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ABSTRACT Biomechanical motion analysis in a virtual cycling environment through the inertial
measurement units (IMU) forms a specific approach to movement assessment, integrating accelerometric
and gyrometric sensors. The paper provides comprehensive data for evaluating physical activity, monitoring
rehabilitation exercises, assessing neurological conditions, and detecting cardiological abnormalities. The
dataset comprises 50 experiments and recordings from five distinct virtual cycling tours with varying altitude
profiles, collectively spanning over 1,100 kilometers. The proposed methodology includes automated
segmentation of cycling routes based on slope variation, extraction of statistical and frequency features
from physiological, accelerometric, and gyrometric signals, and their subsequent classification using signal
processing and computational intelligence techniques. Analysis of 3,526 segmented intervals revealed
significant correlations between heart rate variations and slope gradients, as well as estimations of motion
symmetry coefficients relevant to biomechanical assessment. The classification accuracy reached 95.5%
for motion and physiological features, and 85.6% for gyrometric data using the two-layer neural network
model across different slope conditions. The findings demonstrate the potential of hybrid systems combining
wearable sensors and virtual environments for advanced motion analysis. This work underscores the
applicability of general-purpose digital signal processing methods and machine learning algorithms in the
multichannel analysis of physiological data, with applications in neurology, rehabilitation, and telemedicine.

INDEX TERMS Virtual cycling, computational intelligence, biomechanical motion analysis, wearable
sensors, accelerometers, physical activity monitoring, detecting neurological disorders, rehabilitation.

I. INTRODUCTION

Analysis of motion patterns forms a broad research area
essential for the detection of neurological disorders, mon-
itoring of physical activities, evaluation of rehabilitation
exercises [1], [2], and assessment of sports achievements [3],

The associate editor coordinating the review of this manuscript and

approving it for publication was Ramoni Adeogun

[4]. Data for mathematical analysis can be recorded in
natural or hybrid environments. The present paper utilizes a
virtual cycling platform (such as TACX, Zwift, or Wahoo),
which enables exercises to be performed under conditions
closely resembling real-world scenarios [5], [6], [7]. Addi-
tional sensors, including accelerometers, gyrometers [8],
[9], [10], [11], and heart rate (HR) monitors [12], [13],
can be integrated to form hybrid systems that facilitate
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FIGURE 1. Selected routes for virtual cycling data analysis, presenting (a) three-dimensional profile of the Amalfi coast cycling virtual tour with the
mapping environment, (b,c,d) associated signals presenting the altitude profile, speed, and heart rate, and (e) three-dimensional profile of the Asvo
route around the Attersee lake acquired during virtual cycling using the TACX smart trainer system for motion analysis at segments with different

slopes.
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FIGURE 2. The set of images from the video record of the Asvo route
around the Attersee lake acquired during virtual cycling using the TACX
smart trainer system, presenting (a) virtual cycling, (b) a sample of
accelerometric, and (c) gyrometric data.

the acquisition of signals for a more detailed analysis of
biomechanics, posture, and muscle engagement. Such time-
synchronized, multichannel systems can be processed using
general digital signal processing (DSP) techniques [14],
supported by computational and artificial intelligence (AI)
methods [15], [16].

An extensive research is devoted to the use of inertial
measurement units (IMU) in the study of human kinematics
and kinetics [17], [18]. These studies present results for
different positions of IMU sensors [19], [20] on the neck,
thorax, pelvis, hip, knee, and ankle for data acquisition in
many cases. The methodologies of data processing include
the use of digital signal processing and artificial intelligence
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applications for noise suppression, activity recognition,
symmetry detection, machine learning, and classification.
Specific case studies demonstrate a virtual reality (VR)
environment combined with wearable sensors. A wide range
of applications in neurology and rehabilitation [21] is devoted
to the detection of neurologic disorders, studies of similarities
between the muscle synergies during walking and pedaling,
monitoring of rehabilitation exercises, and evaluation of the
fitness level.

Rapid technological progress enables the use of sophis-
ticated wearable sensors that can record accelerometric,
gyrometric, depth, thermal, visual, and positioning signals
and images for data acquisition. Interdisciplinary compu-
tational and AI methods can then be applied to motion
analysis [22], [23] in the time, frequency, and scale domains
to detect motion features associated with various external
conditions and the individual’s fitness level, supporting the
classification of motion habits and potential motion disorders.
Deep learning techniques often integrate pose estimation with
signal processing methods [24].

