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Abstract: This paper presents a human-machine interaction interface for the teleoperated control 
of a three-finger robot hand based on surface electromyography. Based on the recorded sEMG 
signals, motion intention of a human operator is recognized and mapped onto corresponding pre-
defined robot hand grasps. First, the experimental setup and underlying methodology of dataset 
generation are presented. Namely, 4-channel EMG data were collected from the forearm muscles 
of 4 healthy subjects as they performed a sequence of predefined grasps. Data processing includ-
ed data filtering and segmentation, feature extraction both in time and frequency domains, data 
annotation, and gestures classification. Two types of classifiers (with multiple variations of pa-
rameters) were implemented and compared: (i) Support Vector Machines with multiple different 
kernels and (ii) K-Nearest-Neighbors. The k-cross validation procedure was combined with the 
holdout method to generate training, validation, and test sets. The performance of each classifier is 
presented in the form of a confusion matrix and a set of statistical measures, including F-measure. 
Finally, the integration of the proposed sEMG-based HMI interface and the selected classifier with 
a robot hand motion controller is presented.
Keywords: surface electromyography; motion intention recognition; multiclass classification; ro-
bot hand control; EMG dataset generation.

1. INTRODUCTION

The application of robotic systems in human-centered, unstructured, dynamic environ-
ments and their cooperation and collaboration with humans within a shared space impose 
multiple challenges in the wide spectrum from the physical realization of the movement 
and robot motion control to semantic understanding of current situational context and 
decision-making. More precisely, considering the class of various robotic manipulators, 
manipulation tasks may include a vast amount of objects with various sizes, shapes, tex-
tures, rigidities, and functions. Additionally, the particular situational context may sig-
nificantly influence and alter the manipulation task realization, requiring different pa-
rameterizations of a single task in different contexts. E.g., human grabbing a cup from a 
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table would consider different types of grasp and potential contact points, depending on 
whether the cup is empty or full, whether the liquid is hot or cold, etc. Such an advanced 
level of decision-making and planning requires structured domain-related knowledge, 
reasoning capabilities, and full semantic understanding of situational context, which are 
still far beyond current state-of-the-art robotic systems. At best, it is possible to develop 
robotic systems that exhibit intelligent-like behavior with some of the mentioned capabil-
ities for narrow, restricted application domains and interaction scenarios, but it is hard to 
generalize such models to arbitrary domains. Therefore, for demanding applications re-
quiring real-time and complex decision-making, it is worth including human-in-the-loop 
control. Robot teleoperation, i.e., human-operated remote robot control, provides synergy 
of human cognitive capabilities and robot manipulation capabilities (repeatability, preci-
sion, operation in harsh environments, etc.).
Teleoperation requires an appropriate human-machine interface (abbr. HMI), which en-
ables a mapping of input human-defined motion commands to corresponding reference 
motion trajectories of a remote robotic system. Typical HMI interfaces for robot hand 
teleoperation include various types of joysticks with multiple degrees of freedom (abbr. 
DOFs) or VR controllers [1], exoskeletons [2], vision-based systems [3, 4], data gloves 
[5–7], or sEMG-based hand gesture recognition [8, 9]. 
Each type of HMI interface has its pros and cons. E.g., exoskeleton-based haptic devices 
usually require a certain amount of training for the operator to gain expertise in robot 
control and constrain natural human movement to a certain extent due to a bulky design 
[10]. A vision-based approach to gesture recognition, although efficient, quite robust, and 
well studied, may suffer from inappropriate lighting conditions, complex backgrounds, 
and occlusions caused by obstacles in unstructured environments [11]. Also, this ap-
proach is limited to kinematic analysis and lacks haptic information about grasping and 
contact force. Haptic data gloves enable pose estimation of the human hand and even may 
provide haptic (force) feedback to the human operator. However, data gloves, depending 
on the design, may be bulky and provide certain discomfort to the operator, affecting their 
user experience [12]. Also, they may interfere with the tactile sensing capabilities of the 
operator.
Finally, the HMI control interface based on surface electromyography, used in this paper, 
provides another alternative for robot teleoperation. It is a non-invasive, wearable, and 
unobtrusive control interface, so far mainly used for control of myoelectric robotic pros-
theses for amputees or active orthotic devices for rehabilitation. Surface EMG uses surface 
electrodes to record stochastic signals that control the muscle movements. These signals 
are weak and very susceptible to noise from multiple sources and hence require ampli-
fication and extensive filtering. However, sEMG signals are easily accessible, have direct 
correlation with movement intentions and minimal delay, and also enable direct mapping 
between muscle activation magnitude and robot grasping force [13]. This interface is typ-
ically placed on the forearm, thus not interfering with fine hand manipulations. The HMI 
interface should enable operators, even without particular technical knowledge in the ro-
botics domain, to teleoperate a robot in an intuitive and natural manner, thus minimizing 
the required cognitive capacities of a human operator. Exploiting the natural movement 
of human hand thus represents a natural choice.
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Teleoperated robot hand control includes two types of tasks: (i) hand pose estimation for 
continuous teleoperation and (ii) gesture (motion intention) recognition for mapping of 
a discrete human hand pose onto the predefined finite set of possible robot hand mo-
tions. Hand pose estimation usually requires an appropriate motion retargeting strategy, 
i.e., mapping between two different kinematic structures (human and robot hand), which 
may be performed at the level of fingertips, joints, poses, etc. [14]. However, gesture rec-
ognition task is usually based on an end-to-end learning approach that maps any input 
state onto the corresponding output class. The systematic survey of various approaches to 
“human hand to robot hand” motion mapping is given in [15]. Gesture recognition may 
be static or dynamic. Static gesture recognition, addressed in this paper, maps a discrete 
feature vector onto the set of output labels, representing possible robot grasps. It can be 
modeled as a multi-class classification problem and treated with some of the machine 
learning (abbr. ML) approaches. Dynamic gesture recognition is based on a classification 
of a sequence, i.e., a temporal pattern of feature vectors.

