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Abstract:  9 

Background: Motor unit activity offers crucial information about muscle function and performance, providing 10 

invaluable data for diagnosis, treatment, and therapy. The parameters derived from this activity, such as the 11 

compound muscle action potential (CMAP) and motor unit number estimation (MUNE) extracted from the CMAP, 12 

are commonly obtained via electrical stimulation. While these methods provide specific insights into certain injuries 13 

and their impact on muscle function, their invasive nature presents a limitation. This work introduces an instrument 14 

capable of reconstructing and integrates multisignal sEMG (IEMG) as a high-fidelity indicator of CMAPs by 15 

convoluting MUAP (Motor Unit Action Potential) groups under controlled conditions, implementing an alternative 16 

noninvasive method with no electric stimulation to generate those sEMG-integrated multisignals (superficial IEMG) 17 

for our main objective, the characterization of muscle activity through the relationship between sEMG signals and 18 

force, an important indicator to complement CMAP.  Results: The proposed system achieved a mean SNR of 14 ± 19 

2.53 dB, a Pearson correlation of 0.907, and an nRMSE of 10.65%, results that robustly validate the precision of the 20 

IEMG model. This characterization accurately captures the electrophysiological dynamics of the quadriceps femoris 21 

during muscular effort, providing a continuous profile of muscle behavior. While this approach enables virtual 22 

MUNE estimation (averaging 85–147 motor units), Conclusions: Its primary significance lies in the methodology 23 

for characterize the muscle by integrated multisignals. This advancement provides a more accurate, streamlined tool 24 

for physiological assessment and physiotherapeutic diagnosis. 25 

Keywords: CMAP, MUNE, IEMG, MU, Integrated multisignals, MUAP 26 
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1 Background  47 

The integration of advanced technologies in physiotherapy has the potential to significantly improve patient 48 

outcomes and diagnostic accuracy by creating reliable environments and offering a wide variety of treatments as 49 

possible solutions. The use of innovative tools to study and characterize the function of muscles, such as surface 50 

electromyography (sEMG), plays a crucial role in enhancing our understanding of human performance and  51 

movement dynamics. These technologies provide valuable insights that can contribute to more precise diagnoses and 52 

personalized treatments. 53 
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The quadriceps femoris plays a crucial role in many kinematic human movements. Most human activities depend on 54 

proper walking mechanics. The quadriceps femoris and back are among the most common physiotherapeutic 55 

problems in Mexico. Injuries to the femoral quadriceps account for more than 30% of all cases reported in the 56 

country [30-31], which is a significant reason why people seek medical attention. 57 

Parameters such as MU (motor units), CMAP and MUNE (Compound Muscle Action Potentials and Motor Unit 58 

Number Estimation) are important for muscle understanding. Several studies have used the CMAP as a key 59 

parameter for calculating the number of muscle motor units (MUs), which is critical since it provides information 60 

related to the number of MUs involved in the muscles in terms of voltage [42]. In [27], clustering was employed to 61 

identify and separate similar MUs on the basis of amplitude and duration from their specific technology. These data 62 

are used to calculate MUNE through averaging operations. In [29], electrical stimulators, CMAPs, and K-means 63 

clustering methods were combined to calculate the MUNE by summing the individual motor unit action potentials 64 

(SMUAPs) and averaging the results through arithmetic operations. MUNE techniques are clinically valuable for 65 

estimating the number of functioning motor units in a muscle. In [23], how to employ a protocol on the basis of the 66 

physiological space and position of the muscle was known. This protocol, in conjunction with the CMAP, is used to 67 

estimate the number of motor units. Additionally, knowledge was expanded in [17-18][28], with electrical 68 

stimulators to inject a constant current into the muscle, generating a CMAP, which was subsequently analyzed to 69 

relate the compound voltage to the average MUAP and calculate the MUNE.
 

70 

Several methods calculate MUNE, such as numerical, arithmetic, and statistical tools, and their primary function is 71 

to understand muscle behavior under pathological conditions. 72 

The methods for calculating MUNE are diverse, and a wide range of approaches are available, which expands the 73 

tools and applications within the field of physiotherapy [15]. Each method is based on a specific methodology, as in 74 

[16-18], [27], [29], [33] and [40] explain, which makes it valuable. However, this work identifies an opportunity to 75 

strengthen and further develop this area of science by addressing gaps that the referenced studies in this research do 76 

not focus on (IEMG) [47][48] and could be useful to reinforce the determination of muscle function. 77 

The referenced studies included in this article address specific needs related to particular physiotherapeutic 78 

conditions [16-18], which limits the replication of their technology for different applications and reduces their scope 79 

in addressing broader problems. Moreover, most of these methods rely on the injection of an electrical signal as part 80 

of their technological function, as in [16-18], [27], [29], [33-34] and [40] mention, which decreases versatility and 81 
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flexibility. In contrast, the technology and results presented in this research are based on the analysis and processing 82 

of biosignals generated voluntarily and naturally by the body. This approach aims to provide a high-quality tool that 83 

can be applied more generally and under different physiotherapeutic conditions, making it more versatile and 84 

flexible. Importantly, the parameters computed in this work, such as the integrated sEMG (IEMG) and the virtual 85 