Inertial measurement units provide motion performance
indicators [27] that are important for tracking cyclists and
assessing their fitness levels, as well as for monitoring phys-
iological functions [28], including heart rate responses under
various environmental conditions. They are also valuable for
detecting movement disorders relevant to neurology [29],
brain health [30], and mental dysfunctions [31]. Numerous
research studies focus on capturing biomechanics [32], [33],
[34] in clinical and laboratory settings to enhance motion
performance and reduce the risk of injury [35].

This paper is based on data acquired using a home smart
trainer [25], [26], which enables data collection during
virtual routes, as presented in Fig. 1, projected on a screen
in front of the individual. The cycling load is determined
by the route profile, allowing for the acquisition of data
closely resembling that recorded during real-world cycling
experiments. Figure 2 presents a set of images from a video
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FIGURE 3. Results of segmentation of the selected Amalfi Coast virtual cycling tour, presenting (a) route segments with three different route slopes with
their boundaries detected as local extrema of the altitude signal, (b) global statistics of the route with the numbers of segments belonging to specified
mean slope values, and (c) distribution of selected features, including the speed and the heart rate related to different slopes acquired during one

experiment of virtual cycling.

recording of the selected virtual route, along with a sample
of the corresponding accelerometric and gyrometric data
collected during the virtual cycling experiment.

The goal of this study is in investigation of (i) multichannel
motion and physiological data acquisition, (ii) segmentation
of real routes into regions with selected average slopes,
(iii) analysis of mean heart rate during virtual cycling, and
(iv) detection of features within each segment and their clas-
sification using machine learning tools. The following parts
of the paper include Section II with a description of the data
acquisition system and general methods of data processing,
Section IIT with results of specific experiments, Section IV
discussing results, and Section V with conclusions.

Il. METHODS
A. DATA ACQUISITION
Virtual cycling was performed on a bicycle mounted on
a TACX Neo 2T smart trainer, which recorded virtual
cycling position, speed, and distance during the exercise
without demands for system calibration but with the need
of an Internet connection for virtual position specification.
A Garmin system measured the subject’s heart rate, while
WitMotion WT901SDCL-BT50 sensors recorded accelera-
tion and angular velocity after their calibration at a sampling
frequency of 100 Hz. Figure 2 shows a set of images and a
sample of motion data recorded during a virtual ride around
Lake Attersee, acquired using the TACX smart trainer system.
The selected routes used for virtual cycling data analysis
are shown in Fig. 1. Figures 1(a—d) depict a three-dimensional
profile of the Amalfi Coast virtual cycling tour, including
the map environment and associated signals, such as altitude
profile, speed, and heart rate. Figure 1(e) displays the profile
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Algorithm 1 Altitude Data Segmentation

1) Altitude data resampling using spline interpolation
and time-stamps with the sampling period of 0.5 sec-
onds.
Digital filtering using median and the FIR filter of the
60th order and the cutoff frequency of 0.35 Hz.
The detection of local maximum and minimum
altitudes not closer than 60 seconds for specification
of data segments.
Evaluation of mean slopes in separate segments as
the ratio of altitude data differences and the sampling
period.
Detection of segments in 3 slope categories of steep
uphill, steep downhill, and flat surface cycling for
further analysis.

2)

3)

4)

5)

of the Asvo route around Lake Attersee, acquired during a
virtual cycling session.

The dataset includes analysis of 50 experimental runs
and data recorded during 5 selected tours with varying
altitude profiles, collectively forming a cycling route of over
1,100 km. The multichannel signals comprise data recorded
by the TACX device and a heart rate sensor. Motion sensors
were connected via the WitMotion desktop application.

Selected signals are available on IEEE DataPort (DOI:
10.21227/dgap-pq18, Virtual Cycling Tours) [36] and
Zenodo repository (10.5281/zenodo.17069366) for further
investigation. These repositories contain signals acquired
by the TACX Neo 2T smart trainer, motion data, and
heart rate sensors in tabular forms with associated
time-stamps.
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Algorithm 2 Motion Data Classification

1) Definition of pattern matrix with the mean speed
and mean heart rate for each segment and associated
target vector that defines class 1 (steep uphill), 2
(steep downhill), and 3 (flat surface).

