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Abstract: Upper limb amputation severely affects the quality of life and the activities of daily living
of a person. In the last decade, many robotic hand prostheses have been developed which are
controlled by using various sensing technologies such as artificial vision and tactile and surface
electromyography (sEMG). If controlled properly, these prostheses can significantly improve the
daily life of hand amputees by providing them with more autonomy in physical activities. However,
despite the advancements in sensing technologies, as well as excellent mechanical capabilities of the
prosthetic devices, their control is often limited and usually requires a long time for training and
adaptation of the users. The myoelectric prostheses use signals from residual stump muscles to restore
the function of the lost limbs seamlessly. However, the use of the sEMG signals in robotic as a user
control signal is very complicated due to the presence of noise, and the need for heavy computational
power. In this article, we developed motion intention classifiers for transradial (TR) amputees based
on EMG data by implementing various machine learning and deep learning models. We benchmarked
the performance of these classifiers based on overall generalization across various classes and we
presented a systematic study on the impact of time domain features and pre-processing parameters
on the performance of the classification models. Our results showed that Ensemble learning and
deep learning algorithms outperformed other classical machine learning algorithms. Investigating
the trend of varying sliding window on feature-based and non-feature-based classification model
revealed interesting correlation with the level of amputation. The study also covered the analysis of
performance of classifiers on amputation conditions since the history of amputation and conditions
are different to each amputee. These results are vital for understanding the development of machine
learning-based classifiers for assistive robotic applications.
Keywords: electromyography; gesture recognition; motion classification; assistive robots; deep
learning; machine learning; prosthesis; transradial amputation
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1. Introduction

iations.

The upper limb, consisting of the arm, elbow, forearm, wrist, and fingers, is the most
dexterous part of the human body that makes activities of daily living possible. The human
hand has seven axes along with 27 degrees of freedom of wrist and fingers that helps in
the hard and soft manipulation of objects in our dynamic environment [1]. Loss of even
a part of it is detrimental for smooth movements in activities of daily living (ADL). As of
2005, close to half a million people have an upper limb amputation and every year, 50,000
new limb amputations are performed, inflating the number even further [2]. Upper limb
amputations are performed due to several reasons, but 70% of total amputations are due to
trauma-related accidents and the rest by non-contagious diseases such as cancer, congenital
deformities etc. [3]. There are four types of upper limb amputations, namely wrist disarticulation (on the wrist), transradial (TR) amputation (below the elbow), transhumeral (TH)
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amputation (above the elbow and below the shoulder), and shoulder disarticulation (on
shoulder). Each amputation affects the lives of the amputees to different extents, making
their living partially dependent to fully dependent. Upper limb amputees can opt for
various prosthetic solutions available on the market to make them independent to carry out
activities of daily living. The prosthetic solution can either be passive or active based on its
function [4]. There are body-powered prosthetic solutions that rely on another part of the
body for actuation; usually, this comes with a limited degree of freedom and chaotic actuation [5]. On the other hand, myoelectric prosthetic solutions that rely on neuro-muscular
electromyography for actuation is more intuitive, but they are yet to be made reliable and
robust for more degrees of motion since bio-signals are very noisy. This paper is primarily
about analyzing the back end of the myoelectric prosthesis comprising pattern recognition
for appropriate motion actuation for transradial amputees.
The major components of a myoelectric prosthetic system are signal acquisition, data
processing, feature extraction, pattern recognition, and actuation. Even though most of
these components are similar for any intelligent bio-signal based solutions, the differences
amongst amputees who will use such a system pose additional challenges: in amputees, the
absent muscle responsible for actuation and the corresponding phantom limb movement
which varies across amputees. Hence, the control aspects in EMG-based robotic solutions
may vary, which makes each component convoluted and challenging for amputees. Below,
each system component is described briefly:
1.

2.

3.

