three channels sEMG.

TABLE 3 | The characteristics of the designed OT movements or action.

Action ID Movement characteristics

Action 1 To simulate the daily activity of moving objects to a high level
and investigate the ability of the patient’s arm with load to
resist gravity.

Action 2 To simulate the action of cleaning the window, the stability of
the patient’s loaded movement was mainly investigated.

Action 3 To control action 1, the actual main investigation of the
patient’s arm in the state of low-load movement.

Action 4 To simulate the situation of daily horizontal movement of

objects, mainly to investigate the ability of patients with
horizontal arm movement.

TABLE 4 | Muscle strength grade of each patient.

Muscle strength grade Patient number

Grade 3 1,2,8,8
Grade 4 5,6,7,9
Grade 5 4

hind limb of the hand and on the waist as shown in Figure 8.
For SEMG, three channels are used. The SEMG's electrodes are
attached to the muscle group of the forelimb, biceps region, and
deltoid region of the hand as shown in Figure 9.

Protocol

Four upper limb OT movement sets were performed by patients
and healthy subjects. These OT movement actions aim to imitate
various OT actions. The first set of action involves grabbing an
object whose weight is fixed during all experiments. To perform
this action, the patient must first stretch his/her arm while
holding the object, then raise it over his/ her head at an angle of
more than 45 degrees and slowly put it down. The second set of
actions, pick up the object tremblingly, raise it to a certain height
and lower it a little, then raise to a certain height and lower it
again, and then raise it to the horizontal plane with an angle of
>45 degrees and put it down. The third set of action is to grab the
object straight with the arm lifted to the same horizontal plane for
an angle of >20 degrees and then put it down, while the fourth
set of action is to lift the object to a certain height, then move it
horizontally to the right and then put it down. The four sets of
OT actions are intended to simulate some daily activities to test a
patient’s motor skills. Characteristics of each group of OT actions
are shown in Table 3.

The experiment protocol requested patients and subjects to
perform at least 15 movements on each set of four OT actions;
the overall number of actions per formed for the four groups
is 60 times (15 x 4). Patients requested to rest for 2s between
each movement within the same OT action, then rest for 5min
after completing the 15 actions within the same OT action group.
A total of 536 movements were recorded from nine patients,
whereas 586 were recorded from healthy subjects.
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FIGURE 10 | Modified-improved classification model performance during the training process with patients’ dataset.
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For evaluating the correlation between patients’ muscle
strength and their fused motion data, three senior rehabilitation
specialists each with more than 20 years of clinical practice
evaluated and graded the nine patients’ muscle strength scores.
Lovett muscle strength grading standard was used (26). In this
standard, grade 0 indicates that there is no movement observed
whereas grade 5 indicates that the person’s muscle contract
normal against full resistance (healthy individuals) (26). Table 4
shows the muscle strength grade of each recruited patient.

EXPERIMENTAL RESULTS AND
DISCUSSIONS

In this paper, we proposed a multisensor-based upper limb
movement assessment method. The main assessment features of
the proposed method are as follows:

e A classification of patient’s OT-based actions into four classes.
Patients’ sSEMG data from the upper extremity were used in the
OT-based multiclassification task.

e A measurement of quality of the patient’s OT-based actions,
OT action completion score. The assessment was conducted
using Kinect and Xsens kinematic sensors.

e Evaluation of the relationship between upper limb mobility
and muscle strength in patients.

In the proposed kinematic fusion technique, the Kinect and
Xsens data were fused to obtain the most accurate estimation of
the upper limb’s joint movements. The fused motion data are then
segmented and grouped in four OT actions and scored for action
completion. The automatically segmented and filtered SEMG is
used to classify and label relevant OT actions. The results for the
completion of OT actions and its classification are shown in the
next subsection.

Upper Limb Movement Classification

Performance Results

A sEMG signal is used as input to the classification model,
modified-improved TextCNN. The parameters of the modified-
improved TextCNN were set to produce an optimum
classification performance. For patients data classification,
the sSEMG is preprocessed to obtain a 536*200*3 dataset for three
SEMG channels. In the movement classification model, sSEMG of
patients was used during training and testing. A train-test split
method was used to estimate the TextCNN’s performance. In this
study, 80% of the data were used for training and 20% for testing.
The data for the tests were randomly selected. Due to the small
number of patients, each patient repeated OT exercises multiple
times. The size of the data in each OT action increases using this
method, thus improving classification model performance and
reliability. Figure 10 shows the training loss and accuracy results.
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represents action 2, 2 represents action 3, and 3 represents action 4.

FIGURE 11 | Confusion matrix for the modified-improved classification model during training with patients’ dataset. Notes: in the two axes, O represents action 1, 1

Predicted

TABLE 5 | Average Pearson CCs for the nine patients during the four OT actions.

Patient No. Action 1 Action 2 Action 3 Action 4
1 0.67 0.39 0.84 0.78
2 0.60 0.35 0.61 0.70
3 0.67 0.58 0.71 0.58
4 0.80 0.90 0.90 0.96
5 0.67 0.72 0.69 0.56
6 0.68 0.64 0.83 0.77
7 0.60 0.57 0.70 0.61
8 0.68 0.46 0.65 0.79
9 0.72 0.58 0.71 0.50

Figure 10 shows that the accuracy of the classification model
during the test with patients dataset is 82.2%. Among the 107
extracted and preprocessed SEMG dataset, there are 26 action 1,
32 action 2, 19 action 3, and 30 action 4. Figure 11 shows the
confusion matrix for the classification of this dataset.

