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ABSTRACT

Background: Rehabilitation has an established role in the management of a wide range of musculoskeletal
conditions. Much of this treatment relies on self-directed exercises at home, where adherence of execution is
unknown. Demonstrating treatment fidelity is necessary to draw conclusions about the efficacy of rehabilitation
interventions in both clinical and research settings. There is a lack of tools and methods to achieve this.
Research question: This study aims to evaluate the feasibility of using a single inertial sensor to recognise and
classify shoulder rehabilitation activity using supervised machine learning techniques.

Methods: Twenty patients with shoulder pain were monitored performing five rehabilitation exercises routinely
prescribed for their condition. Accelerometer, gyroscope and magnetometer data were collected via a device
mounted onto an arm sleeve. Non-specific motion data was included in the analysis. Time and frequency domain
features were calculated from labelled data segments and ranked in terms of their predictive importance using
the ReliefF algorithm. Selected features were used to train four supervised learning algorithms: decision tree, k-
nearest neighbour, support vector machine and random forests. Performance of algorithms in accurately clas-
sifying exercise activity was evaluated with ten-fold cross-validation and leave-one-subject-out-validation
methods.

Results: Optimal predictive accuracies for ten-fold cross-validation (97.2%) and leave-one-subject-out-validation
(80.5%) were achieved by support vector machine and random forests algorithms, respectively. Time domain
features derived from accelerometer, magnetometer and orientation data streams were shown to have the
highest predictive value for classifying rehabilitation activity.

Significance: Classification models performed well in differentiating patient exercise activity from non-specific
movement and identifying specific exercise type using inertial sensor data. A clinically useful account of home
rehabilitation activity will help guide treatment strategies and facilitate methods to improve patient engage-
ment. Future work should focus on evaluating the performance of such systems in natural and unsupervised
settings.

1. Introduction

rehabilitation is poor, with studies reporting non-compliance to be in
the region of 50-65% [5]. With such variability and uncertainty in

Musculoskeletal disorders are prevalent amongst all age groups and
are a major contributor to global disability [1]. Exercise-based re-
habilitation has an established role in the management of a wide range
of musculoskeletal conditions and is commonly used as first line
treatment [2-4]. Although most rehabilitation programs are guided by
a specialist, patients are typically expected to perform the majority of
their prescribed treatment independently in their home environment.

It is well established that adherence to home musculoskeletal
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treatment implementation, it is almost impossible to draw meaningful
conclusions about the efficacy of rehabilitation in both clinical and
research settings. Existing self-reported measures of adherence perform
poorly under psychometric testing and do not provide a detailed ac-
count of exercise activity [6,7]. There is therefore a clear need for ro-
bust methods to measure implementation of exercise-based treatments
[8].

Recent developments in inertial sensor technology have created new
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Fig. 1. Wireless mIMU mounted to arm sleeve positioned on the upper arm facing posteriorly.

opportunities for the objective monitoring and analysis of human mo-
tion [9]. Supervised machine learning algorithms can be used to classify
patient activity based on inertial sensor data [10], and it is felt that
these methods could provide a practical and reliable approach to
monitoring rehabilitation activity [11-14]. These techniques involve
the use of labelled training data, containing samples of inertial data sets
and their corresponding activity labels, to build predictive classification
models capable of determining what exercises are being performed by
the patient. These tools could facilitate the evaluation of treatment fi-
delity within clinical and research settings, and have the potential to
provide patients with meaningful feedback [15,16]. Qualitative studies
also indicate that this form of feedback could drive patient motivation
and help maintain or improve adherence to home exercise programs
[17].

Results from preliminary investigations appear promising, however
most classification systems have been validated with inertial data ac-
quired from healthy study participants [15]. Patients with pathology
will naturally display greater variation in movement pace and trajec-
tory, and trained classifiers will need to accommodate for this variation.
Additionally, existing studies do not evaluate classifiers’ ability to dif-
ferentiate target activity from non-specific or irrelevant movements
typically present within inertial recordings. This process is usually
achieved by manual or semi-automated extraction of target activity
data, which increases user burden and would not be compatible with
real-time monitoring applications.

This study aims to evaluate the performance of a fully automated
classification pathway for recognition of analytical shoulder re-
habilitation activity carried out by patients with subacromial shoulder
pain. Supervised machine learning models will be used to classify
shoulder activity from inertial data acquired through a single wireless
magneto-inertial measuring unit (mIMU).