MUNE, are not intended to replace conventional CMAP and MUNE measurements. Instead, they represent indirect 86 

and complementary indicators that may contribute to a broader interpretation of neuromuscular activity within the 87 

limitations of nonstimulated signal acquisition. 88 

The rest of this article is organized as follows. In Section II, we describe the background of sEMG signal generation, 89 

including context, antecedents, and their significance. Section III presents the construction and development of the 90 

instrument and methods, sensor acquisition, FPGA and MATLAB processing, and data visualization, also explain 91 

details of the experimental measurement procedure with the instrument, a metric protocol. Section IV introduces an 92 

integrated multisignal characterization of the sEMG force and a noninvasive technique to estimate the virtual (not 93 

real) number of MUs during quadriceps femoris movement. Section V provides a comparison and discussion of the 94 

technology and obtained results, and Section VI concludes the article. 95 

1.1 sEMG biosignals and their electrical representations 96 

The human body generates several electrical signals that provide insights into the functions of its biological 97 

components. Electric signals from the brain, heart and muscles, electroencephalogram (EEG), electrocardiogram 98 

(ECG) and electromyogram (EMG) respectively, are the primary types of electrical data used to obtain important 99 

information for health systems. Specifically, surface EMG (sEMG) provides detailed information about muscle 100 

activity. When a person thinks about moving a limb, an electrical pulse is generated in the brain and is transmitted 101 

through synapses to the spinal cord via a motoneuron. The motoneuron then connects to muscle fibers, allowing the 102 

pulse to propagate through the entire muscle. A single muscle movement does not generate just one motor unit 103 

action potential (MUAP); instead, hundreds of MUAPs are activated to produce a limb movement [17-18]. This 104 

information is crucial for developing better medical treatments that can improve people's quality of life, particularly 105 

in physiotherapy. 106 

sEMG signals are challenging to capture because of their low amplitude and interference from biological noise 107 

caused by other physiological functions. This complexity makes it difficult for sensors and electronic devices to 108 

detect these signals during the initial stage of the acquisition of bioelectrical signals, specifically EMG. 109 
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Fig. 1 provides a general overview of the acquisition setups commonly used in sEMG research, which considers 110 

important parameters such as electrode distance, electrode position and electrode matrix shape, which are 111 

determinants of the quality of the signal. The outputs from these setups can be applied to various fields, including 112 

medical diagnostics, control systems, and signal processing [1-2] [6]. Fig. 1 illustrates typical acquisition circuits for 113 

electromyographic signals and serves as the foundation and context for further research into muscle force analysis 114 

and related applications [1-2][6]. 115 

 116 

Fig. 1. The acquisition of pure sEMG signals is carried out via an operational amplifier with two electrodes in differential mode. 117 

The methodologies and techniques for sEMG acquisition are primarily based on the use of multiple superficial 118 

electrodes. The differences between various studies lie in the electrode materials, shapes, matrix arrays, and muscles 119 

studied. However, they all share a common foundation of superficial acquisition via two or three derivation 120 

electrodes and a reference electrode for potential difference measurement. 121 

sEMG trends reveal common factors in the setups and devices employed to achieve the objectives, which often 122 

focus on statistical applications, control, and pattern recognition. During the acquisition stage, systems prioritize the 123 

measurement of specific body parts, particularly where accurate data collection is most feasible [35]. In the 124 

conditioning stage, in addition to using instrumentation amplifiers with varying gains, most systems emphasize the 125 

development of filters for noise elimination [3], [4] and [5]. 126 

In the processing stage, there is a notable prevalence of microcontrollers as hardware and MATLAB as the preferred 127 

software platform. This setup provides a broad overview of the pathways and orientations in signal processing 128 

research, offering insights that can guide the development of new applications that stand out from those illustrated in 129 

Fig. 2. These applications, such as MUNE, are designed to calculate or provide critical information about muscular 130 

function. Determining the number of MUAPs offers valuable insights into correct muscular activity, such as CMAP 131 
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vs. force behavior and MUNE, in patients with neuromuscular disease [32] [33]. This type of research focuses on 132 

refining acquisition, processing, and numeric estimation methods to achieve these objectives. 133 

Fig. 2 presents a diagram summarizing state-of-the-art advancements in sEMG research from recent years. The 134 

diagram highlights emerging trends in acquisition setups, hardware, processing power from PC processors, 135 

microcontrollers, digital signal processors (DSPs) and field programmable gate arrays (FPGAs). The feasible 136 

software for processing is mainly MATLAB and Python, and their diverse applications include statistics, signal 137 

processing and artificial intelligence (AI) systems. 138 

 139 

Fig. 2. The sEMG signals were acquired typically from five body parts: the biceps, legs, shoulder, and back. Hardware processed by embedded 140 

devices. Software processed typically by python and MATLAB. For specific applications. 141 

The hardware used is FPGAs, DSP, and microcontrollers. The software used is LabVIEW, Python, or MATLAB. 142 

The main applications are in statistics, control, and artificial intelligence (AI). Within this context, the primary 143 

contribution of this work lies in the characterization and assessment of muscle activity through the physiological 144 

estimation of virtual MUAPs. This is achieved via a statistical and numerical method that relies on key input 145 

parameters, this number is not a real representation but show a clear relation between muscle activation and human 146 

movement. This approach is useful for the integration of expert systems, including the technology and method 147 

IEMG, CMAP and MUNE in other studies. 148 

1.2 Electromyographic biosignals 149 

sEMG is a technique used to measure the electrical activity generated by muscles during contraction and relaxation. 150 

Multiple voltage signals, known MUAPs, are generated by motor neurons in the spinal cord [9]. According to 151 

physiological references, an action potential with an approximate amplitude of 0.5 mV and a duration of 10–14 ms 152 
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originates in the corresponding MU and propagates through the muscle fibers as an electrical signal [24–25]. This 153 

signal is then captured by sensors and embedded devices for digital analysis [8] and [9]. 154 

