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Home-based rehabilitation is essential for stroke survivors, facilitating motor recovery and improving activities-
of-daily-life performance. Recent advances in wearable technologies and machine learning promise to rev-
olutionize home-based arm rehabilitation by providing detailed movement analysis. However, machine
learning algorithms for arm movement identification are predominantly trained and tested in the same
environments. Their ability to generalize to novel environments remains largely unknown, hindering practical
applications. This paper investigates the ability of two established machine learning models to generalize a
structured, lab-based environment to a more realistic, semi-structured kitchen environment. Twelve healthy
participants performed various arm activities, involving three arm movement types (reaching, lifting, and
pronation/supination). In addition to evaluating the generalization of movement identification, we compared
algorithm performance for two different sensor configurations: four Inertial Measurement Units (IMUs) on
the arm versus a single IMU on the wrist. We employed a Random Forest (RF) classifier and a hybrid deep
learning model combining convolutional and recurrent neural networks, evaluating both subject-specific and
group approaches. Trained in the structured environment, the RF classifier predicted activities in the semi-
structured environment with 86.54% (subject-specific) and 77.37% (group) balanced accuracy, based on the
four-sensor configuration, while the hybrid model reached 87.96% and 82.96% accuracy. The accuracy was
lower with a single wrist IMU; the RF classifier showed a smaller decrease than the hybrid model. Our findings
demonstrate that the investigated arm movement identification algorithms generalize well across environments
even with the minimal sensor configuration, indicating the potential for future applications in home-based
stroke rehabilitation.

1. Introduction with better functional outcomes in motor recovery [7]. However, cur-
rent clinical practices often involve low-intensity approaches, which

Stroke is a leading cause of disability worldwide, with upper limb
impairment being a common consequence that significantly impacts
the performance of daily activities [1,2]. Rehabilitation plays a crucial
role in treating and facilitating motor recovery, thereby improving
stroke survivors’ ability to perform activities of daily life (ADL) [3].
However, the complexity and duration of rehabilitation, along with
the high cost of specialized therapies and limited access to facilities,
often make clinical rehabilitation prolonged, inconvenient, costly and
not sustainable [4]. This necessitates the exploration of remote or

fail to promote the optimal neuroplastic changes necessary for mean-
ingful recovery, especially in the upper limbs [8]. In this context,
continuous monitoring of ADL offers clinically relevant insights for
tailoring post-stroke therapy in home settings, and has the potential to
provide more intensive rehabilitation outcomes compared to traditional
clinical practices [9-11].

Research in this area has highlighted various approaches to catego-
rize and monitor arm movements more accurately [12]. For instance,

home-based rehabilitation techniques [5,6].
Moreover, to optimally improve motor recovery, increasing the
intensity of rehabilitation is essential, as higher intensity is associated

Bochniewicz’s study [13] categorized arm movements during ADL into
functional and non-functional, offering a more targeted framework for
continuous monitoring of daily arm use. Similarly, Rand’s study [14]
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demonstrated the potential of wrist accelerometer data, combined with
self-reported information, to predict the level of affected upper ex-
tremity use in daily life, specifically 12 months post-stroke. However,
simply measuring affected arm use may not reflect the appropriate
dosage of specific movements required to tailor rehabilitation efforts
effectively [15]. Therefore, it is crucial to go beyond just assessing the
time spent on functional tasks and instead focus on a more precise
monitoring of the motion content and quality of arm movements.

Human motions are systematically placed into a hierarchical struc-
ture based on their time scales and goals [16], where functional prim-
itives, or isolated movements, serve as the foundational elements of
activities. This hierarchical understanding of motion offers profound
insights into neurological disorders at a granular level. If the motion
content is not fully comprehended, it becomes challenging to establish
any relationship between the prescribed repetitions of movement and
the efficacy of rehabilitation interventions [17].

A promising approach to accurately measure motion content in
daily life involves motion sensing technologies. Wearable sensors, char-
acterized by their lightweight, portability, and small size, are being
increasingly integrated stroke tele-rehabilitation, post-stroke recovery
at home, and motion analysis applications such as gait analysis [18—
20]. Among the wearable sensors, inertial measurement units (IMUs)
are particularly well-suited for measuring upper extremity motions.
IMUs offer extraordinarily rich data by capturing both linear and
rotational movements [21].

In recent years, arm activity identification using IMU sensors has
been enhanced by machine learning (ML) techniques. These include
supervised and unsupervised methods, ranging from support vector
machines (SVM) [22] and linear discriminant analysis (LDA) [22], to
ensemble models like random forest (RF) [23], k-means clustering [24],
and convolutional neural networks (CNN) [25,26]. Deep learning archi-
tectures, such as CNNs, have been reported to achieve higher accuracy
in arm movement identification compared to conventional machine
learning models [25-29]. Moreover, Murad and Pyun [30] found that
deep recurrent neural networks can outperform CNN models for certain
tasks.