2. RELATED WORK

Early works on sEMG-based gesture recognition were mostly based on well-established 
machine learning techniques for classification, like Support Vector Machines (abbr. SVM), 
Linear Discriminant Analysis (abbr. LDA), and K-Nearest Neighbors (abbr. KNN). In 
[16], an SVM multi-class classifier was used to control the opening/closing of the DLR 
four-finger hand II, while in [8], SVM has also been used for teleoperation of the robot 
hand/arm system comprising of the 7 DOFs DLR LWR III robot arm and the five-finger 
anthropomorphic DLR-HI hand II. In this case, SVM was used to map muscle activity to 
hand position/orientation in Cartesian space and grasping force. Furthermore, the pro-
posed setup did not require precise positioning of the electrodes. In [17], a 2-channel 
sEMG was used in combination with a KNN classifier to control a custom-designed bi-
onic hand. The system was trained to distinguish 4 different gestures. In [18], an adaptive 
KNN algorithm was proposed to tackle the problem of model generalization across novel 
users due to the variability of sEMG signals among different individuals. Two systematic 
surveys and comparative analysis of various machine learning techniques for the classifi-
cation of hand gestures based on sEMG signals are given in [19, 20].
In the case of multichannel sEMG, a feature vector may become high-dimensional, and 
thus dimensionality reduction techniques are often applied prior to the main classifier. 
In [21], different combinations of dimensionality reduction and classification approaches 
were systematically compared. The proposed schemas combined Principal Component 
Analysis (abbr. PCA) and Orthogonal Fuzzy Neighborhood Discriminant Analysis (abbr. 
OFNDA) with SVM and LDA classifiers. 
Another approach to gesture recognition, particularly for dynamic gestures, utilizes prob-
abilistic graphical models (abbr. PGM), like hidden Markov models, combined with SVM 
[22] or Gaussian mixture models [23]. The performance of classical ML and PGM-based 
approaches depends heavily on feature extraction and the design process, i.e., on the skill 
of the designer. Therefore, contemporary approaches are dominantly based on deep learn-
ing techniques, which have the advantage of automatic feature extraction. In [24], the 
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authors used a convolutional recurrent neural network implemented on an embedded 
edge AI platform for robot manipulator control. In [25], a residual model and a variant 
ConvLSTM model were combined into one multi-stream network, which was used to 
recognize six different dynamic gestures. Finally, in [26], a self-attention-based graph neu-
ral network was used for both static and dynamic gesture recognition on a novel sensor, 
consisting of an array of bipolar stretchable sEMG electrodes. The proposed architecture 
is very advanced, and it is able to learn online from a single trial per gesture, in contrast 
to usual data-hungry deep learning models. It is also capable of capturing spatial relation-
ships between sEMG channels [26].

3. MAIN IDEA AND OUTLINE

The contribution of the paper is threefold. Namely, we have: (i) conducted an experimen-
tal study and generated a dataset of sEMG signals, (ii) performed systematic comparative 
analysis of two typically used types of classifiers (SVM and KNN), and (iii) described 
implementation details of integration with real hardware and performed validation using 
our custom-designed three-finger robot hand.
Although many papers have been written regarding the EMG-based gesture recognition, 
we find our work justified for two main reasons. First, the choice of input hand gestures is 
heavily dependent on the kinematic structure and capabilities of the selected robot hand 
and the nature of the selected task, i.e., the application domain. Hence, in order to develop 
a sEMG-based interface for our own custom-designed robotic hand, we generated our 
original dataset for classifier training. Second, as stated in [19], the majority of studies in 
this field tend to use the model accuracy as the only benchmark, instead of more general 
performance metrics such as the F measure. Therefore, in order to provide a method-
ologically plausible comparison of different classifiers, we have applied a broader set of 
performance measures typically used in machine learning. Although more general and 
powerful approaches have been recently reported, like [26], they are too complex for the 
static recognition problem addressed in this paper, and thus the more conventional ap-
proach based on classic ML techniques was utilized. 
The rest of the paper is organized as follows. Section 4 presents the problem specification 
and used methodology, i.e., experimental setup and protocol for sEMG signals record-
ing and data acquisition as well as signal filtering. Section 5 describes processing of the 
recorded signals and their preparation for the classification task, including annotation 
and outlier removal. In section 6, the feature extraction process is presented. After that, 
in section 7, modeling, training, and validation of two types of classifiers are described. 
Comparative results and evaluation metrics are presented in section 8. The integration of 
the deployed classifier with the robot hand controller is given in section 9, while the final 
conclusion is provided in section 10.
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4. METHODOLOGY – DATA ACQUISITION

