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limited research on EMG signals in the muscles of the human forearm, which poses
challenges for prosthetic hand development. This study utilized the maximum voluntary
contraction (MVC) normalization method to analyze the flexor carpi radialis muscle
during handgrip and swinging motions. The MVC indices revealed a significant
proportion of high-amplitude MVC results. We conducted three statistical analyses to
validate the indices. One-way ANOVA showed significant differences in mean values
among the seven subjects during the percent MVC test. RMS study demonstrated a
linear correlation between muscle contraction and movement. Boxplot analysis
revealed variations within the interquartile range and median values across the entire
MVC range. To achieve these results, we employed an eighth-order Gaussian function
for curve fitting and exponential weighted moving average. The median interquartile
range showed high discrepancies, while the differences between MVC increments were
minimal, providing reliable indices for swinging motion. This suggests that the fat layer
thickness may influence the muscle signal's frequency characteristics. In summary, our
study highlights the untapped potential of EMG signals in the forearm muscles for
prosthetic hand development. By employing MVC normalization and conducting
rigorous statistical analyses, we uncovered significant findings that contribute to
advancements in this field. Our insights provide hope and inspiration for researchers
and practitioners seeking to enhance prosthetic technology.

1. Introduction

Muscle activity plays a pivotal role in our daily lives, influencing our ability to perform various
tasks. Understanding and monitoring this activity is crucial, which is why electromyography (EMG)
has emerged as a powerful tool. By evaluating and recording the electrical signals produced during
muscle contractions, EMG provides valuable insights into neuromuscular activities [1,2]. With a
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frequency range of up to 5000 Hz, it captures the myoelectric signals that directly correlate with our
body movements, such as hand gestures (see Figure 1).

Recent studies have primarily focused on healthy individuals, harnessing EMG as an input source
for control modalities like prosthetic hands, grip control, finger movements, and arm swings [2,3].
Remarkably, these advancements have yielded impressive levels of accuracy, reaching up to 95% [2].
By utilizing EMG signals, researchers aim to enhance the control and precision of these modalities,
revolutionizing the way we interact with technology.

However, it is important to acknowledge the challenges that researchers face in achieving even
greater accuracy. Signal noises, data collection methods, and environmental factors pose significant
hurdles that must be overcome to ensure the robustness and reliability of EMG pattern recognition
[4-6]. To address these challenges, researchers have relied on key references such as "Human lower
limb activity recognition techniques, databases, challenges and its applications using sSEMG signal" by
Vijayvargiya et al., [7], and "The study of principle component of the surface electromyography signal
of the Bicep Brachii muscle" by Sabri et al., [8]. In the pursuit of accurate EMG analysis, the
development of recommendations for SEMG sensors and sensor placement procedures by Hermens
et al., [9] and study of EMG sensor to muscle serves as a valuable resource [10-12]. Additionally,
studies by Corbett et al., [13], as well as Yahya et al., [14], have shed light on the extraction of neural
strategies from surface EMG and the associations between motor unit action potential features and
surface electromyography parameters.

Harnessing the potential of EMG technology not only holds tremendous promise for the field of
prosthetics but also opens exciting avenues for applications in rehabilitation, sports performance,
and ergonomics. By capitalizing on the wealth of information provided by EMG signals, we can unlock
new insights into the human body's capabilities and design innovative solutions that enhance our
quality of life [15-18]. In summary, EMG is a game-changing technology that empowers us to delve
deeper into the intricacies of muscle activity. By leveraging its capabilities and drawing upon the
latest research in the field, researchers and innovators are paving the way for groundbreaking
advancements in various fields [19]. Through persistent efforts, we are poised to conquer the
challenges and unlock the full potential of EMG, revolutionizing the way we interact with and
understand the human body.

Flexor Carpi Radialis , Flexor Digitorum Superficialis

— . /

Radius Bone _— Interrosseous Membrane

Extensor Carpi Radialis 7~ Flexor Carpi Ulnaris

Extensor Digitorum = Ulna Bone

Fig. 1. The forearm with cross section area showing the muscles properties [17]

Myoelectric (EMG) signals are generated in human skeletal muscle during contraction of the
muscle fibre, which is always random [20]. These EMG signals provide evidence of the anatomy and
functional activity of a muscle [21-24].

