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Abstract: This study explores the use of accelerometer signals as the predictors of Rate of Torque
Development (RTD) using an artificial neural network (ANN) prediction model. Sixteen physically
active men participated (29 ± 5 years), performing explosive isometric contractions while acceleration
(ACC) signals were measured. The dataset, comprising ACC signals and corresponding RTD values,
was split into training and testing (70–30%) sets for ANN training. The trained model predicted the
peak RTD values from the ACC signal inputs. The measured and predicted peak RTD values were
compared, with no significant differences observed (p = 0.852). A strong linear fit (R² = 0.81), ICC = 0.94
(p < 0.001), and a mean bias of 30.8 Nm/s demonstrated almost perfect agreement between measures.
The study demonstrates the feasibility of using accelerometer data to predict peak RTD, offering a
portable and cost-effective method compared to traditional equipment. The ANN prediction model
provides a reliable means of estimating RTD from ACC signals, potentially enhancing accessibility to
RTD assessment in sports and rehabilitation settings. The findings support the use of ANN models
for predicting RTD, highlighting the potential of AI in developing performance analysis tools.

Keywords: rate of force development; artificial neural network; accelerometer; sports performance

1. Introduction

Rate of Torque Development (RTD) is a crucial metric that assesses an individual’s
ability to rapidly generate strength—also known as explosive strength [1–3]. RTD has been
categorized as early (≤100 ms) or late (≥200 ms) [4,5]. The former is mainly affected by
mechanisms involving neural activation transmitted by motor neurons to muscles [1,2,5–7],
and the latter is strongly linked to maximal strength and is influenced by similar underlying
mechanisms [4,8,9]. Consequently, a higher RTD indicates a faster and more efficient
neuromuscular response, determined by motor unit activation rate (i.e., higher neural drive
increases the explosive capacity) and muscle morphology (i.e., muscle thickness and muscle
architecture) [1,10–12]. RTD extends our capacity to evaluate the maximal force-generating
capacity and plays a pivotal role in activities requiring quick muscle contractions and
short-duration execution, such as jumping, sprinting, or weightlifting [13–17], as it reflects
the muscles’ capability to swiftly generate force during the very initial phase of muscle
contraction [1,2]. Also, RTD is often associated with enhanced athletic performance, injury
prevention, and return to sport readiness [18–27].

Thus, by incorporating a time-restricted framework for strength generation, RTD
enhances our understanding of muscle force production by examining how someone can
respond appropriately to external stimuli and adjust their motor responses during specific
events. A quick motor adaptation could be a key factor not only in enhancing performance
but also in preventing injuries by theoretically improving dynamic joint stabilization and re-
ducing the risk of orthopedic injuries, such as anterior cruciate ligament tears. Furthermore,
measuring RTD in general clinical populations can provide insights into the rehabilitation
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progress and functional capabilities of patients recovering from musculoskeletal injuries or
neurological disorders. Therefore, monitoring RTD can serve as a valuable diagnostic and
prognostic tool in both, sports medicine, and physical therapy [28,29].

Measuring RTD typically demands specialized equipment such as an isokinetic dy-
namometer or load cells [2,30,31]. It is a fact that relying on an isokinetic dynamometer is
a costly and laboratory-based choice. However, while this option may suit major sports
institutions, scheduling an evaluation session remains a logistical challenge to balance with
training sessions. Although load cells are relatively less costly and can be used in the field,
they still face technical struggles regarding signal processing—including onset detection—
and data extraction. In fact, to the best of our knowledge, there is currently no commercially
available tool for generating RTD indexes in real-time [31], and the torque x time signal
requires post-processing by a digital signal processing expert, limiting its accessibility to
sports practitioners. Those factors are barriers to the widespread use of RTD for sports and
the general population. Thus, our work looks at creating the opportunity to investigate
viable alternatives for measuring explosive strength capacity.