2) Evaluation of pattern matrix with the mean energy
in the given range of the left and right legs for each
segment and associated target vector that defines
classes 1, 2, and 3.

3) Statistical analysis that specifies mean values and
standard deviation of data of each class and removal
of patterns and targets outside the given limits.

4) Detailed classification of cycling patterns using
machine learning and specific methods, including
neural networks.

5) Estimation of accuracies and cross-validation errors
of selected classification methods.

B. DATA PROCESSING METHODOLOGY

Data processing methods depend on the signal features and
the characteristics of the sensors used for data acquisition.
The database compiled from the present virtual cycling
experiments includes multichannel, time-synchronized sig-
nals consisting of accelerometric, gyrometric, heart rate,
longitude, latitude, altitude, and speed data, all associated
with corresponding time-stamps.

Statistical analysis of the positioning signals was employed
to perform the fundamental route profile analysis. The
initial step in signal processing for each experiment involved
segmenting the route according to the altitude profile and
the detection of its local extremal values. Fundamental
mathematical and computational steps are summarized in
Algorithm 1 for classification into 3 classes. This process was
applied for each route and repetitive exercises, as illustrated in
Fig. 3. The selection of a minimum peak distance (60 seconds
in this case) determined the minimum segment length along
the route. The resulting time series s(/, n)ﬁ:ol for each route
segment / included heart rate, speed, and positioning data.

Individual accelerometric and gyrometric signals were
recorded using tri-axial sensors attached to the left and right
legs above the ankles. These data generated three signal
sequences sx(l, n), sy(l, n), s;(, n)ivz_o1 for both accelero-
metric (/ =1) and gyrometric (/ =2) measurements.
Preprocessing included median filtering of a selected order,
followed by FIR digital filtering to remove noise components
from the signals.

Further processing included processing of separate motion
data components and analysis of their modulus, calculated by
the following relation:

sUm) = \Js: (2 + s, + 5. (D)

with their mean value 5(/) = 25;0] s(l,n)/N. Spectral
components of these signals were then evaluated by the
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discrete Fourier transform:

N—-1
S, k)= Z(S(l’ n) — (1)) e—jkn2n/N )
n=0
for k=0,1,---,N — 1. Frequency domain features were

then calculated as the relative power E,(l, d) for each data
segmentd = 1,2, --- , Qin the frequency band (fcy, fc,) for
each position p of the sensor and route segment / by relation:

NS, k)

where ®,, denotes the set of indices for the spectral
components within the selected frequency range (fcy, fc2).

Values of relative energy for both the left and right sides
of the body were used for the estimation of motion symmetry
and evaluation of motion features used for classification. The
motion symmetry was estimated as the ratio of energy for the
left and right sides of the body by relation:

Epen(l, d)
ERign: (1, d)

Eyl,d)= 3)

Cad) = “)
for each data segment d.

Frequency domain motion features estimated for both the
left and right sides of the body and accelerometric (I = 1)
and gyrometric (I = 2) data were then used for construction
of the pattern matrix

P [ELeﬁ(l, 1) - Erepd, Q)}
"= | Erige(1, 1) -+ Eigni(1, Q)

and target vector T that associated each feature column vector
of matrix P; with class s that specified the slope for the
following classification.

Mean values and standard deviations of features associated
with individual classes were used for the rejection of gross
errors and the removal of associated columns of matrix P;
and vector T'. Values within a selected vicinity of centres of
gravity of individual classes were used for further processing.

The selection of frequency ranges for the evaluation
of features was based upon class separability metric [37]
associated with features evaluated for uphill cycling (with the
mean slope above 3%) and downhill cycling (with the mean
slope bellow —3%). Individual classes with their centres of
gravity were specified by

)

1) the inter-class Euclidean distance dist(l);.qn between
their mean values,

2) the average within-class variability estimated as the
mean of the standard deviations o ({),,eqn Of distances
between individual patterns locations and associated
class centres of gravity.