The MU voltage is produced by a chemical process that creates a potential difference in the cells, propagating 155 

sequentially from the medulla to the muscle fibers. Multiple action potentials propagate through several muscle 156 

fibers simultaneously. These combined signals generate a raw sEMG signal. The integration of all these action 157 

potentials creates an IEMG signal parameter for the CMAP, as illustrated in Fig. 3. sEMG signals are acquired by an 158 

electrode on the body surface, and the voltage of the MU propagates in several muscle fibers. Fig 3. shows a RAW 159 

sEMG signal from the sensor, Voltage of several MUAPs, RAW motor unit action potential (MUAP), Amplitude of 160 

the MUAP and IEMG, index for CMAP indicator [19][20], serves as the foundation for the subsequent acquisition 161 

and processing steps. 162 

 163 

Fig. 3. The process of generating sEMG [19][20] is a) RAW sEMG, b) MUAP, c) multiple MUAPs, d) MUAP time and amplitude and e) IEMG. 164 

1.3 Data acquisition architecture 165 

The acquisition process is structured into distinct stages, as depicted in the diagram in Fig. 4. Initially, the signals are 166 

captured via an instrumentation amplifier in equation (1), which retains only positive values. In the final stage, the 167 

rectified signals are integrated, summed and convoluted over a specific time interval in an IEMG with equation (3) 168 

and further amplified with equation (4) to prepare them for processing in FPGA and MATLAB with several 169 

methods, such as digital conversion, multiplexing, filtering and numeric equations. Then, the information from 170 

electrical and physiological analysis is displayed by the algorithms from IEMG and effort relation and estimation. 171 

In first stage with equation (1), multichannel sEMG acquisition provides detailed information about muscle 172 

behavior. Two D array electrodes positioned on the muscle surface can vary in number and geometric arrangement. 173 
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Extending this concept, other arrays are based on 2D arrays but incorporate a third parameter, such as volume or 174 

impedance. Two-dimensional arrays are further divided into two categories: high-density sEMG (HD-sEMG) and 175 

high-spatial-resolution sEMG (HSR-sEMG). Each category has distinct characteristics and technical specifications. 176 

The second refers to identifying a small zone in the muscle and performing a thorough analysis, especially for 177 

estimated motor unit action potential recruitment. System here is scalable and supports arrays mentioned before. 178 

To generate integrated multibiosignals (IEMGs), the system employs an operational amplifier in an integrated 179 

configuration combined with a digitizer embedded within the device. The raw signals are captured via an operational 180 

amplifier (op-am) and subsequently conditioned through several stages. The stages of this process are 181 

mathematically represented in equations (1), (2), (3), and (4). 182 

 𝑉��� = �(𝑉� − 𝑉
)                                                                                                                                                             (1) 183 

 𝑉�(�) = ��� [𝑉���]                                                                                                                                                                  (2) 184 

where 𝑉� − 𝑉
 is the differential voltage between muscle cells, � is the Op–Am gain, 𝑉��� is the sEMG signal in the Raw state and 𝑉� is the 185 

output voltage. 186 𝑉�(�) = − 1�� ∫ 𝑉�(�) − ���  𝑉�(�)��                                                                                                                              (3) 187 

where 𝑉� is the voltage under ideal conditions, �� is the feedback resistor, � is the design resistor, and � is the capacitance and 𝑉� is the output 188 

voltage from five block. 189 

 𝑉��� = −𝑉� [�1�2]                                                                                                                                                                   (4) 190 

where 
�1�2 is the amplificatory gain in the final stage and where 𝑉��� is the integrated voltage used for processing. 191 

 192 

Fig. 4. The different stages of the acquisition system include filtering, rectification, integration amplification, conversion and processing of the 193 

sEMG signal. 194 

1.4 Motor unit estimation fundamentals 195 

The main characteristics of a motor unit include its amplitude, spatial distribution, and time parameters. These 196 

factors are essential for estimating MU numbers [19] and [20]. When combined with technical specifications such as 197 
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frequency, gain, noise elimination, electrode type, electrode placement, material properties, and integrated signal 198 

analysis, these factors provide tools for MUNE. Estimating motor unit numbers is critical for diagnosing and 199 

monitoring various neuromuscular diseases. Recent advancements in electromyographic techniques have 200 

significantly improved the accuracy of these estimates. Research has evaluated the reliability of motor unit 201 

estimation via CMAP analysis across different muscles and research centers [16]. 202 

For example, MScanFit is an important tool that has been used to estimate motor unit numbers and monitor muscle 203 

recovery in individuals with diabetic polyneuropathy [17]. It has also been applied in patients with myotonic 204 

dystrophies, and its effectiveness has been tested in these specific conditions [18]. Additionally, studies have 205 

introduced the motor unit number index (MUNIX) [23], exploring its principles and applications for both healthy 206 

individuals and those with motor neuron disease. Also, the use of high-density surface electromyography (HD-207 

sEMG) for motor unit number estimation has been investigated and has improved accuracy [27]. 208 

Research on the topography of motor unit action potentials has also contributed to more precise motor unit number 209 

estimation [28]. Finally, recent advancements in high-density surface electromyography decomposition have further 210 

refined motor unit number estimation, enhancing the overall analysis [29]. These studies underscore the progress 211 

made in technology and methodology for assessing motor unit numbers, providing valuable tools for both clinical 212 

and research purposes. 213 

2 Results 214 

This section is divided into three subsections: the first covers multisignal processing and analog-to-digital 215 

conversion; the second shows the relationship between muscle force and MUAP activation; and the third introduces 216 