Figure 2, shows basic blocks of pattern recognition for EMG signal. The acquisition block which
also refers to detection and recording of the EMG signals. Meanwhile, processing the signal is
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required to align the suitability of the collected EMG data in terms of their amplitude, frequency, or
space. Important transformation of raw signal or data into a set of a new column with reliable
information known as feature extraction. Usually, the accuracy of the result from the feature
extraction is affected greatly due to the noise environment and error. Lastly, signal normalization is
important to categorize all EMG data acquired from different samples.

Data Decision
L : Feature T
—>{ Acquisition |—>|Pre-Processing|—> . —> Classification [—>

Extraction

Database |e———

Fig. 2. The block diagram of basic electromyography signal processing

The raw EMG signal, although informative, is highly susceptible to artefacts and data distortions.
Its inadequacy as a reliable feature source has hindered advancements in signal processing and
analysis. But fear not, as the breakthrough technique of sEMG holds the key to unlocking a new realm
of possibilities. Feature extraction of EMG signals has shed light on the variations of signal
information, including artefacts, which depend on the signal strength. Studies have demonstrated
the effectiveness of extracting features in both the time and frequency domains [25]. However,
achieving a set of robust features has remained an elusive goal, challenged researchers and limited
progress in the field. Numerous review papers by esteemed researchers have highlighted these
challenges and called for innovative solutions [26,27]. The recognition and analysis of EMG patterns
are profoundly affected by these inconsistencies, hindering the development of reliable and accurate
methodologies. By utilizing specialized external sensors or electrodes, sSEMG enables the capture of
high-quality signals, untethered by the limitations of the raw EMG. This breakthrough technology
offers a path to unparalleled precision and accuracy in muscle activity analysis [28].

2. Methodology
2.1 Materials and Methods

With the ability to capture electrical potentials across a broad muscle area, EMG sensors provide
invaluable insights despite challenges such as low-frequency components (20-500Hz), resolution
limitations, and susceptibility to artefacts. Harnessing the SENIAM standard operating procedure, we
unlock a realm of possibilities [29,30].

Unveiling the Power of Seven Exceptional Volunteers. Our meticulously selected team consists of
four remarkable males and three extraordinary females. Their impeccable health records, devoid of
musculoskeletal disorders or nerve diseases, guarantee the integrity of our study. With a shared trait
of right-handedness, they embody precision and dexterity. Aged between 21 and 25 years, their
youthful energy and enthusiasm fuel our research. The day before the experiment, they were
conscientiously advised to abstain from rigorous forearm or hand exercises. Together, we forge
ahead, ready to uncover groundbreaking insights into muscle activity.

Empowering Progress through Thorough Documentation. We meticulously recorded essential
details, including gender, weight, dominant hand, age, and height, ensuring comprehensive future
references. Our commitment to excellence extends to the data collection setup, meticulously
optimized for subject comfort and efficiency. By minimizing fatigue and streamlining preparation
time, we prioritize an environment conducive to groundbreaking discoveries [31,32]. Together, we
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pave the way for transformative advancements. Devices used for the data collection is multiple-
channel surface EMG system known as Vernier Labquest mini (See Figure 3(b)). Before the electrode
placement, the subject is advised to calm and rest. The alcohol swab applied to the subject skin, to
clean the surface and prevent high impedance. This will prevent any harm to the skin from rashes.
Several disposable EMG electrodes are used in the experiment (Nihon Kohden). The size of electrode
diameter is 10mm, but the recording surface estimated around 5mm in area covered. The EMG
sensor is placed on the right forearm, wrist while electrodes placed on two muscle groups on
forearm, which are flexor carpi radialis and flexor pollicis longus as shown in Figure 3(c). Subjects
were instructed to sit on a chair with adjustable armrest position, to suit their comfort. Subjects were
asked to perform a swing with handgrip force using Vernier hand dynamometer. To get the effective
signals, each channel using bipolar configuration and distance between two electrodes is chosen at
15mm [30].