Despite these advancements, much remains unknown about the
potential of ML-based arm movement identification for real-life ap-
plications. In particular, existing studies mainly test and train models
on similar datasets from the same settings and activities [25-27,29],
and often in fully constrained settings which limits their relevance for
real-life applications [22,31]. Recent studies have begun to address
this challenge; for instance, Gomez.et al. [23] investigated the abil-
ity of their models to identify reach versus non-reach actions using
an activities-of-daily-life (pizza-making) dataset. However, in general,
there is currently little clarity regarding the ability of arm movement
identification models to generalize across separate environments and
different individuals, largely due to the lack of inclusion of varied
datasets used for evaluation.

To address this gap, here we evaluated the generalization of ML-
based arm movement identification models by focusing on three arm
movement types, including different activities performed in different
settings for training and testing phases. We trained ML-based models
on healthy participants’ data obtained in a structured environment
resembling clinical settings; we then tested models on data captured in
a semi-structured setting that mimicked real-world home environments.
Unlike prior work that relied primarily on within-dataset validation,
our approach allows us to evaluate the generalization of models to more
dynamic and varied conditions.

Furthermore, we also considered generalization across random in-
dividuals to evaluate the model’s ability to adapt to new, previously
unseen subject’s data. Therefore, we followed two distinct approaches:
(1) a subject-specific approach, where the training (structured trials)
and testing (semi-structured trial) datasets came from the same subject,
and (2) a group approach, where structured data from all participants
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is used for training, while a random subject’s semi-structured trial is
used for testing.

Building on the findings of previous studies, we selected two models
for our evaluation: The first is a model based on Random Forest (an
established classification technique) and the second is a new variant
of a state-of-the-art hybrid deep learning model which was previously
proposed for ankle movement classification [32].

Our primary aim in this paper was to evaluate to what extent ML-
based models can generalize from structured environments to more
challenging, semi-structured environments that more closely resemble
patients’ home environments. We followed both subject-specific and
group approaches to evaluate our models, and we focused on three
main arm movements: reaching (extension/flexion of forearm), lifting
(rotation of forearm around the elbow joint), and supination/pronation
(rotation of the wrist around the forearm axis). We evaluated and
compared the performance of the two selected models, particularly
examining whether the hybrid model’s architecture provides an edge
in classifying sequential data into three movement types, based on its
ability to capture both spatial and temporal features.

Our second aim was to explore the feasibility of arm movement
identification using minimal sensor configuration, which is crucial for
clinical applications. We used two alternative sensor configurations:
the first one including four IMU sensors (on participants’ dominant
hand, lower arm, upper arm, and shoulder) and the second one in-
corporating only one IMU sensor on the dominant wrist, similar to a
conventional smart watch. To our knowledge, this study is the first at-
tempt to evaluate the use of minimal sensor configuration to generalize
arm movement identification from one setting to another (clinic-home
scenario).

2. Methodology
2.1. Participants

This study initially recruited fifteen healthy participants. However,
due to data quality issues, three participants were excluded: two due
to a large share of missing data, likely caused by IMU data trans-
mission issues, and one due to an abnormally fast task completion
time that impeded accurate arm movement measurement. The final
dataset included twelve participants (eight women, four men) with
a mean age of 29.3 + 5.9 years Among these, eleven participants
were right-handed and one participant was left-handed. All participants
were healthy adults with no history of brain injury or limb paralysis.
Informed consents were received from all participants. This study re-
ceived ethical approval from the Human Research Ethics Committee of
Delft University of Technology, application number 4189.

2.2. Data acquisition

We employed five QSense 9DOF motion tracking sensors (2M En-
gineering, [33]), each consisting of a 3-axis accelerometer, a 3-axis
gyroscope, and a 3-axis magnetometer. These inertial measurement
units (IMUs) were positioned on the dominant arm in a distal-to-
proximal arrangement, including placements on the hand, wrist, lower
arm (one-third of the forearm, close to the wrist), upper arm (one-
third of the upper arm, close to elbow joint), and the shoulder near the
acromion. Sensors on the hand, lower arm, upper arm, and shoulder
constituted the primary sensor configuration and were affixed directly
to the body using adhesive stickers. In contrast, the wrist sensor was
configured separately to explore the feasibility of movement identi-
fication in a watch-like setup. This sensor was encased in a rubber
wristband and worn like a conventional watch.

For the purpose of arm movement identification, only the raw linear
acceleration and raw rotational rate data channels were utilized, as
the magnetometer data were significantly influenced by environmental
factors, such as magnetic field disturbances. The IMUs sampled data at
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a frequency of 50 Hz and transmitted data via Bluetooth to a computer
running the QSense Motion Application.

Each trial was individually recorded using a video camera (720p
HD, 30 frames per second), for subsequent manual data labeling, and
stored separately alongside the corresponding IMU recordings.

2.3. Experiment protocols

For each participant, data were collected using both a structured
and a semi-structured protocol. The primary distinction between these
two lies in their level of standardization and control, with the struc-
tured protocol providing uniformity and the semi-structured protocol
introducing variability by allowing participants to perform tasks natu-
rally. The structured protocol involved performing three isolated arm
movements: reaching (extension/flexion of the forearm), lifting (rota-
tion of the forearm around the elbow joint), and supination/pronation
(pro/supination; rotation of the wrist around the forearm axis). During
this protocol, the participant sat in front of a table and performed
these movements. Researchers provided explicit instructions on how to
execute the movements while maintaining proper posture. To maintain
uniformity, each movement started and ended at a designated position
in front of the participant. Throughout the recording, participants
remained seated with minimal body movement. Each movement was
repeated ten times, with a three-second pause between repetitions. To
distinguish between sets of movements, subjects were asked to clap
twice before starting the next set of ten repetitions. The structured
protocol was designed to include five trials in total, with each trial
consisting of thirty arm movements (3 movements x 10 repetitions).