IEMG, a new noninvasive method as index for CMAP and MUNE. 217 

2.1 Results of multibiosignals processing 218 

The module includes a four-channel surface electromyograph; each channel has two leads (red, green) and a shared 219 

reference electrode (yellow). This setup is connected to another module for signal conditioning and processing. The 220 

raw data are displayed on an oscilloscope, while the digitally integrated data [16][22] are shown in MATLAB, as 221 

illustrated in Fig. 5. The acquired sEMG signals are displayed on a computer with MATLAB software, marking the 222 

first digital visualization process. The digitally IEMG signal generated by the proposed system is presented. The 223 

acquisition stage and the FPGA for the sEMG processing unit are illustrated in Fig. 5, where the system is 224 

interconnected. 225 
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Furthermore, the sEMG processor is connected by an interface with a computer for data analysis in MATLAB, 226 

where the graphical results are obtained, including the digitally IEMG signal and its relationship with muscle force. 227 

The experimental setup also includes a muscle connection and electrode placement on the human knee. This aspect 228 

is particularly important, as electrode positioning and interelectrode distance significantly affect the accuracy of 229 

IEMG measurements for signal indexing helping for the estimation of motor unit number, is a general system for 230 

fundamentals an specific injuries studies. 231 

 232 

Fig. 5. The measurement module is composed of an electrode connected to the femoral muscle. Analog signals are shown in the oscilloscope. The 233 

digital integrated sEMG signals are shown on the computer. 234 

Each of the sEMG signals of the four channels are conditioned, captured and summed through the integrator 235 

configuration to generate an IEMG signal via an integrator and then digital processing, as illustrated in Fig. 6 and 236 

described in equation (5). 237 

 238 

Fig. 6. An integrated amplifier adds the voltage amplitude of every MUAP at a specific instant and provides an integrated signal of the lineal 239 

muscle response. The capacitor determines the CMAP time. 240 

Each of the four sEMG biosignals captures variations in the electrical potential produced by muscle cells when 241 

activated, each one in a particularly position of muscle. 242 
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At this stage, the circuit performs a mathematical operation by calculating the integral of the signals with respect to 243 

time over a defined interval. This process is typically implemented via an operational amplifier configured for 244 

integration, as expressed in equation (5) and (6). Considering ideal conditions, we can eliminate noise and offset it 245 

via acquisition sensor characteristics: 246 

𝑉���#$�%(�) = − 1�� ∫ 𝑉�&'($)(�) ��                                                                                                                                (5) 247 

𝑉���#$�%(�) = 1(8,. 6/0)(1�1) ∫ 𝑉�&'($)(�) ��                                                                                                          (6) 248 

where 𝑉�&'($)  is the voltage measured in the muscle, �� is the integration factor and 𝑉���#$�% is the output integrated voltage. 249 

The circuit’s output produces a continuous digital signal that increases over time as muscular effort intensifies and 250 

decreases as the muscle enters a relaxation state, as illustrated in Fig. 7. The integrator accumulates and smooths 251 

MUAPs to generate IEMG biosignals. A clear relationship is observed between the increase in effort and the 252 

corresponding increase in the amplitude of the IEMG voltage signal, where each peak corresponds to a specific 253 

muscle effort [10-14][42]. 254 

Fig. 7 shows the transition between analog biosignal raw sEMG and digital biosignal IEMG and MUAP 255 

segmentation. 256 

 257 

Fig. 7. The integrated signal sample A) shows a RAW sEMG signal, where every peak represents one singular motor unit action potential 258 



 

12 

 

(MUAP), and B) shows the compound muscle action potential, which represents the sum of the MUAPs in a time interval. 259 

The flexion-extension movement in the leg provides a IEMG signal with a voltage amplitude response by the 260 

movement routine. This routine is digitally represented in this specific case by vectors of 1000 samples in 90 261 

seconds define for experiment, as shown in Fig. 8. These signals are processed and presented as four separate 262 

graphs, which represent the integrated sEMG signals and their respective IEMG signals [16][22] from one user 263 

movement in respective muscle function. 264 

 265 

Fig. 8. The four-channel sEMG signals were acquired. Multiple signals are processed. The four sEMG integrated and digital signals are shown. 266 

The four channels system, with the possibility to expand to additional channels if needed. These four channels 267 

provide the experiment with integrated multisignal sEMG, consisting of four IEMGs recorded from different 268 

positions in the rectus femoris. The four multisignals are multiplexed via a time-division algorithm implemented on 269 

the FPGA and are displayed in a single graph, which represents a unique event for each user. The channel function 270 

visualizations are individually shown in Fig. 9. Asynchronous testing on four channel to ensure functionality.  271 

 272 
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Fig. 9. Graphics for each of the four channels shows the electric response of the flexion extension of the leg. 273 

Now in Fig. 10, the user performs a specific exercise, moving the rectus femoris muscle from the sitting position one 274 

with the feet on the ground to position two with the leg extended and flexing the right leg from 90 degrees to 180 275 

degrees, as further detailed in the subsequent figures. The four integrated multisignal IEMGs represent the user's 276 

muscular effort during movement, the extension effort corresponds to an increase in the signal's voltage amplitude, 277 

whereas the relaxation during flexion is associated with a decrease in the voltage amplitude. During the official 278 

experiment, the four integrated multisignals were synchronized for simultaneous recording and analysis, as shown in 279 

Fig. 10 and 11. 280 

 281 

Fig. 10. The flexion–extension movement in the leg is represented by the sEMG integrated signal as a voltage amplitude response. The movement 282 

routine was performed on 1000 samples in 90 seconds. 283 

A sensor with a four-channel arranged matrix is placed on different regions of the rectus femoris muscle. It acquires 284 

four IEMG signals. It functions at a specific location. These signals are displayed as four separate graphs, as shown 285 

in Fig. 11. They illustrate the effort involved in the flexion‒extension of the left leg, with the only variable being the 286 

electrode position. 287 

 288 

Fig. 11. The image shows the graphics of four channels in the flexion‒extension routine movement. These four signals represent the electric 289 

response of the femoral muscle in four different positions in the same movement route. 290 
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2.2 Results of the IEMG characterization 291 