4.1. Emg measurement system

the measurement unit consisted of a SMARTING mBrainTrain device combined with 
SKINTACT FS-RG1/10 ECG silver-silver chloride low-impedance electrodes. The SMART-
ING device performs monopolar EMG signal measurement using one active electrode 
placed onto the skin, above the targeted muscle, and one reference electrode, placed at 
the electrically neutral region. There is also a third electrode, called driven right leg (abbr. 
DRL), used for noise cancellation.

4.2. Hrc robot hand

this paper also presents an interface for EMG-based control of a particular human-robot 
collaborative robotic hand (abbr. HRC hand) shown in Fig. 1. Although the proposed 
methodology and control interface are general enough to be applied to an arbitrary ro-
botic hand, the set of input gestures of human hand was carefully selected to be com-
pliant with the kinematic structure of this particular robotic hand used in experimental 
validation. It is a high-power robotic hand with 10 degrees of freedom (abbr. DOFs). The 
hand has 4 active DOFs, actuated with 4 DC motors, and 6 DOFs passively actuated with 
springs. It also has custom-designed 3-axis force sensors integrated into soft fingertips, 
combined with torque estimation via motor current measurement, which provide a wide 
range of applicable forces and enable manipulation with delicate deformable objects.

Figure 1. Functional prototype of HRC robot hand.
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4.3. Input-output mapping and electrodes placement

in order to define the required number of electrodes (channels) and their spatial placement, 
first we had to define the set of gestures (grips) that we want to record. The number and place-
ment of electrodes was primarily constrained by the hand’s kinematic structure (see Fig. 2).

Figure 2. Kinematic structure of the HRC robot hand.

Regarding the hand’s repertoire of possible motions and distribution of different types of 
grasp in humans’ everyday living activities, we have selected three types of grasp, shown in 
Fig. 3, as relevant: (i) power grasp, (ii) open hand pinch, and (iii) lateral pinch. We consid-
er (iv) open hand as the fourth default state or the default grasp type. These four gestures 
constitute the desired set of output gestures that the robot hand should perform. Also, 
they directly correspond to the set of output labels for a multiclass classifier.

Figure 3. Predefined input gestures of human hand and corresponding output grasps of ro-
bot hand. From left to right: open hand (default state), power grasp,  

open hand pinch, and lateral pinch.
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It was also necessary to define the set of input gestures that should have been performed 
by human subjects during the data gathering (recording) process. Since the human hand 
and the presented three-finger robot hand have different kinematic structures and differ-
ent numbers of degrees of freedom, it was necessary to account for those particularities 
and to resolve the mapping between these structures. 
 Therefore, we analyzed the selected output robot grasps. Namely, the robot hand has only 
two fingers and a thumb. Two robot fingers may perform only planar motions, i.e., flexion/
extension, while the thumb performs both flexion/extension and rotation (opposition). In 
line with this insight, we imposed a constraint on input gestures to consider joint move-
ment of index and middle fingers as a single input channel and joint movement of ring and 
little fingers as another one. Therefore, we introduced the following four EMG channels 
in total to measure muscle activities corresponding to different DOFs of the robot hand:

• Ch_1: flexion/extension of small and ring fingers;
• Ch_2: flexion/extension of index and middle fingers;
• Ch_3: flexion/extension of thumb;
• Ch_4: opposition (rotation) of thumb.

Regarding the open hand pinch grasp, we considered two variations of this input gesture. 
We compared the raw EMG signals from the four selected channels for the classic pinch 
(thumb opposing index finger) and alternative pinch (thumb opposing little finger). In the 
case of the classic pinch, all four channels had almost the same response, while in the case 
of the alternative pinch, the fourth channel, related to thumb rotation, had significantly 
higher amplitude. Hence, we decided to use the alternative pinch as the input gesture (Fig. 
3, third column) to make it more distinguishable for the classification process.

Figure 4. Electrode placement for EMG signals acquisition.
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Selected primitive movements, measured by four EMG channels, are actuated by the fol-
lowing muscles. Fingers flexion/extension (Ch_1, Ch_2) is performed by muscles m. flex-
or digitorum profundus and m. flexor digitorum superficialis. Thumb flexion/extension 
is performed by muscle m. flexor pollicis longus, and thumb opposition by m. opponens 
pollicis. Placement of electrodes for one of the subjects is given in fig. 4. The positions of 
electrodes were determined based on the anatomy of muscles and muscular palpation 
process during the muscle contractions within predefined movements. Electrode place-
ment setup was a bit subject-dependent and varied among the human subjects.