Sensing and Data acquisition: An active upper limb prosthesis relies on EMG electrodes,
an inertial measurement unit (IMU), and an inclinometer for the acquisition of muscle
signal, movement of arm, and tilt of the arm, respectively, for understanding the
motion intention in the users. These sensors are sensitive to noise making it harder
to extract relevant information. Furthermore, the placement of these sensors is not
standardized since amputees have different kinds of stump and amputation. Furthermore, bio-signals acquired from amputees are noisier than intact counterparts due to
the absent muscle. Thus, data acquisition of bio-signals is challenging, especially in
amputees.
Data Processing: Since EMG signals obtained are polluted with motion artefacts,
electronics interference, electro cardiac signals, ambient noise, etc., there is a need
to clearly understand the signals and process them accordingly to make it fit for
classification of motion intentions. This stage includes rectification, filtering, and
normalization for removing the noise and increasing readability of the data acquired
through the sensors.
Feature extraction: Features are the usable units of data from raw signals. Feature
extraction is a fundamental component to transform the raw data into usable input
for the classification algorithm. There are three kinds of features in EMG signals: time
domain features, frequency domain features, and time-frequency domain.

•

•

•

4.

Time Domain Features: These are features captured from the amplitude of an
electric signal in each period. Root Means Square (RMS), Window Length (WL),
Slope Sign Change (SSC), Zero Crossing (ZC), Enhanced Mean Absolute Value
(EMAV), etc., are some of the time domain features used in relevant works [6,7].
Frequency Domain Features: These features are extracted by Fourier frequency decomposition. Short fast Fourier transform (SFFT) and discrete fast Fourier transforms
(DFFT) of the signal are some of the features used in previous studies [8].
Time-Frequency Features: These features are extracted in the complex domain of time
and frequency characteristics. Wavelet transforms are one of the features used in
previous studies [9] Throughout this study, time domain features are considered
since they are computationally less expensive compared to their counterparts.

Motion Intention Classification: The features extracted in the previous step are used
to build a motion intention classifier. The conventional myoelectric systems utilize
thresholding techniques for classification that is limited due to the variability in
signals due to fatigue, change in placements of electrodes, and supporting fewer
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5.

activity classes. In contrast, machine learning classifiers can learn from the data and
capture the variability in the model. Different machine learning algorithms have been
used for EMG-based activity classification such as Support Vector Machines (SVM),
Linear Discriminant Analysis (LDA), Ensemble Learning, K-Nearest Neighbor (KNN),
Random Forest, Artificial Neural Networks (ANN), etc. [10–13].
Robotic actuation: During this stage, the robot actuators will be activated according to
the result of motion intention classification to perform the intended activity with the
robotic or prosthetic arm. The motion intentions will translate into specific motion
trajectories and applied torques/forces through a kinematic/dynamic model of the
robotic arm.

Although the given components appear straightforward, there exist a couple of major
limitations in the currently available approaches. Most of the research studies focus on
EMG classification of activities in intact subjects and directly correlate to the possible
success of their technique in amputees [14]. There is scarcity in well-maintained labelled
EMG datasets consisting of amputees; hence, most of the best-performing methods are
non-replicable and not reliable. Moreover, the majority of studies in multi-class EMG-based
motion intention classification take the accuracy of the model as a benchmark in contrast to
overall generalization exhibited by performance metrics such as the F1 score [15–17]
Lastly, systemic studies of the impact of data processing in performance of the classification model are scarce and the field is still unexplored. Hence, our work sheds light
on variations in performance on different data processing and modeling techniques for
classifying movement intentions based on EMG sensor data of participating muscles.
The major contributions of this paper are:

•
•
•

Developing and comparing machine learning and deep learning models for classification of motion intentions for transradial (TR) amputees.
Benchmarking the performance of the motion intention classifiers based on overall
generalization across various classes.
Systematic study on the impact of sliding window length and time domain features
on the performance of classification models.