From Figure 11, the classification accuracy of OT action 3
and OT action 4 is 95 and 97%, respectively. The prediction
of OT action 2 is relatively moderate, with an accuracy rate of
78%. Some classes of OT action 2 are predicted and overlapped
with OT action 4. The worse accuracy performance produced
by the classification model is reported during the test of OT
action 1, which is 62%. In this class, the main errors are
concentrated in the error classification of OT actions 3 and
4. The poor classification performance for OT action 1 can
be due to the reason that recruited patients have different
severity levels. Also, execution of OT actions 1 and 3 during
OT session is using similar muscle group in the upper limb.
Due to variation in patients’ severity level, some patients
during the execution of OT action 3 may simulate action 1
instead. To improve the accuracy of this model over some OT’s
actions, large dataset for each stroke severity level should be
collected. Further, the classification accuracy of the proposed
upper limb classification system is comparable to that of an
existing upper limb classification study of patients of the same
size (14, 20).
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FIGURE 12 | Correlation between patients’ CC during OT action 2 and their muscle strength grade.

Performance Evaluation of Upper Limb

Motion Completion
In the proposed upper limb motion completion, we fused IMUs
and Kinect data with KF to effectively mitigate errors of IMU
and overcome the instability of Kinect. The fusion results agreed
with the finding in (22). Healthy participants’ mobility data have
been utilized as a benchmark to evaluate upper limb motion
completion. Correlation between healthy subjects’ mobility data
shows a high CC. Thus, a motion data of a healthy individual
when correlated with another healthy individual would be highly
correlated. On the other hand, correlating the motion data of a
patient with that of a healthy individual would have a lower CC
based on the severity of the limb. Therefore, our hypothesis was
that the correlation between the patient’s motion data and that
of a healthy subject would measure the quality and completion of
the upper limb motion. In this study, kinematic data from healthy
subjects and patients are correlated to estimate the joint’s motion
completion during four types of OT actions. The average Pearson
CCs for each OT action are used as indictor to assess the OT
action completion. Table 5 shows the average Pearson CCs for
the nine patients during the execution of the four OT actions. The
completion score for each OT action is calculated by mapping
each CC to the corresponding range in Table 2.

From Table 5, patients 1, 2, and 8 have CC values that are
<0.5 when action 2 is executed, so their action completion
score is 1 (mapped from Table 2). When executing the four OT

actions, patients 3, 5, 6, 7, and 9 have CCs ranging from 0.5 to
0.8, so their action completion score is 2. The CCs of patient
4 for all four OT actions are greater than 0.80, so the action
completion score for this patient is 3. The difference between
CCs of other movements is modest, which is understandable as
most patients have good performance in OT actions 1, 3, and 4.
There is a high correlation between the CC results in this table
and the muscle strength in Table 4. For example, using the Lovett
muscle strength grading standard, patient 4 is rated as grade 5
which corresponds to his/her CC score of greater than 0.8. This
patient performs similarly to a healthy subject. The proposed
OT action completion method allows tracking of patient upper
limb recovery progress like Brunnstrom’s method for the same
purpose (15, 16, 20, 27). The simplicity of the proposed method
envisages improving communication efficiency with patients by
allowing them to effortlessly understand their recovery progress.

As a result of the correlation between the average coefficient
of each OT action and patients’ muscle strength grade, it was
found that action 2 has a high correlation with muscle strength
grade. Actions 1 and 3 have a moderate correlation, whereas
action 4 has a low correlation. A low correlation between action
4 and muscle strength is caused by the difficulty of this action
and the impairment severity of the patient. Through this action,
the horizontal movement can be aided to some degree by the
waist offset. It is a result of the frequent vertical movement in
the air that can determine the movement capability of the upper
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TABLE 6 | DTW measurement distance for the selected patients.

Patient No. Action 1 Action 2 Action 3 Action 4
2.7 6.8 1.5 5.0
3.4 7.1 4.8 13.2
2.2 7.2 4.4 10.2

limbs. Figure 12 shows patients’ CCs during OT action 2 and
their muscle strength grade. This figure represents the relation
in the patients’ CC and their muscle strength grade planes. The
figure also shows that there is a high correlation between the
patients’ CC and their muscle strength grades.

Since the CCs for patients 3, 7, and 9 are similar, we
used a DTW algorithm to calculate the distance between their
movement dataset and the corresponding dataset from the
healthy subjects. Table 6 shows the DTW distance results for
each OT action. In OT action 2, based on the results in the
table, the three patients produced distances that were similar.
Furthermore, patient 3 outperformed the other two patients for
all four OT actions.

CONCLUSION AND FUTURE WORK

In this paper, a multisensor-based upper limb movement
assessment method during OT has been proposed. Two
kinematic sensors were fused to evaluate the completion of OT
actions. The preprocessed sSEMG and the modified improved
TextCNN classifier have been used to classify the four OT actions.
The proposed upper limb OT actions™ classification model
has overall accuracy of 82.2 %. Kinect and Xsens fused data
show a high correlation with muscle strength giving a CC of
0.88. Moreover, the experimental results show a high correlation
between the patients’ CC and their muscle strength grades.
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