4.4. Experimental Protocol – EMG Signals Recording

Four healthy adult human subjects participated in the signal recording phase. The subjects 
received instructions via a custom-designed graphic user interface (abbr. GUI), shown 
in Fig. 5. A single instruction provides the information about which gesture the subject 
should perform next and for how long it should last. The user interface was designed with 
the aim of keeping the cognitive capacity of the subject, required for instruction under-
standing and interpretation, as low as possible. It contains three rectangular fields with the 
names of three possible input gestures. Each field is associated to a unique color:

• Green – Power grasp;
• Blue – Open hand pinch;
• Red – Lateral pinch;
• White – Open hand (default).

Initially, all the fields are white, and this state corresponds to the default gesture, i.e., open 
hand. When one of the fields gets colored, it is an instruction for the subject to perform 
the marked gesture. Also, the duration of the gesture is coded through the duration of the 
colored state. Additionally, the GUI window graphically presents acquired signals from all 
four EMG channels in real time. Also, it contains an interface for setting up the connec-
tion with the SMARTING device and starting/finishing the recording session.
The instruction set was predefined as a sequence of 500 randomly selected gestures (sam-
pled from the set of 4 available gestures). The distribution of different gestures in the set 
is approximately uniform. Each of the four participants was asked to perform this same 
sequence of gestures, presented sequentially, one by one, through a graphical user inter-
face. In order to keep the focus and reduce the number of errors in the subject’s perfor-
mance due to fatigue, the instruction set was divided into 5 subsets, and participants had 
a 5-minute break between the recording sessions. No subject reported fatigue or cramps 
during the recording sessions. Each recording session started with a default state, i.e., open 
hand in rest, in order for the EMG signal to stabilize. Finally, for each of the 4 subjects, 
we obtained 5 (four-channel) recordings with 100 instructions each. All the sessions were 
recorded by a video RGB camera. These video recordings were later used in the process 
of data annotation and outlier removal to provide ground truth signals. All subjects who 
participated in the experimental study were informed in advance about the experimental 
protocol and provided written consent for the participation.
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Figure 5. Illustration of the graphic user interface f 
or providing instructions to human subjects.

4.5. EMG Signals Filtering

A band-pass filter was applied to recorded EMG signals to remove the noise. Noise has a 
low-frequency component caused by motion and a high-frequency component that is not 
related to muscle activity. The high-frequency component has to be eliminated to prevent 
the aliasing effect from occurring. Typical values for band limits are 5–10 Hz for the lower 
limit and 400–450 Hz for the upper limit. It is also necessary to eliminate the signal com-
ponent at 50 Hz related to network power supply and a direct current (DC) component of 
the EMG signal to keep the baseline at a zero value.
A band-pass filter was implemented as the first-order Butterworth filter with a (normal-
ized) cutoff frequency of 0.0022. Power supply-related component at 50 Hz was eliminat-
ed using a notch (band-stop) filter.

5. EMG SIGNAL PROCESSING

Processing of recorded and filtered EMG signals consisted of four tasks. 

5.1. GESTURE EXTRACTION FROM EMG SIGNAL

First, it was necessary to identify time windows in which the recorded gestures occurred. 
I.e., for each performed gesture within the recorded session, time frames related to the 
beginning and the end of the gesture had to be detected. We have performed a two-stage 
semi-automatic procedure for gesture extraction. Namely, in the first phase we have devel-
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oped an algorithm for automatic detection of start/end time frames of a gesture, but only 
for particular limited cases. The algorithm is able to extract the start frame only when the 
default state (open hand) preceded any other performed gesture. Similarly, it can detect 
the end frame only in the case when open hand state succeeded the performed gesture. 
The algorithm first calculates the root mean square (abbr. RMS) of the original signal and 
then compares its envelope with a predefined threshold value. RMS provides information 
about signal power in a certain time period, and it is considered to be the most appropriate 
representation of the EMG signal amplitude with a waveform suitable for analysis.
The RMS envelope of the EMG signal was calculated using the moving time window ac-
cording to the following formula:

∑
=

=
N

n
nRMS X

N
X

1

21

,                                                   (1)

where N is the number of samples within a time window, and Xn is the value of the n-th 
sample of the EMG signal. Each time window contained N=500 samples, and we used 
window overlapping of 50%. The obtained RMS envelope is shown in Fig. 6.

Figure 6. RMS envelope of EMG signal (subject 1, instruction set 1, Ch_4).  
Original EMG signal blue line. RMS envelope red line.