The sEMG muscle behavior illustrated can be compared to the force behavior shown in equation (8), as depicted in 292 

Fig. 12. In the image, we can see how the sEMG increases with the help of integration behavior from the integrator 293 

arrangement [21]. The IEMG voltage increases as individual motor unit action potentials (MUAPs) are recruited, 294 

summed, and convoluted in both amplitude and time, a process that generates the integrated voltage referred to as 295 

IEMG. This relationship is governed by a sequential process where muscle movement triggers the activation of a 296 

specific number of MUAPs. Under controlled initial conditions, this number remains approximately constant until 297 

they are captured by the integrator circuit, which constructs the integrated biosignal. Consequently, as a greater 298 

number of MUAPs processed and summed, the resulting IEMG voltage increases proportionally shown in Fig. 12, 299 

validating the direct dependence between motor unit recruitment and the synthesized signal.300 

 301 

Fig. 12. The voltage sEMG increases as the charge integrator response increases. The sEMG voltage increases with discrete time on the 302 

horizontal axis. 303 

There is a relationship between the sEMG voltage and the force voltage, as shown in equation (7) and equation (8). 304 

𝑉'($) = 𝑉�& ∗ 3−1�      ,       � = �� = 0.0806                                                                                                                       (7) 305 

𝑉89:;<(�) = �1�1 + �2 ∗ 𝑉�&89:;<(�)                                                                                                                                       (8) 306 

where 𝑉'($) is the voltage from the muscle, � is the time, and 𝑉89:;< is the output voltage from the force sensor. 307 

The signal acquisition stage demonstrated high reliability across all experimental trials. The calculated Signal-to-308 

Noise Ratio (SNR) values for the four primary datasets were an average SNR of 14 ± 2.53 Db [44][45]. These results 309 

confirm that the instrumentation stage, centered on the instrumentation amplifier, successfully isolated the 310 

physiological sEMG signals from environmental interference, providing a robust foundation for the subsequent force 311 



 

15 

 

characterization model.  312 

In experiment the user applies force to the sensor, both the force sensor and the muscle are activated, resulting in an 313 

increase in their respective signals, as shown in Fig. 13. A strong linear relationship was observed between the IEMG 314 

signal response and the activation of MUAPs during muscle movement. This relationship is illustrated in Fig. 13, 315 

where the correlation coefficient (r = 0.90764) and the significance level (p < 0.01) indicate a highly significant 316 

correlation. Additionally, the coefficient of determination (R2 = 0.824) demonstrates that the model accounts for 82.4% 317 

of the variance, confirming a robust predictive strength and a clear dependence between the measured variables. 318 

319 

Fig. 13. Force/IEMG relation, in the four graphics from four sensors are shown the increase relation between IEMG and force.  320 

Furthermore, the Root Mean Square Error (RMSE) was employed to validate the predictive model. In this study, the 321 

model estimates the relationship between the IEMG signal and muscle force, as denoted in Equation (9). The 322 

corresponding results are summarized in Table 1. 323 

�>?@ = √∑ (CD−ĈD)2GGH=1                                                                                                                                                           (9)              324 

Where K is a present sample, K̂H is average sample and & is the length of sample vector. 325 

Table 1 326 

nRMSE from results experiment measurements 327 

Sample 1 2 3 4 

nRMSE 10.89% 9.42% 11.88% 10.51% 

 328 

The normalized RMSE (nRMSE) expresses the error on a 0–100% scale. Values between 10% and 20% indicate an 329 

accurate correlation, accounting for the inherent variability of a dynamic experiment. These results reinforce and 330 

validate the proposed model. 331 
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2.3 Results of MUAP indexing 332 

As proposed in this work, the data obtained can be used to estimate the instantaneous number of MUAPs through 333 

equation (7), which represents the sEMG voltage behavior, and equation (8), which represents the force voltage 334 

behavior. Under optimal conditions, the muscle will maintain an increased voltage in both signals, the sEMG and 335 

force when the muscle’s sEMG increases from its minimum voltage to its maximum voltage, as shown in Fig. 14. 336 

By analyzing the system gain and MUAP, as shown in Tables 3 and 4, virtual MUNE can be estimated. A virtual 337 

number can show an excelent idea from muscle behavior not a exact quantity.  [16-20]. 338 

To ensure experimental accuracy, several critical conditions must be strictly controlled, including the time to fatigue 339 

and capacitor charging intervals, the system offset, and the initial supply voltages. Furthermore, maintaining a 340 

constant sEMG gain and standardizing electrode dimensions, materials, and positioning is essential to guarantee the 341 

reproducibility and validity of the recorded physiological data. Strict control over these parameters is vital, as minor 342 

variations can compromise the accuracy of all subsequent calculations. By maintaining these factors, the experiment 343 

ensures reliable results for the proposed virtual MUNE calculation method during femoris flexion–extension, 344 

utilizing the optimized IEMG-to-force relationship defined in equation (10) 345 

𝑉#$�%(�) = ∑ 𝑉�&'($)(�)∆�                    N
�=0                                                                                                                               (10) 346 

where 𝑉�&'($)  is the input muscle voltage, 𝑉#$�% is the output integrated voltage from the instrument and t is time. 347 