The selection of these arm movements was based on recommenda-
tions from [24,26], as well as consultations with therapists involved
in this project, who emphasized the significance of these movements
as indicators of rehabilitation progress in performing ADL. Reaching
was assumed as the extension/flexion of the forearm in the x-y plane,
lifting was described as a combined extension/flexion of the elbow and
abduction/adduction of the shoulder, moving towards the mouth and
back (similar to drinking task), and pro/supination was introduced as
the inward and outward rotation of the wrist along the forearm axis.
This controlled setup ensured consistent and objective data collection
and it created a standardized training dataset.

The semi-structured dataset was collected using a kitchen activity
protocol, where participants completed a set of predefined activities,
related to meal preparation (Table 1). It incorporated different varia-
tions of the three previously mentioned arm movements within a mock
kitchen environment, at Rijndam rehabilitation center. Each participant
was required to complete all activities on the list, starting in front of a
designated cabinet. However, during the task, they were free to adjust
their body position relative to objects and surfaces and to perform
movements in their own natural way. Variation in arm movement
execution was intentional. For example: 1- Reaching included both
reaching for high objects and placing objects on a flat surface, all
labeled under the same movement category. 2- Lifting was defined
as bringing the arm towards the mouth, which could occur while
holding an object (e.g., drinking from a cup, or biting into bread) or
without an object (e.g., washing the face). 3- Pronation/Supination
was performed in different ways, such as rotating the forearm while
spreading butter on bread or turning a water tap. Unlike the structured
dataset, participants were not given specific instructions on where
to sit, stand, how to perform the activity or to maintain their body
position. This dataset allowed for more natural, functional movements
that closely resemble real-life activities. While the sequence of tasks
was predefined, individual execution varied, resulting in a more diverse
and ecologically test dataset.

Moreover, a few additional activities, such as walking, standing,
and sitting down, were included to create a logical flow and help
participants feel more natural in their environment. Participants were
asked to repeat the entire set of activities twice, in two separate trials.
However, only one trial was primarily used for analysis, with the
second trial reserved as a backup in case of any errors in activity
performance.
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Table 1
Activities performed in the semi-structured protocol.
#No Activities Category
1 Reach a piece of bread from the cabinet Reaching high-A
- *Walk to the table Random
2 Place the bread on the table Reaching low-A
- *Walk back to the kitchen Random
3 Open the water tap Pro/Supination-C
4 Wash your face in the meantime Lifting-B
5 Close the water tap Pro/supination-C
6 Reach the cup from the dryer Reaching-A
7 Take a sip Lifting-B
- *Walk to the table Random
8 Put back the cup on the table Reaching-A
- * Take a seat Random
9 Reach the knife from the table Reaching-A
10 Spread butter on the bread using a Knife Pro/supination-C
11 Eat the piece of a bread Lifting-B
12 Turn the page of the book, look underneath Pro/supination-C
13 Reach the cup from the table and hold it Reaching-A
- *Stand from the chair Random
- *Walk around the kitchen Random
14 Put back the cup to the dryer Reaching-A

2.4. Data labeling

To label the data, all movements were classified as either reaching
(A), lifting (B), or pro/supination (C). Each movement was considered a
forward-backward motion comprising two phases. For example, reach-
ing was followed by a retraction, with the entire sequence classified as
reaching.

Two researchers manually labeled all movements in both the struc-
tured and semi-structured trials using video recordings as the ground
truth. The videos were synchronized with the IMU recordings based on
the claps at the start and end of each trial. Some kitchen activities in
the semi-structured trials involved composite movements. For instance,
opening and closing a water tap involved both a reaching movement
towards the tap and a subsequent pro/supination. In such cases, the
start and end of the activity was annotated based on the intended
movement, while the non-targeted movement was disregarded. For
example, in the tap activity, only the pro/supination was labeled, and
the reaching component was excluded.

The labels from structured trials were served to train and vali-
date ML models, while those from semi-structured trials assessed test
accuracy.

2.5. Data pre-processing

Before entering the data into a classifier, general pre-processing
steps were performed.

Filtering. The raw sensor data were band-pass filtered using a 3rd-order
Butterworth filter with low and high cutoff frequencies set at 0.1 Hz
and 12 Hz, respectively [23,24]. This band-pass filter was designed to
eliminate low-frequency artifacts and high-frequency noise introduced
by physical effects, such as arm movement drifts.

Equal length. In this experiment, five IMU sensors simultaneously mea-
sured different arm segments and all IMUs transmitted data in unique-
sized packets. However, desynchronization in the Bluetooth transmis-
sion rate of individual sensors occasionally resulted in some sensors
losing a few data packets. To address this, we aligned the sensor data by
truncating the longest sensor output to match the length of the shortest
one.
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Fig. 1. Segmentation of data by class (ground truth labels) and window size. Each data fragment consists of equal-length windows. The gyroscopic data is plotted

to visually illustrate the segmentation process applied across the entire dataset.