The threshold value was calculated as an average value of RMS envelope amplitudes at 
points of abrupt transition between the rest state (open hand) and a grip, or vice versa. The 
calculated value was 0.015 mV. Obviously, in order to determine the threshold for the first 
time, in this approach, a human expert has to identify the relevant points of signal change. 
Later this threshold can be used for automatic segmentation. Fig. 7 illustrates the result of 
the gesture extraction algorithm, which distinguishes three active grips from the default 
rest state (open hand).
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Figure 7. Illustration of the result of gesture extraction algorithm. Time frames in which the 
transitions between rest state and other gestures occur are denoted with * symbol (subject 1, 

instruction set 1, Ch_4).

At the second phase, these partially segmented signals were further manually analyzed 
and annotated by hand to determine the remaining time instants of the transitions among 
the gestures, which could not be detected by the proposed algorithm. 

5.2. Data Annotation

The ground truth signal has the same length as the original recorded EMG signal. It is a 
discrete signal that codes true class labels for each recorded gesture, as well as its duration. 
It has 4 discrete values that correspond to 4 possible classification labels (4 predefined 
grasps):

• Class I: power grasp;
• Class II: open hand pinch;
• Class III: lateral pinch;
• Class IV: open hand.

Generation of the ground truth signal actually corresponds to the data annotation (labe-
ling) process. This annotation was performed manually by a human operator, using the 
following data: (i) the predefined reference set (sequence) of instructions presented to 
human subjects during recording and time instants when each instruction was actually 
presented through the GUI, (ii) the time instants of the beginning and end of each per-
formed gesture (instruction) in the recorded EMG signal, and (iii) video recordings of 
experimental sessions. 
By overlapping the reference instruction sequence signals with the recorded and segmented 
EMG signals, it was possible to assign true class labels to each recorded gesture. Namely, due 
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to the finite reaction time of human subjects, there is a certain delay in the execution of given 
instructions. Therefore, the time window of the actual instruction execution in the recorded 
EMG signal is always shifted and delayed compared to the time window of the correspond-
ing reference instruction. However, these delays were not significant, and they had a small 
variance, so it was easy for the human annotator to pair the time window of each instruction 
from the reference signal with the corresponding time window in the recorded signal and to 
assign the true class. An example of a ground truth signal is shown in Fig. 8.

Figure 8. Ground truth signal with class labels (subject 1, instruction set 1, Ch_4).

5.3. Outliers Detection and Removal

There have been two sources of outliers in the recorded EMG signals. The first was a 
possible misinterpretation of the given instruction by the human subject, leading to a 
realization of a wrong gesture. The second was the occurrence of abrupt changes in the 
EMG signal amplitude (peaks up to ±120 mV), e.g., due to the accidental cable crossing 
during the movement execution. An example of such outliers is shown in fig. 9. The outlier 
removal process was performed manually by a human operator.
The outliers of the first type were removed by comparing the predefined reference instruc-
tion set with a video recording of actually performed gestures. Outliers of the second kind 
were manually removed from the dataset after the visual inspection of the plotted data. 
Outlier removal assumes removal from all four EMG channels and from the ground truth 
signal as well, in order to keep the same dimension of recorded and ground truth signals.
Since the number of human subjects that participated in the experimental part of this study 
is limited, a possible bias in the classifier’s training could occur if the recordings related to 
two mutually exclusive subsets of human participants were used for training and valida-
tion. Therefore, in order to avoid such bias, we have randomly mixed the recorded pro-
cessed data, related to all four human subjects, into one common 5-channel signal (data 
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set), which can later be divided into subsets for training, validation, and testing. The final 
signal has 5 channels, including 4 EMG channels and an additional 5th ground truth signal.

Figure 9. Illustration of outliers in recorded EMG signals.

5.4. Signal Formatting for Classification

First, these 5-channel processed recordings of the four human subjects were concatenated 
into one long recording. After that we have generated a random permutation without rep-
etition of the array of integers in the range [0, m], where m is the overall number of given 
instructions in the joined signal. This permutation was used as a recipe of how to mix 
the instructions from the initial joined signal. This permutation gives us another array 
of the same dimension, in which each element represents the index of the corresponding 
instruction in the initial array.

6. FEATURE EXTRACTION

There are three types of features typically extracted from sEMG signals: (i) time domain, 
(ii) frequency domain, and (iii) time-frequency domain features. Time domain features 
are computationally simple operations applied to signal amplitude, and they represent the 
level and duration of muscle activation. Frequency domain features provide information 
about signal spectrum as a function of time, thus obtaining characteristic features from 
the signal’s power spectral density. Time-frequency domain features are able to localize 
signal’s energy both in time and spectrum, but usually include computationally more ex-
pansive tools like the short-time Fourier transform and wavelet transform. In order to 
decrease the latency in the robot hand control system, emphasis was given to time and 
frequency domain features, which are computationally less demanding.