Class separability ratio SR was then evaluated as

SR(l) _ diSt(l)mean (6)

0 (Dmean

for accelerometric (! =1) and gyrometric (I =2) data.
A higher SR means better separation between the two classes
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TABLE 1. Percentage of excluded features of slope S1 (> 3%) and slope
S$2 (< —3%) for selected multiples of standard deviations for five routes,
selected frequency ranges, and features of accelerometric, gyrometric and
motion (heart rate [bpm] and speed [km/h]) data.

Frequency Percentage of excluded features
Route Range Accelerometry Gyrometry HR/speed
[Hz] S1 S2 S1 S2 S1 S2

0.5t010.0 0.0 0.0 5.2 7.7
05t05.0 0.0 0.0 190 154
! 0.8t02.5 1.7 0.0 155 154 0000
1.5t04.0 1.7 3.8 8.6 11.5
05t 100 14 2.0 10.8 59
0.5t05.0 1.4 2.0 10.1 59
08t025 0.7 2.0 162 11.8
1.5t040 2.0 2.0 11.5  17.6
0.5t010.0 0.0 0.0 14.1 7.7
05t050 00 0.0 152 7.7
08t025 22 0.0 152 7.7
1.5t040 33 0.0 14.1 23.1
0.5t0 100 1.6 0.0 159 145
05t050 0.0 0.0 11.1 8.1
08t025 0.0 0.0 6.4 32
1.5t04.0 1.6 1.6 143 6.5
0.5t010.0 0.0 0.0 149 5.6
05t050 0.0 0.0 18.1  11.1
0.8t02.5 1.7 0.0 149 16.7
1.5t04.0 1.1 5.6 10.6  10.1

0510100 42 06 92 100
05050 31 06 154 141
AI234S - he025 35 12 149 135 04 00

1.5t04.0 09 2.9 10.8 11.2

(relative to spread). This metric is similar to the Fisher
criterion used in linear discriminant analysis.

Machine learning and computational intelligence methods
were further applied. During the learning process, a function
that transforms the space of features P; into the vector
T specifying the classes, both for accelerometric and
gyrometric data, is estimated. The final classification was
performed by Bayesian and support vector machine model.
Results were then compared with the two-layer neural model
using 80% of data for training, 10% for validation, and 10%
for testing.

The evaluation of classification results involved analyzing
the two-class receiver operating characteristic (ROC) based
on the number of true positives TP, false negatives FN, false
positives FP, and false negatives FN. The ROC analysis
is used to calculate the accuracy, defined as the proportion
of total correct predictions (both true positives and true
negatives) out of all predictions made by the model, providing
an overall measure of how well the model performs across
both classes:

TP + 1IN

AC =
TP +TN + FP + FN

N

Verification was done by the evaluation of the 10-fold cross-
validation error that assumes splitting of the whole set into
10 subsets (folds) and the evaluation of errors for each
fold using a model trained for other 9 folds. The 10-fold
cross-validation error is then calculated as their average.
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FIGURE 5. Distribution of the heart rate values related to different slopes
acquired during exercises on five routes with ten experiments of virtual
cycling on each of them.

TABLE 2. Mean values of the heart rate [bpm] for virtual cycling on
Slope1 (> 3%), Slope2 (< —3%), and Slope3 (> —2% & < 2% ) for five
routes.

Mean Heart Rate [bpm]

Route

Slopel  Slope2  Slope3
1 146 141 139
2 152 116 132
3 153 138 142
4 148 130 138
5 152 130 139
All12345 150 131 138

Fundamental signal processing steps that followed data
segmentation are summarized in Algorithm 2.

Ill. RESULTS

Data acquisition was performed using accelerometric, gyro-
metric, speed, and heart rate signals using the methodology
summarized in Algorithms 1 and 2.

Figure 3 shows the results of segmenting the selected
Amalfi Coast virtual cycling tour into three different route
slopes. It also presents global statistics of the route, including
the number of segments and the distribution of selected
features—such as speed and heart rate—associated with the
different slopes, based on one virtual cycling experiment.
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TABLE 3. Separability index of Slope1 (> 3%) and Slope2 (< —3%) for
five routes and their combination for selected frequency ranges for
accelerometric, gyrometric and motion (heart rate HR [bpm] and speed
[km/h]) data with its highest value for each route and their combination.