Inertial sensors, particularly accelerometers, are capable of measuring acceleration
or vibrations and are widely accessible nowadays [32,33]. Accelerometers are specifically
designed sensors to measure linear acceleration (ACC). These sensors are commonly
found in devices such as smartphones and fitness trackers [34,35]. In human performance
sciences, accelerometers are utilized to monitor and analyze human movement patterns,
providing valuable insights into activities like walking, running, jumping, and other
physical activities [33,36]. They can measure acceleration in multiple axes—typically
the x, y, and z axes—allowing for a comprehensive analysis of motion dynamics. An
accelerometer placed on the segment moved by a muscle can provide information about
muscle contraction, including initial force production. Considering that RTD is measured
as torque per unit time (e.g., Nm/s), it can be considered analogous to a velocity measure.
During explosive contraction testing, it is expected that the evaluated individual produces
the maximum force in an isometric task in the least time, increasing from total rest (relaxed
muscle). This rapid increase in force leads to a corresponding sudden increase in limb
acceleration. Thus, theoretically, accelerometers can provide an indirect but informative
signal about explosive force production. If possible, using accelerometers to indirectly
measure RTD offers advantages in terms of accessibility, cost-effectiveness, and ease of use
compared to traditional methods that require specialized equipment.

The implementation of such a system has the potential to be transformative, enabling
more precise monitoring and the optimization of explosive strength training routines.
Specifically, the integration of real-time data analysis through portable technology can
facilitate immediate feedback and dynamically adjust training parameters to maximize
performance gains while minimizing the risk of injury.

With the current increase in accessibility to Artificial Intelligence (AI), attributed to
the popularization of the technique and the increase in computing power, it has become
possible to utilize AI for the development of new performance analysis tools [37]. In this
context, an artificial neural network (ANN) prediction model can be employed to predict
the RTD from ACC signals. ANNs are computational models inspired by the structure
and function of the human brain, capable of learning complex patterns in data [37]. The
ANN can be trained on a dataset comprising ACC signals as input and corresponding RTD
values as output, using a supervised learning approach. Then, the trained model can be
used to predict RTD values from ACC signal inputs.

This study explored the use of accelerometer signals as predictors of peak RTD using
an ANN prediction model. We chose the peak RTD because it is not affected by the onset
determination and reflects the maximum explosive capacity. Specifically, a dataset was
used to train an ANN using a supervised learning approach. The prediction model was
then used to predict the peak RTD and compare the measured and predicted values. We
hypothesized that the accelerometer signal could predict the RTD signals.
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2. Materials and Methods
2.1. Participants

A convenience sample of 16 physically active men (mean age ± SD: 29 ± 5 years, body
mass: 83 ± 11 kg, height: 177 ± 11 cm) with experience in strength training was recruited for
the study. The participants were selected based on their familiarity with strength training
routines, ensuring a level of expertise in the exercises being assessed. The exclusion criteria
included a history of lower limb or spine orthopedic surgery, as well as any pre-existing
pain that could interfere with the assessments. Additionally, the individuals with recent
(less than 1 year) lower limb joint or muscle injuries were excluded from participation to
ensure the integrity of the data collected. The study protocol was approved by the local
ethics committee for human experiments, ensuring that all the procedures adhered to the
ethical guidelines and standards. Prior to participating in the study, all the participants
provided written informed consent, indicating their understanding of the study procedures,
potential risks, and benefits. This ensured that the participants were fully aware of their
involvement and consented to take part in the research.

2.2. Experimental Protocol

All the participants attended the laboratory for two sessions. Each testing session
lasted approximately 60 min, allowing sufficient time to explain and execute the assess-
ments. To minimize potential fatigue effects and ensure consistency in performance, the
time elapsed between the two sessions ranged from 2 to 7 days, providing ample recovery
time for the participants. During the testing sessions, the participants engaged in a series
of explosive isometric contractions targeting the knee extensors. Concurrently, we recorded
the ACC signal.