6.1. Time Domain Features

We have used the following time domain features for the classifier design:
Mean Absolute Value – Estimation of a signal’s mean absolute value calculated over a rec-
tified signal by summing up all the amplitudes within the time window, divided by the 
length of the window:

1

1 N

i
i

MAV x
N =

= ∑
,                                                               (2)

where N is the length of the time window and xi is the signal value at i-th sample. 
Root mean square – Square root of the signal’s mean value within the time window of N 
samples, which represents an effective value of the EMG signal related to the force exerted 
by a muscle:

2

1

1 N

n
n

RMS X
N =

= ∑
,                                                             (3)

Waveform length – Cumulative signal length that represents an integrated measure of am-
plitude, frequency, and sequence duration:

1

N

i
i

WL x
=

= ∆∑
,                                                                    (4)

where Δxi=xi-xi-1.
EMG signal variance – It is related to the force exerted by a muscle and represents the 
measure of signal power:

2 2

1

1
1

N

k
k

VAR x
N =

= =
− ∑σ

,                                                            (5)

Zero crossing – Number of intersections of the recorded EMG signal with the zero-value 
baseline, i.e., measure of how many times the signal value changed its sign. It provides 
approximate information about signal frequency.

6.2. Frequency Domain Features

We have used the following frequency domain features for the classifier design:
Median frequency – Midpoint of power distribution, i.e., frequency that divides power 
spectral density into two regions with equal amounts of power:

 
( ) ( )

0

f fmedian s

k k
k k fmedian

P f P f
= =

=∑ ∑
,                                                       (6)
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Mean frequency – Average frequency calculated as the sum of products of the EMG power 
spectrum and frequency divided by the total sum of the power spectrum:

1

1

M

j j
j

M

j
j

f P
MNF

P

=

=

=
∑

∑ ,                                                                (7)

The first step in the feature extraction process is data segmentation. Data segmentation 
assumes defining a time window that contains signal data samples to be used for a single 
feature extraction. There are two typical approaches to data segmentation using: (i) over-
lapping windows and (ii) non-overlapping windows. Overlapping windows provide more 
accurate classification but are computationally more demanding and slower. 
Since the shortest recorded gesture was 501 samples long, we have used a 300 samples 
long time window for data segmentation to enable feature extraction even from the short-
est gesture. Also, we have used 50% overlapping to increase the number of the obtained 
samples. All the samples that included borderline data, i.e., the transition between two 
different input gestures, were manually excluded from the final dataset. 
Since we have calculated 7 different features over 4 channels of EMG signal, the final input 
feature vector had the dimension 1x28. The complete dataset contained 54,701 samples, 
and the final input feature matrix had the dimension 54,701x28. The ground truth signal, 
containing corresponding true output classes for each sample, had the dimension 54701x1.

7. EMG PATTERN RECOGNITION

As mentioned, many different approaches have been proposed so far and proved efficient 
for the classification problem of EMG signals, including: fuzzy classifiers, different types of 
neural networks, hidden Markov models, support vector machines (abbr. SVM), k-nearest 
neighbors (abbr. KNN), etc. In this paper, we have implemented and compared different 
variations of SVM and KNN approaches.

7.1. Cross-Validation and Normalization

It is usual to divide a dataset using the hold-out method into three distinct subsets: (i) 
training set, (ii) validation set, and (iii) test set. The training set is used for model selec-
tion, the validation set is used for hyper-parameters tuning within the selected model, and 
the test set is used for the evaluation of the trained model’s performance. We have used a 
combination of cross-validation and hold-out methods. First, we have selected the 20% of 
data for the test set using the hold-out method, and then we have applied k-fold cross-val-
idation (with value k=5) to the rest of the data (80%) to generate different combinations 
of training and validation sets. The selected test set had 10,940 samples, while the rest of 
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the data contained 43,761 samples. Namely, one of the k data partitions has always been 
selected for validation, and the rest of the k-1 partitions have been used for validation. The 
process is repeated until each of k=5 partitions gets selected as a validation set. 
Classifier training has been performed in two different setups: (i) with original feature 
vectors and (ii) normalized feature vectors. Normalization (standardization) was per-
formed using Z-normalization, which maps input feature vector set into output feature 
vector set with approximately zero mean and standard deviation close to 1. Also, we have 
performed classificatory training with and without dimensionality reduction. The original 
input feature vector had dimension 1x28. The reduction was performed using Principal 
Component Analysis, but it did not further improve the obtained classifier’s performance, 
so it is left out from the further discussion.

7.2. K-Nearest Neighbors

KNN is a nonparametric supervised learning approach for estimating data probability 
density distribution. This is a late learning method that processes data only when the 
classification request arrives. Classification of the novel data input is based on the class 
membership of the k nearest neighbors in the feature space of the training dataset, accord-
ing to the relevant metric, i.e., the novel input is assigned to the most common class in its 
neighborhood (majority vote principle). We have trained, validated, and tested multiple 
KNN classifiers with the following variation of free parameters:

• Neighborhood size k: 1, 5, 10;
• Metrics: Euclidian, City-block (Manhattan);
• Ponders (weights associated to each neighbor): equal ponders, inverse proportional 

to distance.