2. Methods
2.1. Study participants and data collection

Ethical approval for the study was granted by a UK NHS Research
Ethics Committee (17/SW/0217). Patients with a diagnosis of sub-
acromial shoulder pain and who were deemed suitable for outpatient
physiotherapy were recruited from NHS orthopaedic clinics. Criteria for
exclusion included adhesive capsulitis, inflammatory arthropathy, any
neuromuscular condition, cervical spondylosis or a history of recent
trauma. Twenty consecutive patients (eight males, twelve females)
meeting the eligibility criteria provided informed consent for their
participation in this study. The recruitment target was chosen to ensure
collection of sufficient movement data to represent that of the target
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population, without over-recruiting. Five patients had partial or full
degenerative rotator cuff tears and 18 patients had previously received
some form of treatment in the form of physiotherapy or steroid injec-
tions. Mean participant age was 58.7 years (range 48-80 years) and 18
participants were right arm dominant. Assessments were performed on
the affected arm only (10 left 10 right) and the mean Oxford Shoulder
Score was 30.9 (range 11-42).

Participants were asked to review a patient information booklet
detailing five rehabilitation exercises routinely prescribed for the
treatment of subacromial shoulder pain: shoulder abduction, shoulder
flexion, wall slide, wall press and shoulder rotation. Under supervision,
participants were then instructed to carry out 10 repetitions of each
exercise at a self-selected pace and advised to stop if they experienced
significant discomfort. All exercises were carried out with the patient
standing, except the shoulder rotations, which were carried out from a
seated position with the elbow supported to keep the upper arm ab-
ducted close to 90°.

Raw nine-axis (three-axis accelerometer, gyroscope and magnet-
ometer) motion data was acquired wirelessly via a single mIMU
(MetaMotion R, MbientLab, San Francisco, California, USA) mounted to
an arm sleeve worn above the level of the elbow (Fig. 1). Accel-
erometer, gyroscope and magnetometer sampling rates were set to
100 Hz, 100 Hz and 25 Hz, respectfully. Data was collected wirelessly
via Bluetooth Low Energy to a smart device and processing was per-
formed offline in MATLAB (R2018a from MathWorks).

2.2. Pre-processing

Pre-processing was performed to create a consistently sampled data
set suitable for feature extraction. Magnetometer data was up-sampled
to 100Hz and a low pass 6th order Butterworth filter (10 Hz cut-off
frequency) was applied to the accelerometer data to remove high fre-
quency noise. In addition to the individual pre-processed nine-axis data
streams, individual sensor vector magnitude values and three-dimen-
sional estimates of sensor orientation were also calculated. The
Madgwick orientation filter was used to fuse nine-axis sensor data to
calculate sensor orientation [18], and features were calculated from
both quaternion and Euler angle (ZYX sequence) representations of
orientation.

2.3. Segmenting and labelling

Segmentation of pre-processed data streams was performed to
create unique data segments representing each exercise sequence. The
employed method involved identifying the dominant gyroscope axis
zero-velocity time points to define the boundaries of each movement
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Fig. 2. (a) 3-axis gyroscope plot; (b) Peak analysis of (inverted) gyroscope vector magnitude identifies locations close to 0; (c) Locations of identified peaks

superimposed on orientation data indicates segmentation points.

cycle. The dominant axis naturally varies depending on movement
trajectory, therefore a peak analysis function was applied to the gyro-
scope vector magnitude data stream to identify time points when ve-
locity was closest to zero (Fig. 2). Unlike conventional fixed-size sliding
windowing techniques, this method potentially ensures each segment
represents a defined portion of an activity, irrespective of the time
taken to carry out the movement. This stage was fully automated and
all recorded data segments (exercise and non-exercise activity) were
included.

A unique exercise label was attributed to each activity segment from
ground truth data collected during performance of the exercises. Two
adjacent segments defined a single exercise due to the zero-velocity
state at maximum shoulder excursion (e.g. peak of abduction). Both
segmented components of a single exercise (e.g. abduction and ad-
duction) were assigned the same label (Abduction) providing five ac-
tivity classes. A 6 class (Junk) represented non-specific activity re-
corded during the session, which was unrelated to the execution of the
prescribed exercises. This included inertial data recorded while patients
adjusted body or arm position in between exercises, adjusted clothing
or performed upper limb gestures while communicating. Accuracy of
ground truth data sets were verified with offline visualisation of or-
ientation data streams, which provide an interpretable representation
of arm position and movement, allowing the investigator to infer ex-
ercise type and confirm label.