Data segmentation. The data were originally segmented with the la-
bels (movement classes) by aligning the IMU signals with the video
recordings. However, this class-segmented data contained examples of
the three movements with varying lengths, reflecting the individual
differences in the speed of performing these motions. To generate
uniform-length data segments for use by the ML models, every single
movement was segmented into 0.5 s windows with 50% overlap be-
tween consecutive segments (Fig. 1). Segmenting data into windows
of consistent length is generally recommended before applying many
machine learning models [23-26]. The 0.5-s window was preferred
over other tested window sizes (1 and 2 s) because it resulted in
better ability of the selected models to distinguish between the three
movement types.

2.6. Machine learning models for movement identification

In this study, we approached arm movement identification as a
classification problem. A classification model aims to assign items to
discrete groups (in this case, three arm movement types) based on a
specific set of features. We evaluated two classification models, one
based on Random Forest and one hybrid deep learning model. The
rationale behind proposing these two models was to compare the
performance of a more traditional ML model, in our case Random
Forest (based on extracting relevant features manually from data),
with a more sophisticated neural network architecture (in our case the
hybrid model) which does not depend on manual feature extraction and
optimization process. Both models were implemented in Python 3.11,
using Scikit-learn (Random Forest) and Keras (for the hybrid model)
libraries.

2.6.1. Random forest

Random Forest is an ensemble machine learning algorithm widely
used for movement identification applications and for time series data
classification [13,23,25,34-36]. Notably, results from [36] demon-
strated that Random Forest outperformed other machine learning mod-
els in intra-subject classification of arm movements for both control and
stroke groups (similar to our case with having subject-specific models).

Random Forest builds multiple decision trees by splitting data based
on feature values, then aggregates their predictions to enhance accu-
racy and determine the final output [37].

Hyper-parameter optimization. The key hyper-parameters of the RF
model include the number of decision trees in the forest
(“n-estimators”), the maximum depth of each decision tree (“max-
depth”), and the number of features to consider when determining the
best split at each node (“max-features”). We employed a pragmatic
grid search technique to optimize our RF model, testing a limited set
of values for each hyper-parameter during the training and validation
phases.

+ rf-param-grid

— ‘n-estimators’: [100, 200, 500]
- ‘max-depth” [10, 20]
- ‘max-features” [‘sqrt’, 5, 10]

For hyper-parameter optimization, we utilized the leave-one-out ap-
proach [38] to allocate the structured trials for training and validation.
During each iteration, the model was trained using four trials of data
from structured protocol while performing a grid search over various
combinations of hyper-parameters. The model was then validated on
the fifth structured trial. This was repeated five times, iterating over
each trial assigned to the validation set. A flowchart illustrating the
trial allocation and hyper-parameter tuning process is shown in Fig. 2.

Feature extraction. For the RF model, we selected 8 different types of
commonly used signal-based features. These features were (1) the mean
of the signal [9,13], (2) the standard deviation of signal [9,13,23],
(3) the root mean square [10,23,35]: RMS = ‘/%foT x2(t)dt, (4) the
minimum value of signal, (5) the maximum value of the signal, (6)
the slope of the signal: [9], Slope = 4x(n) (7) the skewness of the

, 5 dt ’
T (=D /N
3

signal [23], Skewness = , and (8) the kurtosis of the

n )4
signal [23], Kurtosis = 2’:'()1—4)()/]\]

Each feature was computed over each channel (X,Y,Z) of accelerom-
eter and gyroscope, across four sensors located on hand, lower arm,
upper arm and shoulder. This resulted in a total of eight(features)*
three(axes)* two(sensor types)* four(sensor number) = 192 features.
The feature extraction process was performed for each 0.5 s (25 samples
in time) window segments contained within a specific data fragment,
labeled as A, B or C. The same computation was performed for the sec-
ondary sensor configuration, involving only a wrist sensor and resulted
in eight(features)*three(axes)*two(sensor types) = 48 features.



S. Akbari et al.

Computers in Biology and Medicine 198 (2025) 111167

Retraining
Model Using
Structured
Data

Semi-
Structured
Data

Data
Segmentation

Predicting
Using Semi-
Structured
Data

N
Data Labeling s ***Feature
Structured and Data Extr::ti:::\e Selection =" LeaveOneOut Cross
Data Segmentation UsingPCA | Validation
]
 vd= ROV
r—’ Training/Fitting | _ Training
Selection of T Model Set
The Best yp —
Parameters
Tunning (Cx1=20%>
Predicting < Validation
Using Set
Validation Set tj/

Window Label

Prediction

Fig. 2. Overview of the main steps for training and validating the machine learning models for three arm movement identification using leave-one-out cross-

validation on structured trials and testing on semi-structured trial. Note that blocks wit]

model.

Feature scaling. We used “preprocessing.StandardScaler” class from the
“Scikit-learn” library to standardize features, ensuring they contribute
equally to the model by centering them around the mean and scaling
by the standard deviation.