348 

Fig. 14. The voltage amplitude of the MUAPs is approximately 1 mV, with a 10 ms duration in the minimum range and 14 ms in the maximum 349 

range. Mathematically, the recruitment from 10 ms is approximately 5.7 MUAPs, and the recruitment at 14 ms is 8 MUAPs. The system gain is 350 

11 times the sEMG voltage generated by the muscle, meaning that the final CMAP is divided by that gain to obtain the final number of MUAPs. 351 

2.4 IEMG biosignal analysis and virtual MUNE 352 
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IEMG signals from seven participants were measured and recorded in Tables 2 and 3. The IEMG, which includes 353 

specific data from every participant, was used to calculate the virtual MUNE. Virtual MUNE (vMUNE) was 354 

obtained via numeric calculation. for every participant with their corresponding IEMG, gain and MUAP recruitment 355 

in the maximum and minimum ranges. We can observe the MUAP calculation from 10 ms of system gain, IEMG 356 

and vMUNE from seven participants in Table 2. Table 3 shows the MUAP calculation from 14 ms of the system 357 

gain, IEMG and vMUNE from seven participants. In both cases, the gain from the system is 11. 358 

Table 2. 359 

Motor unit number estimation from the 10 ms MUAP duration 360 

 361 
Table 3. 362 

Motor unit number estimation from the 14 ms MUAP duration 363 

 364 

The virtual numbers estimated for every user for the MUNE results are shown in Fig. 15. We can observe the values 365 

from every participant in the range from the minimum to the maximum vMUNE. For the graphical results, the 366 

minimum 10 ms and maximum 14 ms MUAP durations were used. 367 

 368 

Fig. 15. Motor unit number estimation for seven participants, with specifications from theoretical sEMG information and system design. 369 

3 Comparison and Discussion 370 

Table 4 presents the virtual MUNE values reported by several authors cited in this article, with the aim of 371 

correlating their results with the methodology proposed here. A certain convergence among the values can be 372 
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Sample 1 2 3 4 5 6 7 

MUAP (mV) 0.00403 0.00403 0.00403 0.00403 0.00403 0.00403 0.00403 

IEMG (V) 4.428710 4.667968 3.75 4.394531 4.077148 4.560546 4.677734 

vMUNE 99.9032 105.3004 84.59282 99.13221 91.97266 102.8772 105.5207 

Sample 1 2 3 4 5 6 7 

MUAP (mV) 0.00287 0.00287 0.00287 0.00287 0.00287 0.00287 0.00287 

IEMG (V) 4.428710 4.667968 3.75 4.394531 4.077148 4.560546 4.677734 

vMUNE 140.282 147.8609 118.7836 139.1995 129.1462 144.4582 148.1702 
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observed; however, it is important to emphasize that each method differs from the others in terms of signal 373 

acquisition and conditioning, the processing techniques employed, and the visualization approach. Notably, 374 

differences result from electrode positioning and the specific muscle monitored. Therefore, the significance of each 375 

contribution lies primarily in the application of the method, the technique, and the measurement instrument. 376 

Table 4. 377 

Comparison of studies. 378 

Method Invasive Stimulation vMUNE Approach Method 

Sorensen [16] No Yes 150 0.980 

MScanFit CMAP scan, 

noninvasive, incremental 

stimulation 

Kristensen [17] No Yes 110 0.748 
MScanFit, using electrical 

stimulation for MUNE 

Schneider [18] No Yes 73-109 0.741 
MScanFit in dystrophies, electrical 

stimulation 

Van Dijk [27] No Yes 271-290 0.014 
MUNE by HD-sEMG, electrical 

stimulation used 

Peng Y [29] No Yes 191 0.701 
MUNE by HD-sEMG, electrical 

stimulation used 

Arnold [33] Yes Yes 278 0.112 Invasive technique with electrodes 

Chen [34] No No 118.1 0.797 
MUNE without stimulation or M-

wave recording (noninvasive) 

Goker [40] No Yes 300 0.041 

Study with simulations, 

CMAPmax-MUNE relationship, 

stimulation used 

In this work No No 85-147 1.00 
sEMG Integrated Multisignals 

(CMAP), noninvasive. 

This study proposes an approach for the characterization of muscle behavior through the integrated multisignal 379 

(IEMG) of multichannel surface electromyography (sEMG) signals, force measurements, and virtual motor unit 380 

number estimation (vMUNE) by utilizing an array of electrodes. Compared with conventional systems, this method 381 

captures a more extensive set of electrical, dimensional, and geometric information, as explained in [1-3], [5] and 382 

[35], and provides a review of the main surface electromyography (sEMG) configurations and some of their key 383 

characteristics, forming the foundation for a research database and providing a detailed analysis of muscle activity. 384 

The study highlights a direct relationship between the increase in sEMG signal amplitude and the force applied by 385 

the user, similar to those from [16], [18], [22] and [36], where invasive methods are used to generate CMAPs and 386 

are used mainly to address specific disorders. This is achieved by evaluating the sEMG activity of the femoral 387 

muscle and the corresponding force data. Furthermore, some authors, such as [16], [18], [37], and [38], introduced 388 

methods for estimating the number of motor units (MUs) involved in muscle contraction with the integration of 389 

signal IEMG and force voltage data. This enables the estimation of the number of virtual MUs, such as those based 390 
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on action potential characteristics. They identify a relationship in the increasing number of MUs with the increasing 391 

effort of the users. This work with non-invasive techniques reinforces the MU count of invasive methods when 392 

injecting an electrical stimulus presented in [17] and [18] with similar virtual MUs (90-180), but it differs in that 393 

number of MUs in [38] (<20). This is because of the characteristics of the electromyograph configuration, such as 394 

gain, offset, interference, number of electrodes and numeric calculations, along with the physiological parameters, 395 

such as the specific muscle, its dimensions, the area considered and the user. 396 