2.4. Feature extraction

The feature extraction process calculates unique and distinguishing
characteristics of each activity segment, which are used as input for the
classification algorithms. This study evaluates a wide range of time and
frequency domain features derived from accelerometer, gyroscope,
magnetometer and orientation data [19]. Time domain features in-
cluded mean, root mean square, standard deviation, variance, range,
inter-quartile range, percentiles (5th, 25th, 50th, 75th, 95th) and vector
pair (xy/xz/yz) Pearson correlation coefficients (bivariate features).
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Frequency domain features included maximum frequency component,
mean frequency component, energy spectral density, entropy and kur-
tosis. A total of 237 features were calculated for each activity segment.

2.5. Feature selection

Feature selection aims to reduce the number of features used by
identifying those that are of most independent predictive importance
[20]. This step optimises the learning process and improves classifica-
tion accuracy by reducing the risk of model overfitting [10]. The Re-
liefF algorithm was applied [21] to assign weight values to features,
penalizing those that give similar values to segments of a different class
and rewarding those that give different values to segments of different
classes. A subset of features was selected after setting an empirical
threshold based on the calculated average of attributed weights, all
features below the threshold were excluded. All features included for
classifier inputs were scaled to zero-mean and norm-standard deviation.

2.6. Classification and validation

Four supervised machine learning classification models were chosen
for evaluation: decision tree (DT), support vector machine (SVM), k-
nearest neighbour (k-NN) and random forests (RF). Hyperparameter
settings were determined following preliminary investigations. All
models were trained using the same selected subset of high-ranking
features and predictive performance was evaluated with two different
validation methods. Ten-fold cross-validation (10FCV) randomly dis-
tributes all labelled data segments evenly amongst ten folds. Training is
performed on data contained within nine folds and testing is performed
on the omitted fold to calculate the predictive accuracy. Ten iterations
of this process are performed with different partitions of the data set, to
ensure all data is used for training and testing. Leave-one-subject-out-
validation (LOSOV) partitions the data set into subject specific folds
with each fold containing only the data from a single participant.
Similar to the previous method, a single fold is retained each round for
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testing and a single performance estimate is reported as the average of
all testing results.

Accuracy is used to provide an overall indicator of model perfor-
mance and reflects the proportion of correctly classified segments
within testing. The accuracy metric does not take unbalanced datasets
into account and can be biased to favour the majority classes.
Therefore, individual label sensitivity (true positive rate or recall), po-
sitive predictive value (PPV; precision) and specificity (1-false positive
rate) are also calculated.

3. Results

The segmentation protocol yielded 2568 samples. Segments re-
presenting exercise activity had a mean duration of 1.78s. Not all pa-
tients were able to perform 10 repetitions of all five exercises due to
movement restrictions related to their shoulder pain. Any additional
repetitions and limited attempts at exercise performance recorded
within the session were labelled and included in the analysis.

Two sources of forced segmenting errors were identified during
labelling: oversegmenting resulted in single activity cycles being divided
into two or more segments and occurred in 2.7% of activity segments;
undersegmenting resulted in a registered segment incorporating more
than one half of an exercise cycle and occurred in 1.8% of activity
segments. In both cases segments were assigned labels according to the
activity being performed. Exercise activity labels were fairly evenly
distributed; 344, 355, 348, 314 and 418 segments represented abduc-
tion, flexion, wall press, wall slide and rotation activity, respectively.
Junk activity formed the largest class with 789 segments, representing
31% of all data segments.

The feature selection strategy resulted in the top 120 features being
included; these were predominantly time domain features derived from
accelerometer, magnetometer and processed orientation data. Feature
ranking identified bivariate features of all data streams as offering the
highest discriminative value for exercise classification. Only a small
proportion of frequency domain and gyroscope derived features were
weighted sufficiently for inclusion (Fig. 3).

Performance metrics for each model with both validation methods
are detailed in Table 1. The 10FCV results indicate how the system
would perform if a subject-specific training set was created for each
new patient. For this validation method models achieved accuracies
between 90.9% (DT) and 97.2% (SVM). SVM sensitivity scores, mea-
suring the effectiveness of the classifier to identify a specific activity,
exceeded 96% for all classes. PPVs were equally high and all specificity
scores exceeded 99%.