7.3. Support Vector Machines

SVM is essentially a binary maximal margin classifier that searches for a hyperplane in 
a high-dimensional feature space that separates the data belonging to different output 
classes. In the case of linearly separable data, a hyperplane is selected to provide maximal 
distance (margin) between the plane and the closest members of both classes. These clos-
est data samples on the border line of the margin are called support vectors. In the case 
of linearly inseparable data, it is possible either to use (i) soft margins or (ii) to apply the 
so-called “kernel trick.” Soft margins allow some data samples to cross the margin or even 
the hyperplane and enter the wrong class. The kernel trick assumes nonlinear mapping of 
original feature vectors into another higher-dimensional feature space in which the data 
becomes linearly separable. A linear decision hyperplane in novel space corresponds to a 
nonlinear decision boundary in the original feature space. In this paper we have used the 
kernel trick with several different kernels. For more details about the underlying method-
ology and mathematical foundations of KNN and SVM algorithms, we refer a reader to 
some of the many available textbooks on that subject [27, 28]. We have trained, validated, 
and tested multiple SVM classifiers with the following variation of free parameters:



CFS. Journal of Computer and Forensic Sciences

CFS 2024, Vol. 3, Issue 2

19

• Kernel: Gaussian, Linear, Square;
• Regularization parameter: 1, 10, 100;
• Multi-class method: One-vs.-One, One-vs.-All.

8. DISCUSSION AND RESULTS

In order to evaluate the performance of each implemented classifier, a corresponding confu-
sion matrix was generated for each of them. It is a square matrix whose rows represent true 
(ground truth) class labels and columns represent predicted labels as output from the classi-
fier. Diagonal elements of the confusion matrix represent the numbers of correctly classified 
data samples. Off-diagonal elements represent the numbers of misclassified samples. 

Figure 10. Comparative performance analysis for KNN-based classifier evaluated on vali-
dation and test sets, using both non-standard and standardized data.

Based on the confusion matrix, different statistical performance metrics may be calcu-
lated. We have used four statistical measures that are typically used in machine learning 
to evaluate classification models: (i) precision, (ii) sensitivity (recall), (iii) specificity, and 
(iv) accuracy. We have also calculated (v) the balanced F-measure (F-score) as the equally 
weighted harmonic mean of precision and recall. Each of the five measures was calculat-
ed over each individual class. Additionally, we have calculated macro and micro average 
F-measure. The former calculates the F-measure for each class separately and then takes 
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a mean value over classes, while the latter calculates the F-measure globally over all data 
samples. Namely, macro averaging treats all classes equally while micro averaging treats 
all samples equally, and the difference may arise in the case of imbalanced data sets.
For both introduced types of classifiers (KNN-based and SVM-based), we have selected 
the configuration (parameter values) that achieved the best results and gave the compar-
ative analysis of their performance using the introduced statistical measures. KNN classi-
fier obtained the best results for the following set of parameters: k=10, city block metric, 
inverse proportional pondering. On the other hand, the SVM classifier obtained the best 
results for the following set of parameters: Gaussian kernel, regularization value 1, and 
one-vs.-all method. Both classifiers were evaluated on validation and test sets, using both 
non-standard and standardized input data. The comparative results for the KNN-based 
classifier are shown in Fig. 10.

Figure 11. Comparative performance analysis for SVM-based classifier evaluated  
on validation and test sets, using both non-standard and standardized data.

It can be seen from Fig. 10 that the KNN classifier obtained similar results on both the 
validation and test sets. However, significantly better results were obtained using stand-
ardized input data compared to the non-standard data. Micro and macro average F-meas-
ures are also mutually similar, which is not surprising, since we generated a highly bal-
anced training data set with approximately uniform distribution of classes. Analogously, 
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the comparative results for the SVM-based classifier are shown in Fig. 11. Finally, we have 
compared the KNN-based classifier against the SVM-based one using the macro average 
F-measure. The results are presented as a bar graph in Fig. 12.
The reported results show the error rate in micro and macro F measures around 10% 
(±2%). We assume that there are several causes of this error. First, a rather small dataset 
with only four subjects, which was sufficient to validate our concept but probably not 
representative enough to get the most out of the used classifiers. Second, the high level 
of noise inherently present in sEMG signals and the variability of sEMG signal charac-
teristics. This variability stems from: (1) placement of electrodes, (2) variability in neural 
control across users, and (3) time-dependent muscles’ states due to fatigue [29]. All these 
reasons make this classification problem difficult, per se. 

Figure 12. Comparative reults of KNN-based ad SVM-based classifiers  
over validation and test sets using non-standard and standardized data.