2.3. Explosive Isometric Contractions (Strength and Acceleration Signals)

Explosive knee extensor strength was assessed using an isokinetic dynamometer
(Humac Norm II, CSMI, USA). The participants performed three explosive MVCs of ~3 s at
60◦ of flexion (0◦ = full extension), interspersed by rest periods of 30 s. The participants
were consistently instructed to produce force “as fast and hard as possible” during the
explosive MVC and to keep the maximum effort as long as requested by the examiner. To
minimize the dampening effect occurring at the interface between the shin and the lever, and
simultaneously to avoid pain, a standard soccer hard shin guard was used [1,22]. Our group
has used this same procedure in previous investigations [1,10,16,22]. An accelerometer
(EMG 830c®, EMG System do Brasil, São José dos Campos, SP, Brazil) was placed on the
shin guard to measure ACC signals in the x, y, and z axes (measured in g, Figure 1). Both
torque and ACC signals were sampled at 1 kHz and synchronized (EMG 830c®, EMG
System do Brasil, São José dos Campos, SP, Brazil). Both the right and left limbs were
tested randomly.Appl. Sci. 2024, 14, x FOR PEER REVIEW  4  of  11 
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Figure 1. Illustrative image demonstrating the accelerometer placement during the explosive strength
assessment. The accelerometer was fixed on the shin guard, with detailed orientation along the x, y,
and z axes.
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2.4. Signal Processing and Dataset Organization

The signals were smoothed using a Butterworth 4th order lowpass, 50 Hz cut-off
frequency, zero-lag [1]. The torque signal onset was automatically identified and visually
checked using a 1 Nm threshold [1,22]. Then, the RTD signal was calculated using the
torque signal first derivate. The RTD and ACC signals were cropped using the onset as a
reference. A period of 500 ms was included before and after the onset to equalize the signal
length (1000 samples). Both the right and left limbs from the two testing sessions were
used to create the dataset with a total of 192 signals (16 participants × 2 limbs × 3 MVCs
× 2 sessions).

2.5. Deep Learning

We utilized an artificial neural network (ANN) approach to predict the RTD signal
from the ACC signal. To ensure robust model performance, the dataset was split into
distinct training (70%) and testing (30%) sets, allowing for the rigorous evaluation of the
predictive capabilities of the model. The architecture of the neural network model, as
outlined in Table 1, was designed to capture the intricate dynamics between the ACC
and RTD signals. It comprised multiple dense layers equipped with rectified linear unit
(ReLU) activation functions, known for their ability to introduce non-linearity into the
model, thereby capturing complex patterns in the data. The model culminated in a final
linear activation output layer, facilitating the prediction of RTD values based on the input
ACC signals.

Table 1. Artificial neural network model summary.

Layer Output Shape

Input [3, 1000] ACC (x, y, and z)
Dense (ReLU) [3, 9000]

Flatter [27,0]
Dense (ReLU) [9000]
Dense (ReLU) [6000]

Output [1000] Predicted RTD

To optimize model training, we employed the mean squared error loss function and
stochastic gradient descent optimizer, ensuring efficient convergence towards optimal
model parameters. The training process involved iteratively updating the model param-
eters using batches of data, with a batch size of 20 and 1000 epochs to iteratively refine
the model’s predictive performance. Following model training, the prediction model was
applied to the testing set, comprising a subset of the dataset (n = 58), to assess its gener-
alization ability to unseen data. To enhance the smoothness and clarity of the predicted
signals, a low-pass, 4th-order Butterworth filter with a 50 Hz cut-off frequency and zero
lag was applied. This filtering process helped to mitigate noise and artifacts, ensuring the
reliability of the predicted RTD signals. The implementation of the ANNs was carried
out in a Python environment using TensorFlow and Keras libraries. The computational
resources utilized for model training included a Google Collaboratory Notebook with a
CPU-based backend boasting 12 GB of RAM, ensuring sufficient computational power for
complex model computations. Further analyses were then performed using the signals.