The LOSOV evaluates the system’s ability to generalise across to
entirely new patient activity. For all classifiers, the LOSOV method
yielded lower overall accuracy scores and higher variation than 10FCV.
DT classifiers were particularly poor at generalising to new subject
data, with specific class sensitivity scores as low as 50.9% (abduction).
The RF classifier performed significantly better than all other models
with 80.5% overall accuracy. There was large variation in model per-
formance depending on the activity being classified; sensitivity scores
for wall slides and abductions were 93.4% and 62% respectively.
LOSOV results also showed significant variation in individual subject
fold accuracies.

The proportions of correctly and incorrectly predicted activity labels
can be reviewed within a confusion matrix (Fig. 4). This demonstrates
the tendency for abduction, flexion and wall press activity to be mis-
classified as junk activity, and for abduction and flexion activity to be
confused for one another.

4. Discussion
This study reports on the performance of supervised machine

learning techniques in classifying shoulder rehabilitation exercises from
inertial data acquired from a single nine-axis mIMU device worn on the
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upper arm. Classifier performance was evaluated with the use of real
patient data and the inclusion of non-specific activity, thus providing
representative estimates of their capabilities in real world scenarios.
The predictive performance demonstrated suggests these systems can
provide a clinically useful account of exercise adherence.

The classifiers chosen for this study represent a range of supervised
machine learning models successfully implemented in previous human
activity classification (HAC) studies. The choice of classifier for future
clinical platforms will rely not only on predictive accuracy but also on
factors related to training time, prediction speed and memory usage.
The SVM performed well for both validation methods and are highly
regarded for their ability to handle high-dimensional data. Choosing
appropriate model parameters for SVM classifiers can be difficult
however, and like k-NN classifiers, they can be memory intensive.
Simple DTs are quick to train and easy to interpret, but are typically less
accurate as this study has demonstrated. RF classifiers build multiple
DTs using data bootstrapped from the original data set (bagging) and
randomly selects predictors at each decision split. This classifier per-
formed well for both validation methods and has shown excellent
predictive accuracy in previous studies, outperforming SVM and k-NN
algorithms [11,22]. The improved predictive capabilities and relatively
fast prediction speeds make this algorithm a promising candidate for
sensor-based rehabilitation monitoring [23]. Deep learning techniques,
utilising neural network based algorithms, provide an alternative
method for activity classification [11,12]. A key advantage of these
methods is their ability to learn directly from sensor output data, re-
moving the need for manual feature engineering. The models do how-
ever require substantially longer training times compared to traditional
supervised classification methods and typically demand larger volumes
of training data.

Accurate classification of human activity from sensor data is reliant
on appropriate segmentation methods. The employed technique iden-
tified gyroscope zero-velocity crossing locations to define activity
boundaries. This alternative method to conventional fixed-size over-
lapping windows was chosen for this study as establishing an optimal
fixed window length can be challenging, and presents a trade-off be-
tween algorithm responsiveness and model performance [24]. Fur-
thermore, short and long-term factors such as disease progression, re-
covery, pain, fatigue and stress can cause significant variation in the
time taken to carry out certain exercises. Segmenting based on gyro-
scope zero-velocity crossings ensures the windows capture a defined
activity cycle and system accuracy will not be directly related to inter
and intra-subject variability in exercise performance time. Additionally,
this method provides a direct measurement of activity duration and
number of repetitions performed; both valuable metrics in the assess-
ment of exercise adherence and performance [25].

Feature sets explored in this study were selected based on previous
investigations evaluating HAC with inertial sensor data. The feature
selection strategy employed an established filter method to evaluate the
intrinsic properties of the calculated features [26]. Our investigation
supports previous findings on the relatively higher value of accel-
erometer over gyroscope derived features, and time domain over fre-
quency domain features for these applications [27]. Features derived
from magnetometer and processed orientation data (9-axis sensor fu-
sion) were also shown to have high predictive value. Although, it must
be noted that magnetometer readings are susceptible to distortions
caused by ferromagnetic materials and the testing environment could
influence the reliability of these features [28]. Bivariate features of all
data streams were shown to have the highest predictive importance,
however a recent study evaluating similar activities in healthy subjects
found correlation coefficients of vector pair combinations to have poor
predictive value [11]. This discrepancy demonstrates the influence of
data collection methods and windowing techniques on the differ-
entiating qualities of calculated features [29].
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4.1. Limitations

The exercises chosen for analysis only incorporate single plane
movements. While these exercises are derived from recognised strate-
gies for the treatment of subacromial pain, some multi-planar move-
ment exercises can also be prescribed which have not been evaluated in
this study. Data was collected from a relatively small group of patients
and improved performance is likely to be achieved with larger amounts
of training data. [13]. The relatively poor differentiation between ab-
duction and flexion movements within this study could also potentially
be improved with an additional body sensor or a functional calibration
procedure. Additional sensors could enable measurement of posture,
scapulohumeral rhythm and movement trajectory, allowing an assess-
ment of exercise performance [30]. This would however increase pa-
tient burden and future work should be aimed at understanding the
trade-off between system performance and usability [15].