Feature optimization. For feature optimization, we used Principal Com-
ponent Analysis (PCA), a common feature reduction technique that
projects a multi-dimensional feature matrix into a lower-dimensional
feature matrix, while preserving the significant characteristics of the
data [39]. Among all the extracted principal components (PC), the two
first PC1 and PC2, have the most significant contribution to translate
data into a lower-dimension. Each feature (each data point in the
scatter plot) is plotted according to its loadings on PC1 and PC2, in
a 2D plane. Features are considered more important if they are farther
from the origin in the PC1-PC2 plane, as indicated by their Euclidean
distance. We selected the twenty features most distant from the origin
(Fig. 3). While PC1 and PC2 can be used directly to transform data into
a lower dimension, this approach may obscure the relationship between
the original features and their corresponding sensors [40].

Following the feature optimization process, the same twenty most
important features identified during training and validation were also
extracted from the semi-structured trial. This approach was chosen
to establish a logical consistency between the two different settings,
ensuring that the features used for classification were comparable
across both structured and semi-structured settings.

2.6.2. Hybrid model (CNN+LSTM)

The second model we used was a variant of a previously proposed
hybrid model [32,41], which combines convolutional neural network
(CNN) and a long short-term memory (LSTM) network architectures
(Fig. 4). Unlike Random Forest, the CNN+LSTM model does not require
pre-defined features for classification, as it automatically learns internal
representations that are useful for the classification task [23]. The
rationale behind choosing this model was the success of CNNs in
identifying arm movement activities [25-29], as well as the assump-
tion that extracting both temporal dependencies and spatial features
could enhance identification accuracy for sequential time series data.
Moreover, Liang’s study [42] demonstrated superior performance in
predicting lower-limb joint moments during locomotive activities us-
ing their proposed BiLSTM+CNN model compared to other neural
networks.

*** were applied only for running the RF model and not for the hybrid

The CNN component extracts useful implicit features by convolving
filters across the spatial dimension (over channels). However, CNNs
are not designed to capture temporal dependencies across time-steps.
To address this, the model includes an LSTM layer to learn temporal
dependencies in the features extracted by CNN. The input to the hybrid
model was a 0.5 s window (25 samples in time) with 24 data channels
(The acceleration and gyroscope data from all the four sensors in X, Y,
Z directions).

The model includes two 1D-convolution layers, each followed by
a batch normalization layer to normalize the output of the previous
layer, a max-pooling layer to reduce the input dimensions, and a ReLU
activation function to introduce non-linearity to the model. The first
convolution operation was done by a 1D-Conv layer with 32 filters,
kernel size of 3 and a stride rate of 1. The second convolution was done
by a 1D-Conv layer with 64 filters and the same kernel size and stride
rate. The max-pooling layers had a pool size of 2. The model included
an LSTM layer with 64 memory units included to capture temporal
dependencies. The output module included two dense layers: the first
with 256 neurons, and the second with three neurons, representing the
three types of arm movements in this study. The final dense layer used
a softmax activation function to handle the multi-class classification
problem.

The hybrid model used Adam optimizer [43] with learning rate
of 0.001 and a batch size of 32 trains over 10 epochs and it used
categorical cross-entropy as a loss function.

The training and validation were performed over the structured
trials with iteratively allocating one trial for validation and the other
four trials for training. This results in 20% splitting data for cross-
validation. After tuning the hyper-parameters, the model was re-trained
once again on the entire structured trials. The general steps for training
and validation are presented in Fig. 2.

2.7. Model evaluation

Each model was evaluated by training on structured trials and
using the leave-one-out approach to fine tune the hyper-parameters
during the validation phase (still on structured trials). For testing the
models’ performance, the semi-structured trial was used. This strategy
for training on more constrained setting and test on less constrained
setting allowed us to evaluate how well the models generalize to more
challenging scenarios. This was done to gauge the potential of model
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applicability in more realistic settings, where the movements performed
during training and testing can differ significantly.

Along with the general idea of using separate datasets for training
and testing, we evaluated our models using two distinct approaches:

Subject-specific approach:. This is defined as using all structured tri-
als from one subject for training/validation, while the corresponding
semi-structured trial from the same subject is used for testing.

Group approach:. This approach is defined as using the first trial of
structured data from all participants together for training/validation,
while a randomly selected participant’s semi-structured trial is used for
testing. This setup ensures that the model can adapt to data from dif-
ferent individuals. The approach is further divided into two variations:
either the target subject, whose semi-structured trial is used for testing,
is included in the training process or excluded.

2.7.1. Evaluation metrics

The overall model performance was evaluated with the accuracy
metric that measures the proportion of correctly predicted instances
relative to the total number of instances. However, for the multi-class

classification problem with possible class imbalances and potential dif-
ferences in accuracies between different classes, it is crucial to evaluate
the classification performance of each class separately. For this, we used
sensitivity (also known as recall), which measures the proportion of
correctly predicted movements in a specific class with respect to the
total number of actual movements in that class [44]:
S = TP
TP+ FN

where TP is the number of true positive and FN is the number of false
negative classification for each class.