Fig. 3. The Example of electrodes placement for EMG sensors and the muscles; (a)
Electrode placement for the extensor muscles, ECRL and EDC, (b) data acquisition
system with hand dynamometer for subject force measurement, and (c) Electrode
placement and sensor cable connection for flexor muscles FDC and FCR

Feature extraction is one of the challenging parts in surface EMG pattern recognition [14,32]. It
is important to reduce noise in EMG signal. Usually, EMG signal contains a great amount of noise and
robust features are needed to get the best surface EMG indices for further assessment [33]. The
selected features are described as follows

i.  Means absolute value (MAV) is used for calculation of mean value of the linear envelope. It
can be express as

1
MAV = <3H_; |X, | (1)

ii. Root mean square (RMS) is modeled by the amplitude modulated Gaussian random process.
It can be computed as
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RMS = \/%Zﬁzl X2 (2)

where N represents the length of the signal and Xn stands for the EMG signal in specific
segment.

Standard deviation feature represents EMG signal confidence interval between statistical
data. It can be express as

[
STD = |~——=X7-1X% (3)

where N represents the length of the signal and Xn stands for the EMG signal in specific
segment.

Modified mean absolute value 1 (MMAV 1) is a assemble feature based on MAV and it can be
expressed in mathematical form as

1
MMAV 25211\1’=1Wn|xn| (4)

) . < < 0.
Wn={ 1,if 0.25N <n < 0.75N )

0.5, otherwise

where N is the length of signal; wn is the weighing window function of sampling signal and
xn represents the EMG signal in a specific segmentation.

Modified mean absolute value 2 (MMAV 2) is an assemble feature based on MAV with
continuous weighing window function and it can be expressed in mathematical form as

1
MMAV = EZQ:l Wnlxnl (6)
1, if 0.25N <n < 0.75N
4in .
v’ lf 0.25N >n (7)
20N if0.75N <n

N )

where N is the length of signal; wn is weighing window function of sampling signal and xn
represents the EMG signal in a specific segmentation.

Several experiment and trials were done, for data collection and to analyse the performance of

the feature to be used as EMG indices. Each of the experiment is associated with two main objectives
of this study. At first, to analyse the EMG signal using statistical analysis methods, and to increase the
efficiency of pattern recognition by finding an optimal feature as EMG indices. After all the required
EMG signal is collected from the experiment, the signal is then analysed [34]. Statistical analysis
proven to be good at indicating muscular activities which makes the process easier to make analysis
on muscle activation. There are three methods that will be applied to approach statistical analysis
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and according to previous studies, these methods have shown good results. The methods are the
ANOVA, root mean square (RMS), and boxplot analysis [34,35].

3. Results

The raw EMG signal has been processed for further analysis. As shown in Figure 4, the times of 0
to 4 seconds, demonstrate that the hand muscle EMG signal amplitude is relatively small, due the
relaxed condition of a subject. After four seconds of relaxing phase, subject was asked to perform
task as instructed for 0%, 50% and 100% MVC. This can be seen whenever the percentage of MVC
increases, the normalized amplitude of the spinal EMG signal is also increased. This means that the
contraction of the muscle increases as the handgrip force increases as there is no swinging motion.
A swinging motion occurs from 4 to six seconds, and the graphs in Figure 4(c) shows an enormous
increase in normalized amplitude, as subject was asked for 100% MVC. There's a holding period from
six to ten seconds as shown in graphs (Figure 4), indicates that the normalized amplitude has started
to decrease thus showing that it becomes unstable. Most of this transition periods have been
discussed by much research as muscle fatigue [34-37]. All data collected is further processed for the
indices assessment.