Activity was recorded during a single observed session for each
subject, and it is uncertain how well the trained algorithms would
generalise to subsequent independently performed exercise sessions
where recorded movement patterns may change. A disadvantage to
supervised learning methods is the necessity for labelled training data.
Labelling is an expensive process, and there are significant challenges
around collecting labelled data from home environments. Unsupervised
learning systems have been implemented for HAC studies, however
predictions are less accurate and interpreting the output can be

challenging [10]. Semi-supervised learning approaches, which attempt
to utilise large volumes of data with reduced labelling requirements
may offer the best balance between process efficiency and system ac-
curacy [22]. These methods will be explored in further work in-
vestigating home rehabilitation monitoring.

5. Conclusion

Demonstrating adherence and program differentiation is critical in
the development and evaluation of evidence-based rehabilitation in-
terventions. This study demonstrates the feasibility of patient mon-
itoring and automated classification of single plane exercises with
wireless sensor technology. Future work should focus on optimising
technical performance of these systems in natural settings and under-
standing factors around usability.

Funding
This work was supported by the NIHR Oxford Biomedical Research

Centre and the Nuffield Department of Orthopaedics, Rheumatology
and Musculoskeletal Sciences, University of Oxford.

Conflict of interest statement

Authors have no conflicts of interest to declare.



L. Bavan, et al.

Table 1
Performance of all four classification models using 10FCV and LOSOV.
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10-Fold Cross-Validation (%)

Leave-One-Subject-Out-Validation (%)

Accuracy Sensitivity PPV Specificity Accuracy Sensitivity PPV Specificity

DT 90.9 (= 2.0) 71.0 (£ 16.9)

Abduction 86.9 86.4 97.9 50.9 62.9 95.4
Flexion 89.9 87.2 97.9 51.8 63.2 95.2
Wall Slide 96.3 95.4 99.3 82.5 83.2 97.4
Wall Press 93.6 92.2 98.9 67.2 75.6 97.0
Rotation 93.8 94.5 98.9 74.6 87.6 97.5
Junk 88.2 90.3 95.8 87.7 67.9 81.6
K-NN 95.7 (+1.2) 76.1 (£ 13.5)

Abduction 97.4 94.4 99.1 63.7 67.4 95.2
Flexion 96.9 94.2 99.1 61.4 71.0 96.0
Wall Slide 97.1 97.7 99.6 85.3 81.1 96.9
Wall Press 98.1 93.9 99.1 74.5 82.7 97.8
Rotation 97.4 95.1 99.0 74.2 92.3 98.8
Junk 91.9 97.2 98.8 88.7 73.6 85.9
SVM 97.2(*+1.2) 74.9 (£ 17.0)

Abduction 96.8 96.0 99.4 56.4 68.8 96.0
Flexion 96.6 96.9 99.5 55.5 75.2 97.1
Wall Slide 97.1 98.0 99.7 89.1 83.8 97.3
Wall Press 98.4 98.4 99.8 58.0 96.8 99.7
Rotation 97.8 97.4 99.5 74.9 97.5 99.6
Junk 96.8 97.0 98.7 95.7 65.9 78.1
RF 96.4 (= 1.7) 80.5 ( = 15.6)

Abduction 95.9 94.6 99.1 62.2 76.4 95.2
Flexion 94.6 94.4 99.1 67.6 75.9 96.0
Wall Slide 96.6 98.0 99.7 93.4 99.1 96.9
Wall Press 97.8 97.5 99.6 65.3 94.0 97.8
Rotation 98.6 97.2 99.4 90.0 95.4 98.8
Junk 95.7 96.7 98.5 94.6 72.3 85.9

PPV: positive predictive value; DT: decision tree; K-NN: k-nearest neighbour; SVM: support vector machine, RF: Random Forests.
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