Furthermore, we used balanced accuracy which provides a holistic
view of model performance for multi-class classification problems:

(S4+Sp+Sc)
3

x 100%,

Balanced Accuracy = % 100%,

where S, p ¢ are sensitivities for each class.
We evaluated model performance in two different scenarios:

1. Predicting class labels of each 0.5 s window. Here we used
balanced accuracy for (a) validation/training (on structured tri-
als), and (b) testing (on the semi-structured trial).
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2. Predicting the type of entire arm movements (activity pre-
diction). Since we performed the movement identification at a
high time granularity (window size of 0.5 s with 50% overlap),
the window labels prediction cannot be directly translated into
movement identification. Therefore, we averaged out the labels
for all the windows included within a single movement, using
the majority of the votes procedure [45] (Fig. 1). For each
movement, label predictions based of all 0.5 s time windows
fully contained within that movement were considered, and the
label with the highest occurrence (most votes) was assigned to
the entire movement. In cases where there was an equal number
of votes for different classes, the label of the middle window of
that data fragment was selected as the final classification label.
The majority of votes approach was employed to predict the
full set of isolated arm movement labels during structured trials
as well as the labels for kitchen activities during the semi-
structured trial. Additionally, after predicting the kitchen activ-
ity labels in semi-structured trial, the sensitivities per each class
of movement were calculated.

3. Results
3.1. Generalization from structured to semi-structured environments

3.1.1. Subject-specific models

We found that both models (Tables 2, 3), achieved near perfect
balanced accuracy in predicting window labels during structured trials.
However, their accuracy decreased notably to predict window labels in
semi-structured trial (99.15% vs. 69.08% for RF and 96.51% vs. 58%
for hybrid model).

Despite the substantial drop in balanced accuracy for window labels
prediction in semi-structured trial, employing the majority of votes
generalized activity predictions throughout distinct settings, effectively
(86.54% for RF and 87.96% for hybrid model). These improvements
might be due to the fact that models may have shown a higher error
in predicting the labels of a shorter fragment of data, but taking the
average of these sequential data predictions (majority of votes) can help
mitigating these errors.

We found no evidence of major differences between the models in
activity prediction balanced accuracy, considering the subject-specific
models (Tables 2, 3) (87.96% for the hybrid model vs. 86.54% for
RF). However, RF demonstrated higher balanced accuracy for window
predictions in semi-structured trial than the hybrid model (69.08% vs.
58%). This suggests that, although the hybrid model is less accurate
than RF in predicting individual windows, it may slightly outper-
form RF when the task shifts to predicting labels for sequential data.
Additionally, the hybrid model significantly improved sensitivity in
detecting reaching movements compared to RF, with an increase of
11.9%. This movement was designed in our experiment to have the
most variation (high-reach, low-reach in kitchen activities) among all
the other movements. However, this improvement was accompanied by
a 5.56% decrease in sensitivity for predicting lifting movements.

3.1.2. Group models

For both variations of group models, (1-including the target subject
in the training/validation process and 2-excluding the target subject
from training/validation), the generalization from structured to semi-
structured trial performed similarly to subject-specific models, exhibit-
ing higher training/validation accuracy but lower test accuracy (Table
EOR

Furthermore, we found that both RF and hybrid group models
performed worse than subject-specific models (86.54% vs. 77.37% for
RF and 87.96% vs. 82.96% for the hybrid model) (Table 4) in predicting
the activity labels. However, the performance reduction was smaller
for the hybrid model compared to RF, indicating a better ability of the
hybrid model to generalize across random individuals.

Furthermore, similar to the hybrid subject-specific model, the hy-
brid group model improved the sensitivity in detecting reaching move-
ments compared to the RF group model, showing a 45.24% increase.
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3.2. Comparison of sensor configurations

Our analyses revealed that the wrist-only sensor configuration per-
formed worse than the four-sensor configuration for both RF and hybrid
subject-specific and group models, but not by a large margin (Figs. 5,
6). The average accuracy in predicting activities decreased by 10.57%
and 26.22% when using a single wrist IMU sensor, compared to using
four IMUs, as evaluated by the RF and hybrid subject-specific models,
respectively. This was followed by a 3.24% and 14.32% decrease when
considering the RF and hybrid group models, respectively. Compared
to their subject-specific counterparts, both models — especially the RF
model - are less sensitive to a reduction in the number of sensors.

We also found that the variability in accuracy across subjects was
more pronounced for the hybrid model (regardless of whether a subject-
specific or group approach was used) than for the RF model (Figs.
5, 6). This suggests that the hybrid model’s performance is more
sensitive to individual differences when only one sensor is used. Despite
the decrease in classification accuracy with a single sensor, the RF
subject-specific (75.97%) and RF group models (74.135%) continued
to produce reasonably sufficient results.

4. Discussion

In this paper, we investigated the generalization of machine-
learning-based models for identification of various arm activities, in-
cluding three arm movement types - reaching, lifting, and
pro/supination — in healthy adults from a structured clinic-like setting
to a semi-structured home-like environment. We trained two estab-
lished machine learning models: a Random Forest (RF) model and a
state-of-the-art hybrid deep learning model [32]. We evaluated these
models following two distinct approaches: 1-Subject-Specific approach
and 2- Group approach. These machine learning models analyzed data
from two sensor configurations: a single IMU on the dominant wrist
and four IMUs placed along the dominant arm.