The one-way ANOVA analysis is performed at the average percentage of each MVC handgrip and
swinging level. The significant level was observed based on the setting level; p < 0.05 to allocate
variance with respect to the various data set. The findings indicate statistically significant difference
between mean and variance for 100% MVC and 50 % MVC. Additionally, it is noted that not all
subjects have the same mean and variance. The null hypothesis, H_ostate is rejected for the
methodology and sampling. This disparity was due to unstable condition of the subject body. Based
on ANOVA analysis, it shows that linear identification is impossible for different subject as indices
being provided by each subject at the same percentage of MVC, are nonlinear.

The RMS analysis is performed at the average percentage of MVC handgrip and swinging level.
Table 1 tabulates the results with the estimation of the RMS value. The RMS is determined to rectify
the useful information about the EMG signal amplitudes. Higher MVC level will result to the higher
RMS indices, as shown in Table 1. This reveals that, the percentage RMS value of MVC excited from
muscle function increase as the contraction is increased. In swinging phase motion, the percentage
of each MVC are analysed using the boxplot. Figure 5 displayed the percentage of MVC for 0%, 50%
and 100% and their respective boxplot analysis. In boxplot, the x-axis corresponds to different
percentages of MVC while the y-axis corresponds to the normalized EMG signal amplitude. In
boxplot, the red line in the box represents the median for each respective box. In addition, the boxes
display the maximum and minimum uniform amplitude for any unit MVC. 100% MVC has the highest
mean, interquartile range, and average standardized amplitude compared to those in Table 2. The
difference of average median of 0% MVC to 100% MVC is 77.34mV, while interquartile range (IQR)
difference is 266.54667mV in average, for the same MVCs. This can be concluded that the median is
linearly correlated with the percentages of MVC.
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Fig. 4. Average of (a) 0% MVC, (b) 50% MVC, and (c) 100%

MVC. Graph plotted using MATLAB software
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Fig. 5. Boxplot analysis of %MVC
Table 1
RMS and Mean results (%MVC)
0% MVC 50% MVC 100% MVC
Mean (mV) -81.35 287.1 491
RMS (mV) 93.1 306.8 505.3
Table 2
AQR difference and average median
MVC (%) Median difference (mV) IQR difference (mV)
0-50 661.86 103.65
50-100 136.78 51.03
Total 799.64 154.68
Average 266.54667 77.34

Table 3 shows the 8th order of Gaussian function for the 0%, 50%, and 100% MVC. The difference
in average median from 0% to 100% MVC is noted to be at 129.367mV while the difference of IQR
average median from 0% to 100% MVC is 37.645mV. However, the average amplitude is 656.4mV.

Table 3

3 (8™ order Gaussian function) boxplot analysis

MVC (%)

Median (mV) 1QR (mV)

Max. Amplitude (mV)

0
50
100

-61.013
340.591
469.51

68.313
150.95
221.54

-30.325
405.91
656.43

Standard deviation is used in statistical analysis for quantifying the sum of variance in a dataset.
Results analysed shown that difference between median and IQR indicates a lowest variations in
standard deviation error. In addition, the IQR gap indicates the lowest deviation in normal condition.
Based on the results tabulated in tables, it shows that median and IQR indicates very high
concentrations in their average value and difference value. Since the EMG was analysed with 8th
Gaussian function, the average IQR difference from 0% to 100% are the lowest, 47.397mV while the
signal undergoes the highest exponential weight moving average filter, 72.34mV. This was due to the
low quality of data but offers more variable values.

The implementation of exponential weight moving average filter resulted for maximum
amplitude, 743.79mV, in between three different boxplot analysed. In addition, for EMG signal that’s
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applied for 8th order of Gaussian function resulted for higher average mean difference from 0% to
100% MVC which is 133.20475mV, while 124.118475mV for mean average of moving average filter.
The value for median shows the highest increment from 0% to 100% MVC compared to IQR based on
results. Thus, the median value is the perfect indices to exhibits the differences in MVC percentages.
These produces identical and consistent data after the boxplot analysis is performed. Based on
findings in median, standard deviation, and IQR difference, there is the need for multiple references
to calculate perfect MVC value for swinging motion.