2.6. Rate of Torque Development

We calculated the peak RTD (maximum instantaneous values) from the measured
signals (using the isokinetic dynamometer) and the predicted signals (from the ANN).
We chose the peak RTD due to its widespread use in the literature and its consistent
measurement [38] and because it is not affected by onset fluctuations.
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2.7. Statistical Analysis

Both the measured and predicted peak RTD were normally distributed (tested using
the Shapiro–Wilk test, both p > 0.05). The measured and predicted RTDs were compared
using a paired t-test. The linear fit, relationship, and agreement levels were accessed using
linear regression analysis, intra-class correlation (ICC2,1), and Bland–Altman plots. The
ICC values classified as less than 0.5 were indicative of poor reliability, values between 0.5
and 0.75 indicate moderate reliability, values between 0.75 and 0.9 indicate good reliability,
and values greater than 0.90 indicate excellent reliability [39]. For all analyses, the alpha
was set at 5%. The statistical analyses were implemented using Pingouin (version 0.5.4)
and graphics were generated with Matplotlib for Python (version 3).

3. Results

All the participants completed the two sessions of testing. Figure 2 depicts the mea-
sured and predicted signals obtained. It is possible to see a clear overlapping between
the measure and AI-predicted signals. The peak RTD analysis revealed no significant
differences between the measured (3506 ± 932 Nm/s) and predicted (3476 ± 809 Nm/s)
peak RTDs (p = 0.852, Figure 3). Furthermore, the analysis revealed a strong linear fit
(R2 = 0.81, Figure 4) and almost perfect agreement, as indicated by an excellent ICC = 0.94
(p < 0.001) and a lower mean bias (30.8 Nm/s, less than 1% of the peak RTD observed
values) between the measured and predicted values (Figure 4).
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Figure 2. Measured and predicted RTD signals. The solid and dotted lines represent the measured
and predicted RTD signals, respectively. The shaded areas around each line indicate the standard
deviation. The overlap between the signals suggests a degree of correspondence and highlights
the RTD prediction model capabilities from the ACC signals. The gray shaded area highlights the
window between onset and peak RTD.
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Figure 3. Measured and predicted peak RTD. Boxplots were used to demonstrate the measured
and predicted peak RTD data. The circles represent the individual observed values. The mean and
standard deviation are included to aid in interpreting the image. The p-value obtained from a paired
t-test was not significant.
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Figure 4. Linear fit and limit of agreements measured vs. predicted peak RTD. (Left panel): The
scatter plot showing the linear relationship between the measured and predicted peak RTD. The solid
line represents the best-fit line described by the equation y = 1.03x + 76.06, indicating a strong linear
correlation (R² = 0.81). The ICC (Intraclass Correlation Coefficient) value of 0.94 signifies excellent cor-
relation between measures. (Right panel): The Bland–Altman plot assessing the agreement between
the measured and predicted peak RTD. The mean difference is indicated by the solid line (Mean
bias = 30.75 Nm/s), with the dashed lines representing the limits of agreement at ±1.96 standard
deviations, suggesting that most differences fall within these bounds.

4. Discussion

This study explored the prediction of peak RTD from a 3-axial ACC signal during
knee extensors explosive MVCs using an ANN prediction model following a supervised
learning approach. As hypothesized, the ACC signal demonstrated a reliable source of
information to indirectly measure the RTD-based. In fact, our AI prediction model was
able to successfully predict the peak RTD values. These preliminary observations highlight
the potential use of accelerometers as an alternative for measuring RTD, offering several
advantages over traditional methods (e.g., testing logistics, cost).
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Although RTD is recognized as an important variable regarding neuromuscular func-
tion [1,2] and is highly associated with human performance [14–16,22], the need for special-
ized equipment and personnel remains a barrier to widespread adoption for field-based
measures [2,31]. This limitation extends beyond sports and athletic contexts to clinical
settings, where deep neuromuscular assessments could benefit populations such as se-
niors [40,41]. On the other hand, accelerometers are widely accessible and cost-effective,
making them a practical tool for assessing neuromuscular function in various settings [42].