Our results demonstrated that both RF and hybrid models, following
both evaluation approaches (subject-specific and group approaches)
were remarkably accurate when predicting movements using structured
trials, with balanced accuracy close to 100%. However, when applied
to the data from a more natural, semi-structured protocol without prior
exposure to that data, the prediction accuracy declined, reflecting the
challenge of identifying arm movements in less controlled environ-
ments. At the same time, the performance was only reduced by 12 to
14 percentage points for subject-specific models and 13 to 18 percent-
age points for group models, resulting in average balanced accuracies
around 86% to 88%, and 77% to 82%, respectively. This suggests that
using the majority of votes method to predict entire activity labels
significantly improved balanced accuracy, particularly within the semi-
structured trial. Building on these promising results, future studies
could benefit from incorporating more realistic simulations of real-life
scenarios, allowing participants to engage in activities of their interest.

In general, both RF and hybrid models performed better with the
subject-specific approach than with the group approach. This suggests
that while the group approach increases the amount of training data, it
does not necessarily improve performance, as the increased variability
among subjects introduces additional challenges.

In comparing the performance of the two selected models (RF and
Hybrid), there were two instances where the hybrid model slightly
outperformed the RF model. First, the hybrid model performed better
when combined with majority voting to predict activity labels across
sequences. This suggests that the hybrid model may be better suited for
tasks that require capturing the temporal dynamics of arm movements,
particularly for continuous activity identification. Second, the group
hybrid model experienced a smaller decrease in accuracy compared to
the subject-specific hybrid model, whereas the accuracy drop was more
pronounced in the RF model. This suggests that the hybrid model is a
better candidate for scenarios where insufficient data is available from
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Table 2
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Evaluation results for the Random Forest Subject-Specific model. The balanced accuracy for predicting movement types in structured trials approached 100% for

all subjects, and hence is not shown.

Subject Windows prediction balanced accuracy (%) Activity prediction balanced accuracy (%)

Training/Validation Test (semi-structured Test (semi-structured Sensitivity (%), Test (semi-structured trial)

(structured trials) trial) trial)

Reaching (A) Lifting (B) Pro/supination (C)
S1 99.15 74.82 88.89 100 66.67 100
S2 99.63 61.20 77.38 57.14 100 75
S3 98.73 76.98 95.23 85.71 100 100
S4 98.31 68.45 84.12 85.71 66.67 100
S5 99.43 67.70 85.71 57.14 100 100
S6 98.64 64.36 84.12 85.17 66.67 100
S7 98.84 83.62 100 100 100 100
S8 99.17 64.28 79.36 71.43 66.67 100
S9 100 65.71 84.12 85.71 66.67 100
s10 99.81 61.05 85.71 57.14 100 100
S11 99.70 63.37 82.14 71.43 100 75
S12 98.39 77.47 91.66 100 100 75
Total 99.15 + 0.57 69.08 + 7.35 86.54 + 6.48 79.76 + 16.61 86.11 + 17.16 93.75 + 11.30
Table 3

Evaluation results for the hybrid deep learning subject-specific model. The balanced accuracy for predicting movement types in structured trials approached 100%

for all subjects, and hence is not shown.

Subject Windows prediction balanced accuracy (%) Activity prediction balanced accuracy (%)
Training/Validation Test (semi-structured Test (semi-structured Sensitivity (%), Test (semi-structured trial)
(structured trials) trial) trial)
Reaching (A) Lifting (B) Pro/supination (C)
S1 96.06 57.59 100 100 100 100
S2 98.68 61.52 88.89 100 66.67 100
S3 98.41 53.01 83.33 100 100 50
S4 96.09 61.22 72.22 100 66.67 50
S5 96.00 62.30 88.89 100 66.67 100
S6 97.58 63.75 88.89 100 66.67 100
S7 93.20 60.24 90.47 71.43 100 100
S8 96.40 51.07 90.47 71.43 100 100
S9 96.17 54.17 73.01 85.71 33.33 100
S10 94.74 46.70 79.36 71.43 66.67 100
S11 97.14 62.90 100 100 100 100
S12 97.72 61.60 100 100 100 100
Total 96.51 + 1.54 58.00 + 5.49 87.96 + 9.61 91.66 + 12.86 80.55 + 22.28 91.66 + 19.46
Table 4
Evaluation results for comparison between subject-specific models and group models.
Performance RF balanced accuracy (%) Hybrid balanced accuracy (%)
Training/ Validation  Activity prediction test Sensitivity Training/ Validation  Activity prediction test Sensitivity
(structured) (semi-structured) (structured) (semi-structured)
A B C A B C
Subject- Specific 99.15 86.54 79.76  86.11 93.75 96.51 87.96 91.66 80.55 91.66
models
Group models 95.38 77.37 48.80 91.66 91.66 95.67 82.96 94.04 86.10 68.75
target-Subject
excluded in training
Group models 95.15 77.27 46.42 91.66 93.75 95.65 82.6 96.42 80.55 70.83

target-Subject
included in training

the same subject, as it can generate reasonably accurate predictions
using movement data from other subjects.