4. Conclusions

Unveiling the Secrets of MVC Tests. we delve into the fascinating differences between MVC tests,
uncovering their hidden intricacies. The results paint a compelling picture: during swinging motions,
a significant increase in normalized amplitude is observed. This surge can be attributed to the
heightened percentage of MVC, signifying greater muscle contraction induced by higher loads.
Consequently, muscles generate a substantial amount of myoelectric activity. These findings shed
light on an important aspect: the average mean of the 7 subjects does not exhibit significant
correlation. Hence, the MVC standardization approach emerges as the preferred method for
evaluating EMG signals in swinging motions. Moreover, direct recognition based on indices proves
unfeasible due to the inherent variabilities in EMG signals across subjects at the same percentage
MVC. The analysis of RMS further supports these observations, showcasing heightened muscle
activity with increased muscle contraction. Prepare to embark on an engaging journey that unravels
the mysteries of MVC tests, offering profound insights into the dynamic world of muscles.

Acknowledgement

Gratitude for Progress Catalysts. We extend our heartfelt appreciation to the Ministry of Higher
Education Malaysia and Universiti Teknikal Malaysia Melaka (UTeM) for their invaluable financial
support (Grant Number: FRGS/1/2022/FKE/F00505). Together, we drive transformative research
endeavours.

References

[1] Adiputra, D., S. A. Mazlan, H. Zamzuri, and M. A. Abdul Rahman. "Fuzzy logic controller for current induced ankle
foot orthoses based on electromyography biosignal and ankle angle." Journal of Advanced Vehicle System 1, no. 1
(2016): 28-40.

[2] Shair, E. F., N. A. Jamaluddin, and A. R. Abdullah. "Finger movement discrimination of EMG signals towards
improved prosthetic control using TFD." International Journal of Advanced Computer Science and Applications 11,
no. 9 (2020). https://doi.org/10.14569/1JACSA.2020.0110928

[3] Rodriguez-Tapia, Bernabe, Israel Soto, Daniela M. Martinez, and Norma Candolfi Arballo. "Myoelectric interfaces
and related applications: current state of EMG signal processing-a systematic review." IEEE Access 8 (2020): 7792-
7805. https://doi.org/10.1109/ACCESS.2019.2963881

[4] Thongpanja, Sirinee, Angkoon Phinyomark, Franck Quaine, Yann Laurillau, Chusak Limsakul, and Pornchai
Phukpattaranont. "Probability density functions of stationary surface EMG signals in noisy environments." IEEE
Transactions on Instrumentation and Measurement 65, no. 7 (2016): 1547-1557.
https://doi.org/10.1109/TIM.2016.2534378

[5] Xiong, Dezhen, Daohui Zhang, Xingang Zhao, and Yiwen Zhao. "Deep learning for EMG-based human-machine
interaction: A review." [EEE/CAA Journal of Automatica Sinica 8, no. 3 (2021): 512-533.
https://doi.org/10.1109/JAS.2021.1003865

[6] Liu, Jie, and Ping Zhou. "A novel myoelectric pattern recognition strategy for hand function restoration after
incomplete cervical spinal cord injury." IEEE Transactions on Neural Systems and Rehabilitation Engineering 21, no.
1(2012): 96-103. https://doi.org/10.1109/TNSRE.2012.2218832

134


https://doi.org/10.14569/IJACSA.2020.0110928
https://doi.org/10.1109/ACCESS.2019.2963881
https://doi.org/10.1109/TIM.2016.2534378
https://doi.org/10.1109/JAS.2021.1003865
https://doi.org/10.1109/TNSRE.2012.2218832

Journal of Advanced Research in Applied Sciences and Engineering Technology
Volume 31, Issue 3 (2023) 126-136

(7]

(8]

(9]

(10]

(11]

(12]

(13]

(14]

(15]

(16]

(17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

Vijayvargiya, Ankit, Bharat Singh, Rajesh Kumar, and Jodo Manuel RS Tavares. "Human lower limb activity
recognition techniques, databases, challenges and its applications using sSEMG signal: an overview." Biomedical
Engineering Letters 12, no. 4 (2022): 343-358. https://doi.org/10.1007/s13534-022-00236-w