2. Relevant Works
Machine learning algorithms have been proven to be a powerful alternative for pattern recognition across multiple disciplines. It is reasonable to view machine learning
as a possible means of prediction of motion intention using EMG signals. The earliest
EMG classifier was based on SVM, later with the advent of exploration of other learning
algorithms, many more algorithms such as Decision tree, KNN, and ANN were used in
classification [10,13,18]
The EMG signals data are modeled as either image (2D array) or time series or combination of both as input to classical machine and deep learning algorithms [4–7]. KNN,
SVM, ANN, and random forest form time series feature-based models. Since the variability
of the EMG data between subjects is high, appropriate classification algorithms should be
used that are not highly sensitive to this variability. Recurrent Neural Networks (RNNs),
Convolutional Neural Networks (CNNs), and Temporal Convolutional Networks (TCNs)
form featureless classification models that do not involve feature extraction [19,20]. In our
work, we explore both the categories of models for comparison.
Chen et al. [21] explored creating a more generalized deep neural network-based
classifier called EMG net built with CNN that is compact, i.e., with fewer parameters
compared to traditional CNN. The classification accuracy of EMG net is reported to be close
to 93% using the NinaPro DB5 [22,23], where a transfer learning approach was used on
pretrained deep learning models to generalize better and minimize training. The model had
an accuracy of 97.81% across 17 intact subjects on seven wrist gestures. The paper focused
mostly on the recognition for robotic control of 6 DOF robotic arm than on analyzing the
model’s performance on amputees.
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It is interesting to note that Coté-Allard et al., Demir et al., and many other researchers
used private databases that limited other researchers from reproducing or further exploring
other methods to improve the performance of the classifiers [17,23]. NinaPro is the effort in
the direction of creating a standardized public EMG dataset with commendable maintenance. (http://ninaweb.hevs.ch/, accessed on 1 September 2020). There are ten datasets
of both intact and amputee’s data along with the data from different sensors [24]. The
benchmarked accuracy is close to 30–50% in TR amputees [25]. M. Atzori et al. proposed a
CNN model that recorded 38.09 ± 14.29% accuracy on the same database for 50 movements
for all the subjects in the database [15].
In addition to the selection of the algorithm, sliding window size is also a significant
contributor in determining performance of the model in both feature-based and non-featurebased learning. The constraint being 300 ms is maximum delay between intention and
actuation of prosthetic solution for smooth and reliable control. A. Ullah et al. explored
different sliding window sizes with various classifier algorithms. Furthermore, our work
builds on different sliding window sizes and examination of its performance with different
classifier algorithms across subjects [26].
Most of the research in machine learning favors average accuracy as a performance
of interest [17,25,27,28]. The limitation with average accuracy is that it conveys close to
nothing about the generalization of the model across different motion intention. Hence,
our work adopts both average accuracy and average F1-score as performance indices for
comparison of classifiers.
3. Methodology
3.1. Dataset
The NinaPro dataset is used as the dataset as its one of the most reliable and wellmaintained databases of EMG signals of both intact and amputees. The database serves
as an open-source dataset for analysis and improvements in pattern recognition for wellrounded robotic prosthetic solutions for amputees. Since the primary objective of our study
is on motion intention recognition of TR amputees through their EMG signals, Database 3
of NinaPro, which contains EMG signals of 11 TR amputees, was used.
The dataset was acquired from transradial amputee subjects mimicking through their
amputated arm, as far as possible, along with movies of the motion gestures from laptop.
The database relies on the phantom limb activity of the amputees that are captured through
12 EMG electrodes placed uniformly around the region of amputation. Through guided
visual stimuli, the subjects perform the 50 gestures comprising different finger movements,
rotations, force, and grasps [24]. Apart from EMG signal, an inertial measurement unit
(IMU), an inclinometer, and a force sensor are used to collect the data throughout the data
acquisition process. The paper objectively analyzes the reliability of EMG signals alone for
motion intention in amputees; hence, only the EMG signals alone were used to produce
motion intention classification models. The EMG signals were acquired through delayed
electrodes with a sampling frequency of 2 kHz and shielded to a 50 Hz power line, ensuring
a less noisy signal. Out of 50 gestures given, 10 of the most common gestures that are close
to impossible for the TR amputees were selected (Figure 1). The number of subjects was
further shortened to four and care was taken to capture the variability of the degree of
amputation and performance of the model. Table 1 summarizes the details of the amputee
subjects’ data used in this research.
3.2. Data Processing
The raw EMG data must be processed to reduce the noise and extract relevant features for
the classification algorithm. The details of the processing done in our work is described below.
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Figure 1. Gestures of interest used for the EMG classification based on the NinaPro dataset [25].
Figure 1. Gestures of interest used for the EMG classification based on the NinaPro dataset [25].