Wearable sensors have undergone significant technological advancements, resulting
in reduced size and power requirements, improved wearability, and enhanced data quality
and variety [43]. These advancements have facilitated the application of wearable sen-
sors to address critical clinical challenges affecting human health. In fact, ACC signals
have been utilized in a wide application regarding predicting physical activity levels and
biomechanical variables through deep learning techniques [44–46].

In this study, we demonstrated that a relatively simple ANN architecture was able to
predict the peak RTD from ACC signals with high precision. Deep learning techniques
offer several advantages over traditional statistical approaches when developing prediction
models for complex datasets [47]. One key advantage is their ability to automatically
learn and extract intricate patterns and features from raw data. Another advantage is the
scalability and flexibility of deep learning models [37]. They can effectively handle large
volumes of data and capture nonlinear relationships between variables, which may be
missed by traditional statistical methods. Additionally, deep learning models are robust
to noisy data and can adapt to new data patterns, making them suitable for real-world
applications where data may be incomplete or noisy [48].

As mentioned earlier, we selected the peak RTD to analyze the present dataset. The
rationale behind this choice is directly related to the onset determination in time-based
RTD measurements (e.g., 0–50 ms) [2]. Various approaches have been proposed, including
both automatic and visual/manual methods [2]. Currently, the visual/manual approach is
considered more reliable, especially for checking countermovement before an explosive
contraction [2]. Using the peak RTD avoids the onset determination issue because it
represents the instantaneous maximum value and does not depend on a specific time from
the contraction onset. Therefore, when considering a practical and automated tool for
measuring explosive strength in the field, the peak RTD emerges as a good candidate.

Although the present study provides valuable new insights, this study has some
limitations. We used a relatively small dataset of signals and a limited training and testing
setting for the ANN prediction model. The model was trained and tested on a single
dataset, which may not fully capture the variability in RTD across individuals and for
different performance levels. Using a larger and more diverse dataset for ANN training
could improve the robustness of the model and its ability to generalize to new datasets
or populations. Also, our data was limited to the peak RTD due to its widespread use,
and consistent measurement [38]. Future studies should amplify the scope and include
different time-based RTD measures (e.g., 0–50 ms) to explore differences underneath me-
chanical and neural variables well known to be linked to early and later RTD. Furthermore,
future investigations could utilize a longitudinal design to track RTD changes over time in
response to training interventions or rehabilitation programs using our approach. Lastly,
the integration of real-time feedback systems into training environments holds promise
for optimizing performance and minimizing injury risk. Further research could focus on
developing and validating such systems and exploring their efficacy in various athletic and
clinical settings. Additionally, investigating the long-term effects of implementing real-time
feedback on performance outcomes and injury rates could provide valuable insights into
its practical utility and effectiveness. In summary, while our study represents a significant
step forward in understanding RTD and its implications, there are numerous opportunities
for future research to expand upon these findings and advance our knowledge in this field.
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5. Conclusions

This study investigated the use of accelerometer signals as the predictors of peak
RTD using an ANN prediction model. The results demonstrate that the accelerometer
signal can effectively predict the peak RTD, with no significant differences between the
measured and predicted values. The ANN model showed a strong linear fit and almost
perfect agreement between measured and predicted values, highlighting the potential of
using accelerometer data for RTD prediction. This approach could lead to the development
of a standalone device for direct RTD measurement from accelerometer data, offering
advantages in portability and accessibility for sports practitioners and researchers. Overall,
this study contributes to the understanding of RTD assessment and opens avenues for
future research in this area.
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