Sabri, M. I., M. F. Miskon, and M. R. Yaacob. "The study of principle component of the surface electromyography
signal of the Bicep Brachii muscle." In 2014 IEEE International Symposium on Robotics and Manufacturing
Automation (ROMA), pp. 7-11. IEEE, 2014. https://doi.org/10.1109/ROMA.2014.7295853

Hermens, Hermie J., Bart Freriks, Catherine Disselhorst-Klug, and Gilinter Rau. "Development of recommendations
for SEMG sensors and sensor placement procedures." Journal of Electromyography and Kinesiology 10, no. 5 (2000):
361-374. https://doi.org/10.1016/51050-6411(00)00027-4

Azizan, Noor’Ain, Ruzy Haryati Hambali, Seri Rahayu Kamat, and Nur Syafigah Rayme. "Analysis the influence of
heart rate and muscle activity towards muscle fatique in layup workers." Journal of Advanced Research in Applied
Sciences and Engineering Technology 11, no. 1 (2018): 99-107.

Huebner, Agnes, Bernd Faenger, Philipp Schenk, Hans-Christoph Scholle, and Christoph Anders. "Alteration of
Surface EMG amplitude levels of five major trunk muscles by defined electrode location displacement." Journal of
Electromyography and Kinesiology 25, no. 2 (2015): 214-223. https://doi.org/10.1016/j.jelekin.2014.11.008
Doheny, Emer P., Cathy Goulding, Matthew W. Flood, Lara Mcmanus, and Madeleine M. Lowery. "Feature-based
evaluation of a wearable surface EMG sensor against laboratory standard EMG during force-varying and fatiguing
contractions." IEEE Sensors Journal 20, no. 5 (2019): 2757-2765. https://doi.org/10.1109/JSEN.2019.2953354
Corbett, Elaine A., Nicholas A. Sachs, and Eric J. Perreault. "EMG control of robotic reaching by people with
tetraplegia improved through proprioceptive and force feedback." In 2013 6th International IEEE/EMBS Conference
on Neural Engineering (NER), pp. 1178-1181. IEEE, 2013. https://doi.org/10.1109/NER.2013.6696149

Yahya, Abu Bakar, Wan Mohd Bukhari Wan Daud, Chong Shin Horng, and Rubita Sudirman. "Electromyography
signal on biceps muscle in time domain analysis." Journal of Mechanical Engineering and Sciences 7 (2014): 1179-
1188. https://doi.org/10.15282/jmes.7.2014.17.0115

Aung, Yee Mon, and Adel Al-Jumaily. "Shoulder rehabilitation with biofeedback simulation." In 2012 IEEE
International ~ Conference on  Mechatronics and  Automation, pp. 974-979. |EEE, 2012.
https://doi.org/10.1109/ICMA.2012.6283382

Wei, Xuyang, Yan Chen, Xueyu lJia, Yiting Chen, and Longhan Xie. "Muscle activation visualization system using
adaptive  assessment and  forces-EMG  mapping." IEEE  Access 9  (2021): 46374-46385.
https://doi.org/10.1109/ACCESS.2021.3067360

Bukhari, W. M., C. J. Yun, A. M. Kassim, and M. O. Tokhi. "Study of K-nearest neighbour classification performance
on fatigue and non-fatigue EMG signal features." International Journal of Advanced Computer Science and
Applications 11, no. 8 (2020): 41-47. https://doi.org/10.14569/1JACSA.2020.0110806

Amezquita-Garcia, Jose, Miguel Bravo-Zanoguera, Felix F. Gonzalez-Navarro, Roberto Lopez-Avitia, and M. A.
Reyna. "Applying machine learning to finger movements using electromyography and visualization in opensim."
Sensors 22, no. 10 (2022): 3737. https://doi.org/10.3390/s22103737