It is possible to use techniques to determine a virtual number of motor units during a muscle activation process. The 397 

available technology allows for the decomposition of sEMG signals and multichannel arrays, increasing the amount 398 

of information obtained from the muscle. Current studies provide solid support for these results. Each technique, 399 

such as the one proposed in this work and those referenced here, contributes to and reinforces the accuracy of the 400 

calculations. However, as mentioned earlier, this also involves significant challenges that depend on the specific 401 

conditions of the study and the experimental setup [15]. Although vMUAP quantification is an estimation under 402 

controlled circumstances, some studies use a disorder parameter to characterize MUNE. 403 

With specific guidelines, it offers valuable insights into muscle function and fatigue, which can be particularly 404 

useful in physiotherapeutic assessments. The scope of the IEMG and vMUNE methods in here, as well as their 405 

objectives, can vary greatly depending on the application. Therefore, this research provides a clear foundational 406 

context and a very specific objective. The scientific contribution of this research lies in refining the vMUNE 407 

quantification technique, the force-sEMG characterization and the IEMG-effort relation by incorporating numerical 408 

methods for improving accuracy and a low-cost acquisition instrument. The proposed method provides more reliable 409 

estimates of virtual MUs and enhances the precision of motor unit analysis by optimizing key experimental 410 

parameters such as time to fatigue, sEMG gain, and electrode positioning. The physiological specifications, such as 411 

MUAP amplitude and duration, are defined in [19-20], and the instrument for IEMG measurement depends on its 412 

technical construction, such as acquisition, rectification, noise reduction, gain and density of the electrode array, as 413 

defined by the designer. 414 

In summary. The scientific contribution of this research lies in enhancing the accuracy of motor unit estimation by 415 

the following: 416 

-Refining vMUNE quantification through improved numerical methods. 417 

-Strengthening the relationship between the IEMG, MUAP activation and muscular effort. 418 
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-Optimizing experimental parameters such as the time to fatigue, noninvasive electrode placement, and 419 

acquisition settings. 420 

- Low-cost sensor and instrument acquisition design and construction. 421 

This approach has the potential to advance diagnostic and monitoring tools for neuromuscular diseases, offering a 422 

more accurate and detailed understanding of motor unit behavior during muscle contraction. These technologies also 423 

contribute to optimizing the diagnostic process, offering different methods to obtain more information for better 424 

biosignal analysis. The contribution of this approach is that it expands the technological options available for 425 

medical treatments and offers a novel way to generate a femoris characterization and extract quantitative virtual data 426 

(vMUNE) from muscle activity, which is essential for muscle monitoring, treatment and diagnosis. The ability to 427 

prevent quadriceps femoris-related problems through early detection and monitoring is crucial for maintaining an 428 

active and healthy lifestyle. Technologies that offer detailed information about muscle function can complement the 429 

expertise of medical professionals, enabling more accurate evaluations and custom interventions. 430 

4 Conclusion 431 

This work confirms the existence of a correlation between the muscular effort and the generated voltage by 432 

reconstructing integrated signals (IEMGs). These are obtained through noninvasive methods, providing valuable 433 

information from muscle function, such as the virtual motor unit number estimation (vMUNE). By focusing on 434 

muscle characterization and the estimation of virtual motor units (MUs), the results also correlate with the results of 435 

other authors, even though there are differences in acquisition, conditioning, processing, visualization, electrode 436 

positioning and muscle monitoring. This study demonstrates how integrating technology into the physiotherapy 437 

process can improve therapy information parameters to improve medical practices. The world needs more accessible 438 

technologies for health care treatment to improve quality of life and save more lives. 439 

5 Methods 440 

The components shown in Fig. 16 illustrate the system’s architecture, integrating sensors, processing, and 441 

visualization blocks. Signal acquisition is performed by the instrumentation amplifier, selected for its high CMRR 442 

(83–96 dB) [43] and low-power characteristics ideal for biopotentials. The processing block utilizes FPGAs for 443 

biosignal multiplexing and high-speed processing to reconstruct the four sEMG integrated signals (IEMG). A central 444 

objective is analyzing the IEMG‒Force correlation during rectus femoris flexion‒extension routines, providing a 445 

continuous profile of muscle effort. MATLAB algorithms then apply numerical and statistical tools to calculate a 446 
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virtual MUNE (vMUNE) via this non-invasive approach. Furthermore, the software environment manages data 447 

visualization, plotting the integrated signals alongside the estimated number of activated MUs and their 448 

corresponding statistical results. This integrated framework ensures that raw physiological data is transformed into 449 

actionable diagnostic metrics through robust mathematical validation. By synchronizing high-fidelity hardware 450 

acquisition with advanced computational analysis, the system achieves a reliable characterization of motor unit 451 

recruitment patterns. 452 

 453 

Fig. 16. a) Acquisition stage, b) signal analysis and c) signal display 454 

This investigation has led to the development of a system for the acquisition and processing of dimensional, spatial, 455 

and electrical data, with a focus on the relationship between the rectus femoris force and the integrated IEMG digital 456 

signal. The proposed system estimates motor units on the basis of basic parameters of the action potential, such as 457 

the amplitude and duration of MUAPs, which contribute to the amplitude of the IEMGs [19] and [20]. The 458 

integrated sEMG signal [16][22] provides an approximation of the motor neurons involved in generating the 459 

electromyographic signal of the rectus femoris. This phenomenon is directly correlated with muscle function [40], 460 