3.2. Data Processing

Table 1. Details of the transradial amputee subjects relevant to the research [25].
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The raw EMG data must be processed to reduce the noise and extract relevant features for the classification algorithm. The details
of the processing done in our work is
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3.2.2. Sliding Window and Feature Extraction
Different sliding window lengths of 50 ms, 100 ms, 150 ms, 200 ms, and 250 ms were
used to arrive at optimum sliding window length with 50% overlap for better performance
of the classifier. The study focuses on time-domain features since it is computationally less
expensive and faster to compute translating to faster classification. The features used for the
study are Root Mean Square (RMS), Enhanced Mean Absolute Value (EMAV), Waveform
length (WL), and Variance (VAR). The mathematical representations of each of the features
are described in Equations (1)–(4) as:
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Root Mean Square,
r
RMS =
Variance,
VAR =

1
N

1
N

N

∑i

xi2

(1)

N

∑ i −1 ( x i − µ )2

(2)

Enhanced Mean absolute Value,
p
N
1
EMAV = N ∑i=1 ( xi ) ,
0.75, i f i ≥ 0.2N&i ≤ 0.8N
p=
0.50, otherwise

(3)

Waveform Length,
WL =

N −1

∑ i =1

| x i +1 − x i |

(4)

where N is the number of samples used for calculation, xi is the ith sample of measurement,
and µ is the average value of x. The classifiers were built upon using individual and a
combination of time domain features to select the optimum feature resulting in higher
performance (Table 2).
Table 2. Definition of classifiers based on the features used.
Classifier

Features Combination

Q1

RMS

Q2

WMAV

Q3

WL

Q4

VAR

Q5

RMS + EMAV + WL + VAR

3.3. Classification Algorithm
To analyze the performance of the model across different algorithms and different
subjects with transradial amputation, six machine learning/deep learning algorithms were
used to build the classifier: Tree algorithm, K-Nearest Neighbor (KNN), Support Vector
Machine (SVM), Linear Discriminant Analysis (LDA), Ensemble learning, Artificial Neural
Network (ANN), and Convolutional Neural Network (CNN). The learning models of this
study were selected based on the original classification case study of NinaPro dataset
published in [24,29]. Moreover, the most common classification models surveyed in [28,30]
have been considered in this work. Except for CNN, all the other algorithms are trained on
extracted features. The implementation and parameter tuning of classical machine learning
models was carried out using MATLAB scripting, and the TensorFlow framework was
used for building deep learning classifiers using Python. The training of all the models was
performed in the Cedar cluster belonging to Compute Canada (CC).
3.3.1. Feature-Based Learning
Each of above-mentioned classical machine learning and ANNs were trained on the
features extracted from various sliding window lengths and overlaps. This process of
feature-based learning is illustrated in Figure 2.
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CNNs are known for capturing features from the dataset. This is made possible
by a convolutional layer where the kernel smaller than the image captures meaningful
information and the pooling layer provides the statistical summary of the information,
making them computationally lighter. Nonlinearity is introduced to the network through
the activation function. Since CNNs are known to overfit easily because of millions of
parameters encompassed within it, dropouts and batch normalization can be essential
to prevent this and generalize the model well. The proposed CNN was built with two
convolutional layers followed by a Maxpool layer sandwiched with dropouts (DT), tanh
activation function (AF), and batch normalization (BN). The end result was two Fully
Connected (FC) layers with dropout in between leading to SoftMax layer (Figure 4). The
hyperparameters were tuned for each of the models with Keras Tuner.
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Figure 3. Non-feature-based learning using a Convolutional Neural Network (CNN) for hand
gesture classification using NinaPro dataset.
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form well when compared to that based on F1 scores. The deep learning algorithms perbetter in terms of generalization-based metrics. The classification algorithms of significance
formed better in terms of generalization-based metrics. The classification algorithms of
were
an Ensemble, SVM, ANN, and CNN, which performed better than the rest based on
significance were an Ensemble, SVM, ANN, and CNN, which performed better than the
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least
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amount
of
remaining
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spread
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Interestingly,
deep
learning algorithms perform the best in subjects with less remaining forearm than other
learning algorithms perform the best in subjects with less remaining forearm than other
classical machine learning algorithms and generalize better. Subjects 9 and 2, having the
majority of the forearm (70%, 90%), performed better and had lesser variance across the
models compared to the other subjects. Subject 1 and subject 3 were more sensitive to
changes in classification and data processing, making ANN and ensemble learning the best
classification in most cases accommodating for varied amputation conditions.