Ducic, Yadranko, Robert DeFatta, Erik M. Wolfswinkel, William M. Weathers, and Larry H. Hollier Jr. "Tunneling
technique for expedited fibula free tissue harvest." Craniomaxillofacial Trauma & Reconstruction 6, no. 4 (2013):
233-236. https://doi.org/10.1055/s-0033-1349208

Jones, Gareth R., Kaitlyn P. Roland, Noelannah A. Neubauer, and Jennifer M. Jakobi. "Handgrip strength related to
long-term electromyography: application for assessing functional decline in Parkinson disease." Archives of Physical
Medicine and Rehabilitation 98, no. 2 (2017): 347-352. https://doi.org/10.1016/j.apmr.2016.09.133

Sugie, Kazuma, Miho Sugie, Toshio Taoka, Yasuyo Tonomura, Aya Kumazawa, Tesseki Izumi, Kimihiko Kichikawa,
and Satoshi Ueno. "Characteristic MRI findings of upper limb muscle involvement in myotonic dystrophy type 1."
PLoS One 10, no. 4 (2015): e0125051. https://doi.org/10.1371/journal.pone.0125051

Pan, Daniel, Xueyan S. Xu, Daniel E. Welcome, Thomas W. McDowell, Christopher Warren, John Wu, and Ren G.
Dong. "The relationships between hand coupling force and vibration biodynamic responses of the hand-arm
system." Ergonomics 61, no. 6 (2018): 818-830. https://doi.org/10.1080/00140139.2017.1398843

Hisan, Fara Nuur Ain Noor, Ahmad Damdarash Saifuzzaman, Hannan Asyraf Mohd Yasak, Lee Chen Kai, Nurul Aini
Bani, Norliza Mohd Noor, Siti Armiza Mohd Aris et al. "Relationship between demographic characteristics and hand
grip measurement of students in UTMKL." Journal of Advanced Research in Applied Mechanics 29, no. 1 (2017): 9-
19.

Osuagwu, Bethel AC, Emily Whicher, and Rebecca Shirley. "Active proportional electromyogram controlled
functional  electrical  stimulation  system."  Scientific  Reports 10, no. 1 (2020): 21242.
https://doi.org/10.1038/s41598-020-77664-0

135


https://doi.org/10.1007/s13534-022-00236-w
https://doi.org/10.1109/ROMA.2014.7295853
https://doi.org/10.1016/S1050-6411(00)00027-4
https://doi.org/10.1016/j.jelekin.2014.11.008
https://doi.org/10.1109/JSEN.2019.2953354
https://doi.org/10.1109/NER.2013.6696149
https://doi.org/10.15282/jmes.7.2014.17.0115
https://doi.org/10.1109/ICMA.2012.6283382
https://doi.org/10.1109/ACCESS.2021.3067360
https://doi.org/10.14569/IJACSA.2020.0110806
https://doi.org/10.3390/s22103737
https://doi.org/10.1055/s-0033-1349208
https://doi.org/10.1016/j.apmr.2016.09.133
https://doi.org/10.1371/journal.pone.0125051
https://doi.org/10.1080/00140139.2017.1398843
https://doi.org/10.1038/s41598-020-77664-0

Journal of Advanced Research in Applied Sciences and Engineering Technology
Volume 31, Issue 3 (2023) 126-136

[25]

(26]

(27]

(28]

[29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

Iconaru, Elena loana, and Constantin Ciucurel. "Hand grip strength variability during serial testing as an entropic
biomarker of aging: A Poincaré plot analysis." BMC Geriatrics 20 (2020): 1-12. https://doi.org/10.1186/s12877-020-
1419-1

Baranski, R., and A. Kozupa. "Hand grip-EMG muscle response." Acta Physica Polonica A 125, no. 4A (2014).
https://doi.org/10.12693/APhysPolA.125.A-7

Yokoyama, Masayuki, Ryohei Koyama, and Masao Yanagisawa. "An evaluation of hand-force prediction using
artificial neural-network regression models of surface EMG signals for handwear devices." Journal of Sensors 2017
(2017). https://doi.org/10.1155/2017/3980906