[41], particularly its crucial role in supporting most of the human body's weight during various activities. 461 

Fig. 17 shows the acquisition results obtained via acquisition sensor, which are then conditioned and integrated with 462 

an operational amplifier array. The integrated analog voltage is then converted to a digital voltage via a 10-bit 463 

resolution analog-to-digital converter (ADC), which is multiplexed and processed in FPGA, and the numeric 464 

calculus, analysis and visualization are computed in MATLAB [7]. 465 
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 466 

Fig. 17. Block diagram of the complete process from characterization and MUAP estimation: a) Instrumentation operation, b) Integrator operation, 467 

c) digital conversion, d) FPGA processing and e) MATLAB processing. 468 

5.1 Acquisition instrument design 469 

The Acquisition involves integrating the signal through the integrator operational amplifier shown in Fig. 18, which 470 

generates the integrated signal (IEMG).  471 

472 

Fig. 18. The muscle voltage is acquired by the operational amplifier INA122 and then amplified in the following stage. In the next stage, the 473 

voltage output is rectified and then integrated by an operational amplifier integrator. In the final stage, the voltage is amplified by a variable POT. 474 

First the circuit is primarily implemented via operational amplifiers connected in sequence, with each 475 

device serving a specific conditioning function. The process starts with the instrumentation amplifier, 476 

ensuring robust signal acquisition with a CMRR of 83–96 dB [43] to effectively minimize common-mode 477 
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noise in the sEMG recordings. The signal is then filtered through a differential configuration to eliminate 478 

noise. The next stage rectifies the voltage amplitude, allowing only positive components to pass. 479 

This process sums the voltages from each muscle fiber during movement; this electronic device is a low-cost sensor. 480 

The system based on the FPGA shown in Fig. 8 digitizes the signal from sensor, multiplexes and processes it to 481 

obtain four signals and expandible as needed. MATLAB saves, visualizes and analyzes the biosignal. The system is 482 

specifically designed to produce a digital output signal that increases over time in accordance with the level of 483 

human effort. 484 

The data are incorporated digitally and displayed on MATLAB plotters, as shown in Fig. 19, corresponding to a 485 

digital biosignal; this biosignal is presented as an increased voltage in time. Table 5 shows important parameters 486 

such as the electrical specifications and basis from processing in the software and hardware. 487 

Table 5. 488 

 Proposed system specifications 489 

Parameter Specifications 

RAW Amplitude 100-300 mV 

Integrated amplitude 0-4 V 

Frequency 50 Hz 

Gain 11 

CMRR 86-93 dB 

ADC Resolution 10-bit 

Channels 4 

Electrode material AgCl superficial 

Electrode ratio 2.5 cm 

Interelectrode distance 5 mm 

Processing Hardware Xilinx Nexys 4 FPGA 

Processing software MATLAB 2024a 

 490 

In addition to the data, the mathematical calculations required for MU estimation include input data such as the time 491 

propagation of the action potential, the action potential amplitude, system information regarding the amplification of 492 

the electromyograph, the time constant of the integrator, and the IEMG signal amplitude. All these factors are 493 

generated by the instrument designed and generate the final result of the virtual MU data estimation. 494 

The fundamental parameters used [19,20] and instrument specifications were considered important in the 495 

experimental protocol and in the final results. It is important to maintain these factors to obtain the same results, and 496 

any change in them alters the outcome. 497 
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 498 

Fig. 19. Four sensors connected to the femoris muscle are used, as shown on the left side of the schematic. Arduino digitalizes the four analog 499 

signals. The FPGA processes four analog signals from sensors. MATLAB computer showing the sEMG digital integrated signal: a) virtual 500 

instrument, b) physical instrument, and c) experimental station.  501 

5.2 Measurement of sEMG biopotentials 502 

The measurement of the sEMG biopotential routine consists of acquiring electrical signals of the rectus femoris 503 

from 7 healthy young persons between 18 and 22 years age to generate a database with information for muscle 504 

characterization. The measurement study protocol from the manuscript was reviewed and approved by the 505 

Institutional Ethics Committee of the Universidad Politécnica de Guanajuato. 506 

sEMG as shown in Fig. 20 signals were recorded using disposable Ag/AgCl electrodes (45X43 mm adult size). The 507 

electrode pairs were positioned differentially over the muscle belly, aligned parallel to the muscle fibers. Due to the 508 

physical dimensions of the sensor pads, an edge-to-edge placement was adopted, resulting in a center-to-center inter-509 

electrode distance (IED) of approximately 45mm. While this distance slightly exceeds the conventional SENIAM 510 

recommendation, crosstalk was minimized by strictly adhering to anatomical criteria to avoid neighboring muscle 511 

boundaries and innervation zones, ensuring a reliable macro-sEMG representation for the force-activation 512 

relationship characterization. 513 

The routine begins with four bipolar channels in the matrix positioned in the quadriceps femoris on every person, as 514 

shown in Fig. 21 and Fig. 22. They proceeded to extend and flex the knee over a 90 second period, and this 515 

procedure was repeated three times in each experiment. 516 
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The movement protocol involves the extension and flexion of the left leg of users without load, performing 517 

continuous and constant movement between 0 and 90 degrees at the knee joint, as shown in Fig. 10 and 11. 518 

 519 

Fig. 20. Electrode matrix mechanical design. Examples of position electrodes in the rectus femoris [32] 520 

 521 

Fig. 21. Movement routine. a) The person was sitting in a chair with knees at 90 degrees to the horizontal. b) Parallel with the horizontal. 522 

 523 

Fig. 22. Movement routine. The person was sitting in a chair with knees in maximum extension. a) Participant 1. b) Participant 2 524 
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