4.3. Performance of Sliding Windows
The sliding windows studied to analyze the relationship between performance of
the classifiers and sliding window size for feature extraction-based learning models and
featureless models were 50 ms, 100 ms, 150 ms, 200 ms, and 250 ms with 50% overlap.
Windows of 300 ms and above were not considered since anything beyond 300 ms along
with classification time would impact the real-time behavior of the assistive solutions [3].
The ANN model in feature-based learning model and CNN model in non-feature-based
learning model were studied across five sliding window sizes to compare between the
approaches of learning models.
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ANN model in feature-based learning model and CNN model in non-feature-based learning model were studied across five sliding window sizes to compare between the approaches of learning models.
Figure 7 clearly shows that the featured-based classification algorithm performed
better on increasing the sliding window length. In contrast, featureless CNN classification
algorithm performed steadily across the varying sliding window. The peculiar behavior
of subject 3 in both plots can be an indication that in more severe amputation, choice of
sliding windows had a significant effect on model performance.
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ANN-based classifier and (b) represents the trend of accuracy on varying sliding window lengths in
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algorithms.
Even though combination features yielded the best performance, it was at the cost of dimensionality increase and computational complexity. Next, the best single feature was
Root Mean Square (RMS-Q1) that performed consistently well throughout all subjects and
all algorithms (refer to Table 3). To verify whether this trend was corelated with sliding
window size, the classifier was built for each of the window sizes as mentioned in the
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Even though combination features yielded the best performance, it was at the cost of
dimensionality increase and computational complexity. Next, the best single feature was
Root Mean Square (RMS-Q1) that performed consistently well throughout all subjects and
all algorithms (refer to Table 3). To verify whether this trend was corelated with sliding
window size, the classifier was built for each of the window sizes as mentioned in the
previous section. The result confirmed the trend with some spikes in performance of
variance and waveform length (WL-Q3 and VAR-Q4), performing at par or better than
RMS. Hence, the combination of features and RMS performed better than any other features
in the majority of cases irrespective of sliding window size and overlap.
Table 3. Accuracy of different combinations across different subjects using.
Ensemble Classifier
Accuracy (200 ms)

Subject 1

Subject 2

Subject 3

Subject 9

Q1
Q2
Q3
Q4
Q5

60.32%
60.81%
61.50%
59.50%
63.13%

65.53%
63.59%
62.28%
63.75%
65.57%

71.60%
71.25%
70.90%
70.87%
75.37%

66.90%
65.50%
69.17%
69.03%
70.70%

5. Conclusions
The aim of the study was to understand the relationship between feature extraction
and sliding window length across different classification algorithms with reference to the
accuracy and F1 score as a more rounded approach on analyzing the performance. Ensemble learning and deep learning algorithms performed better than other classical machine
learning algorithms such as SVM, KNN, LDA, and Tree. Investigating the trend of varying
sliding window on feature-based and non-feature-based classification models revealed an
interesting correlation with the level of amputation. The study also covered the analysis
of performance of classifiers on amputation conditions since the history of amputation
and conditions are different to each amputee. These results are vital for understanding the
development of machine learning-based classifiers for assistive robotic applications.
6. Future Work
Learning-based classifiers possess a huge potential in motion intentions classification
and development of the assistive robotic systems based on them for amputees. The major
limitation of any machine learning and deep learning models is the requirement of huge
datasets to build cutting edge, classification models. The dataset used for the research
comprises very few subjects and the quantity of data is limited; any generalization on the
study of EMG signals needs a bigger, well-maintained dataset. The study undertaken here
can serve as the backbone for further analysis on the effect of preprocessing on the dataset
over the generalization of classifiers both within and across different subjects, to ensure the
robustness and reliability of EMG based amputee solutions. Furthermore, a detailed study
on computation can be performed for achieving real time classification for the reliability of
solutions. Various assistive systems can be built over the classification model to further
uplift subjects’ lives and make them independently able to carry out their activities of
daily living.
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