In this paper, the focus was on the development of an sEMG-based control interface and 
its integration with our custom-designed three-finger robotic hand. Hence, two rather 
classical machine learning approaches were implemented for static gesture recognition. 
The achieved results may be improved in several ways. First, by generating a larger and 
more representative dataset with more subjects. Second, using advanced novel feature ex-
traction methods in combination with deep learning algorithms. Novel feature extraction 
methods include fused time-domain descriptors [30], temporal-spatial descriptors [31], 
wavelet scattering transform-based features [32], and explainable artificial intelligence 
(XAI) with a fusion framework for feature selection [33]. Most common deep learning 
methods used for sEMG feature extraction include convolutional neural networks (abbr. 
CNNs), long short-term memory neural networks (abbr. LSTMs), and temporal convo-
lutional networks (abbr. TCNs). Several state-of-the-art approaches combine the afore-
mentioned deep learning techniques. E.g., in [29], a multi-stream deep learning module 
was used utilizing the following architectures in different streams: TCN, LSTM-TCN, and 
CNN-TCN. In [34], a deep learning classifier based on a CNN–LSTM architecture was 
combined with the variational mode decomposition (abbr. VMD) technique to achieve 
hand gesture recognition from a single sEMG channel.



CFS. Journal of Computer and Forensic Sciences

CFS 2024, Vol. 3, Issue 2

22

9. INTEGRATION WITH ROBOT HAND CONTROLLER

Based on the results of comparative analysis, we have selected the SVM classifier with 
standardized features, which achieved the highest F-measure, for final implementation and 
integration with the robot hand controller. The SVM-based classifier has been deployed as 
a MATLAB script, while the robot hand control has been implemented as a Python script. 
Communication between MATLAB and Python scripts is based on TCP/IP client-server 
architecture, and it has been implemented using sockets. Output from the MATLAB script 
is an integer from the set {0, 1, 2, 3}, representing the predicted output class for a perceived 
input hand gesture. We have performed a debouncing technique to provide stable output 
reading. This class number is sent via TCP/IP communication and further mapped into the 
corresponding predefined grasping motion of the robotic hand within the Python script. 
The Python script outputs a desired motion command for the robot controller. The com-
mand consists of desired position and imposed velocity and force limits.

Figure 13. Block diagram of HCU hand control architecture  
and HMI interface based on sEMG signals.
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Motion control of the robot hand has been hierarchically organized. The Python script 
directly communicates with the Hand Control Unit board (abbr. HCU) via USB commu-
nication. The HCU controller is a high-level central control unit that receives a command 
containing information about reference position and predefined velocity and contact force 
limits for each degree of freedom of the robot hand. The HCU controller passes the mes-
sage towards two lower-level Finger Control Units (abbr. FCUs). Each FCU board controls 
two degrees of freedom. The first FCU control flexion/extension of the two robot fingers, 
while the second controls flexion/extension and rotation of the thumb. The FCU board 
contains a DC motor driver and collects data from motor encoders and Force Sensor Units 
(abbr. FSU) placed at the fingertips. FSUs are custom-designed 3-axis force sensors based 
on magnetic transducer technology. A block diagram of the HRC hand control architecture 
integrated with the proposed HMI interface based on sEMG signals is given in fig. 13. The 
motion controller of the HRC hand has been implemented as a cascade PID controller with 
three closed loops. The inner loop is closed around the measured motor current signal, the 
middle loop is a velocity control loop, and the outer loop is a position control loop.

10. CONCLUSION

In this paper, we have presented a human-machine interaction interface for teleoperated 
grasping control of the custom-designed three-finger robot hand. The proposed interface 
is based on surface electromyography measurement and static gesture recognition based 
on a support vector machines classifier. 
As one of the contributions, a dataset of sEMG signals for hand grasping was created. 
an experimental study was conducted with four healthy participants, and a user-friend-
ly GUI was designed for instructing the participants. However, the process of electrode 
placement was subject-dependent and sensitive. Therefore, in future work we will try to 
replace the Smarting device and classic electrodes with the MYO armband wearable sen-
sor, which has 8 channels and wireless Bluetooth data streaming. 
Current firmware of the HRC robotic hand does not support continuous teleoperation but 
only realization of discrete predefined grasps. It is one of the reasons why we addressed 
only the problem of gesture recognition and not continuous hand pose estimation. For 
future work, we intend to improve the hand firmware and also to address the problem of 
continuous teleoperation as well, with appropriate kinematic mapping between the hu-
man and robot hand. In line with that, we plan to generate a URDF model of the HRC 
hand and to integrate sEMG-based control with this model within some robotic simulator 
for underactuated systems, like the Drake simulator [35]. One of the main tasks for future 
work will be the optimization of all computational steps in order to decrease the latency 
and reach near real-time teleoperation, which was not required for the current research 
in this paper. Also, we intend to map the amplitude of sEMG signals to the force limit pa-
rameter in the motion command.
In the paper, systematic comparative analysis of two types of classifiers has been conduct-
ed and presented: (i) KNN-based classifiers and (ii) SVM-based classifiers. A multi-class 
classifier based on support vector machines has proven to be very satisfying for static ges-
ture recognition, achieving a high F-measure on the gathered dataset. However, in future 
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work we will consider using some of the contemporary deep learning-based approaches 
to deal with dynamic gestures and to avoid feature engineering.
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