We acknowledge that more advanced models could potentially per-
form better than the ones we considered. For instance, transformer-
based models [46] have shown promise in time-series classification by
capturing long-range dependencies through a self-attention mechanism.
However, since little is known about their use in upper arm movement
classification, we chose models that have been previously reported
for this task to mainly focus on generalization across different setups.
Moreover, our findings suggest that simpler models can still achieve
strong generalization performance.

Regarding sensor configuration, our results showed that four mea-
suring sensors (IMU), and therefore more comprehensive movement
data from different arm segments, improved the movement identifica-
tion accuracy compared to a single wrist sensor only. However, increas-
ing the number of sensors may increase the computational load due to
the larger volume of data to process. According to the work of Par-
nandi [22], the best classification performance during a rehabilitation-
like activity was achieved using seven IMUs placed on the pelvis,
sternum, head, active shoulder, upper arm, forearm, and hand, out
of a total of eleven possible sensors. This aligns with our findings,
as we excluded sensors on the pelvis, sternum, and head to focus
specifically on arm movements, which was the objective of our study.
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Still, our findings suggest that even one wrist sensor can provide data
to distinguish between three considered arm movements with balanced
accuracy approx. 75% (for the RF model), with the chance level for
ternary classification being 33%. This highlights the strength of our
study, as it adds insights into the trade-off between complexity and
accuracy for practical arm monitoring when using distinct datasets.

Our results bring an important contribution to this field of research,
as few studies have evaluated the generalization of arm movement
identification, using distinct datasets for training and testing phases.
Gomez et al. [23] distinguished reach from non-reach movements
of stroke patients (binary classification), with models tested on an
activities-of-daily-life (pizza-making) dataset, and they reported 74.8%
to 76.5% test accuracies.

As the key contribution of our work, we expanded the number
of arm movements to include three distinct types (Reaching, Lifting,
and Pronation/Supination). Moreover, we expanded the scenario to
generalize across random subjects while ensuring that still the training
and testing environments are entirely separated (structured vs. semi-
structured protocols). This forced the ML models to handle greater
variability among different settings and individuals, making move-
ment identification more robust in real-life scenarios (e.g., kitchen
activities). Considering that we had three classes (reaching, lifting,
pro/supination) rather than two, our results add possible interpre-
tations of differences in accuracy. Furthermore, the sensitivity for
detecting reaching movements in our study, following the subject-
specific approach (79.76% for the RF model and 91.66% for the hybrid
model), was notably higher than the sensitivities reported in Gomez
study (43.0% to 46.9%). This suggests a significant improvement in the
sensitivity of reaching movement detection in our approach.

5. Limitations

This study was conducted on healthy participants as a proof of
concept, making it challenging to directly translate these results to
stroke patients. Since stroke patients often experience motor control
impairments and muscle weakness, these factors could impact model
performance. However, this study establishes a framework for gener-
alizing movement identification across different settings by evaluating
both subject-specific models (trained and tested on individual partic-
ipant) and group models (trained on all participants and tested on
a random subject). By demonstrating strong results from both strate-
gies and carefully considering the use of separate datasets, we aimed
to enhance the robustness of our methodology in identifying arm
movements across various conditions (generalized across settings) and
among different subjects (generalized across individuals or unseen
subject). We believe that our contribution is an important step towards
real-world application of arm activity identification in daily life for
tele-rehabilitation by highlighting that such application can be possible
without the need for prior exposure to similar movement data or a
substantial amount of data from a single participant.

Additionally, this study relied on manual annotation by two re-
searchers for all structured and semi-structured trials, which presented
a few challenges. The annotation process was time-intensive, requiring
individual labeling for each trial, and thus making it less practical
for large datasets and real-time applications. At the same time, this
manual annotation was only required for evaluating the generalization
of the algorithms for research purposes, as it would allow us to evaluate
the model performances more reliably; for the practical application
of our results, we will not envision the need for manual annotation
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for daily life. Specifically, we envision that the model will need to be
trained on previously collected and annotated patient data but then
can potentially operate in a real-life setting on raw data without any
annotations or prior knowledge of movement duration.

6. Conclusions

Overall, our study demonstrates the ability of machine learning
models to accurately generalize the identification of arm activities
based on IMU data when trained and tested in distinct settings. Our
results contribute to addressing the challenge of identifying unseen
arm activities in home-based rehabilitation. We believe that at a later
stage, the clinical highlights of this study can be formulated in two
ways: First, determining whether it is possible to identify specific arm
activities in daily life by training models on simple, straightforward
arm movements in constrained settings, without requiring the patient
to follow extensive and burdensome practices. Second, evaluating the
trade-off between high identification accuracy (while still maintaining
distinct settings for training and testing phases) and the minimal sensor
configuration.

Although both models’ performance declined when using a single
wrist sensor, the Random Forest (RF) model maintained reasonable
accuracy within its range. In contrast, the hybrid model was more
successful in capturing temporal dependencies due to its memory units,
making it more effective when used with the majority vote approach.
Additionally, the hybrid model showed greater promise for scenarios
when limited data is available from the same subject, as it generalized
better across different subjects [47].
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