Daud, WMB Wan, N. Abas, and M. Osman Tokhi. "Effect of two adjacent muscles of flexor and extensor on finger
pinch and Hand grip force." In 2018 5th International Conference on Control, Decision and Information Technologies
(CoDIT), pp. 140-145. IEEE, 2018. https://doi.org/10.1109/CoDIT.2018.8394775

Vigouroux, Laurent, Marine Devise, Théo Cartier, Clément Aubert, and Eric Berton. "Performing pull-ups with small
climbing holds influences grip and biomechanical arm action." Journal of Sports Sciences 37, no. 8 (2019): 886-894.
https://doi.org/10.1080/02640414.2018.1532546

Sadikoglu, Fahreddin, Cemal Kavalcioglu, and Berk Dagman. "Electromyogram (EMG) signal detection, classification
of EMG signals and diagnosis of neuropathy muscle disease." Procedia Computer Science 120 (2017): 422-429.
https://doi.org/10.1016/j.procs.2017.11.259

Fu, Jiawei, Yichen He, Siming Jiang, Zhongqgi Tao, Yifan Wen, and Xingyu Yi. "EMG-based Monitoring Muscle
Contraction Force to Determine Most Effective Exercise." In Journal of Physics: Conference Series, vol. 2011, no. 1,
p. 012021. IOP Publishing, 2021. https://doi.org/10.1088/1742-6596/2011/1/012021

Wan Daud, Wan Mohd Bukhari. "Upper extremity electromyography signal feature extraction and classification."
PhD diss., University of Sheffield, 2019.

Naik, Ganesh R., Suviseshamuthu Easter Selvan, Massimiliano Gobbo, Amit Acharyya, and Hung T. Nguyen.
"Principal component analysis applied to surface electromyography: a comprehensive review." |[EEE Access 4
(2016): 4025-4037. https://doi.org/10.1109/ACCESS.2016.2593013

Allgéwer, Kathrin, Claudia Kern, and Joachim Hermsdérfer. "Predictive and reactive grip force responses to rapid
load increases in people with multiple sclerosis." Archives of Physical Medicine and Rehabilitation 98, no. 3 (2017):
525-533. https://doi.org/10.1016/j.apmr.2016.08.465

Li, Xiaoyan, Aneesha Suresh, Ping Zhou, and William Zev Rymer. "Alterations in the peak amplitude distribution of
the surface electromyogram poststroke." IEEE Transactions on Biomedical Engineering 60, no. 3 (2012): 845-852.
https://doi.org/10.1109/TBME.2012.2205249

Rabbi, Mohammad Fazle, Nurul Wahidah Arshad, , Kamarul H. Ghazali, Rohana Abdul Karim, Mohd Zamri Ibrahim,
N. U. Ahamed, and Tasriva Sikandar. "Muscle Activation Pattern of Upper and Lower Back Muscles during Islamic
Prayer (Salat)." Journal of Advanced Research in Applied Mechanics 48, no. 1 (2018): 1-8.

Li, Jingjing, Guibin Li, Zhen Chen, and Jian Li. "A Novel EMG-Based Variable Impedance Control Method for a Tele-
Operation System Under an Unstructured Environment." [EEE Access 10 (2022): 89509-89518.
https://doi.org/10.1109/ACCESS.2022.3200696

136


https://doi.org/10.1186/s12877-020-1419-1
https://doi.org/10.1186/s12877-020-1419-1
https://doi.org/10.12693/APhysPolA.125.A-7
https://doi.org/10.1155/2017/3980906
https://doi.org/10.1109/CoDIT.2018.8394775
https://doi.org/10.1080/02640414.2018.1532546
https://doi.org/10.1016/j.procs.2017.11.259
https://doi.org/10.1088/1742-6596/2011/1/012021
https://doi.org/10.1109/ACCESS.2016.2593013
https://doi.org/10.1016/j.apmr.2016.08.465
https://doi.org/10.1109/TBME.2012.2205249
https://doi.org/10.1109/ACCESS.2022.3200696