Frequency range Separability Ratio

Route

[Hz] Acelerometry ~ Gyrometry HR/speed

0510 100 1992 3.041
0.5105.0 2.154 0.803

! 0.8102.5 2.493 2.447 1.657
1.5 t0 4.0 1355 0.070
0510 10.0 7.196 1,764
051050 2.249 0.043

2 081025 1.951 1577 608
1.5 t0 4.0 1.191 0.803
0510 10.0 0.726 0887
051050 0371 0.733

3 0.8102.5 0.114 1343 4712
1.5 t0 4.0 0.542 1.102
0510 10.0 1858 1251
0.5105.0 2216 0.291

4 0.8102.5 2.059 1237 3836
1.5 t0 4.0 0.990 0.074
0510 10.0 1364 1436
05105.0 1.677 0.954

3 0.8102.5 2.134 2334 44
1.5 t0 4.0 0.957 0.511
0510 100 1114 1405
05105.0 1273 0.691

AlI2345 81025 1.317 1705 304
1.5 t0 4.0 0.465 0.438
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FIGURE 6. Distribution of (a) accelerometric and (b) gyrometric frequency
features of virtual cycling on the Amalfi Coast and ten virtual cycling
experiments with means of separate clusters and m-multiples of standard
deviations (for m =0.5,1,1.5).

Table 1 presents the percentage of excluded features
for slope S1 (greater than 3%) and slope S2 (less than
—3%) across five routes and selected frequency ranges
for accelerometric, gyrometric, and motion data (heart rate
[bpm] and speed [km/h]). Feature ranges were defined
around the mean values for each slope. Segments with
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FIGURE 7. Classification of heart rate and speed features by (a) the
support vector machine (SVM), (b) Bayes, and (c) neural network (NN)
method using features of virtual cycling on five cycling routes and ten
virtual cycling experiments for each of them.

TABLE 4. Results of classification by the support vector machine (SVM),
Bayes method, and the two layer neural network (NN) comparing
accuracy and cross-validation (CV) values for the full and reduced data
sets with the highest values in bold.

Classification of the Full Data Set

Data SVM Bayes NN

ACC CV ACC CV ACC CV

HR/Speed 94.6 57 93.7 6.1 94.7 5.6
Accelerometry 82.2 159 82.0 185 82.6 16.6
Gyrometry 824 187 81.5 18.7 824 176

Classification of the Reduced Data Set

HR/Speed 94.8 5.6 93.9 6.1 95.5 5.0
Accelerometry 82.2  16.6 82.6 16.6 83.7 156
Gyrometry 83.1 18.0 832 167 858 147

their values greater or lower than the mean +c-multiple
of standard deviations were removed, using ¢ =3 for
accelerometric and speed data, and ¢ =1.5 for gyrometric
data. Due to the more compact clustering of accelerometric
data, on average only 2% were excluded, compared to
12% of gyrometric data excluded across all frequency
ranges.

Figure 4 shows the distribution of heart rate and
speed at different slopes, based on ten virtual cycling
experiments on the Amalfi Coast. The feature clusters
are well separated, with their centers of gravity aligning
closely along a well-defined approximation line. Figure 5
presents the distribution of heart rate values associated
with different slopes, collected from exercises on five
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routes, each with ten virtual cycling experiments. For a
total of 3,526 segments—after removing gross errors—
mean heart rate values during virtual cycling on three
selected slope categories were evaluated. The mean heart
rate values [bpm] for Slopel (> 3%), Slope2 (< —3%),
and Slope3 (between —2% and 2%) across five routes are
presented in Table 2. These results are consistent with recent
research on heart rate variability in cyclists [25], [38], [39],
[40].

Table 3 presents separability indices for Slopel (>3%) and
Slope2 (< —3%) across five routes, as well as their combined
values, for selected frequency ranges of accelerometric,
gyrometric, and motion data (heart rate [bpm] and speed
[km/h]). The highest separability value for each route and
the overall combination is also highlighted. The separability
ratio is influenced by the route profile, with the highest
value of 3.041 observed for Route 1 using gyrometric
data.

Figure 6 illustrates the distribution of accelerometric
and gyrometric frequency features from ten virtual cycling
experiments on the Amalfi Coast. Frequency features
estimated for the left and right legs were evaluated by
Eq. (5) and the frequency band (fcy, fco) Hz. The selection
of frequency limits of fc; =0.5 and fc, =10 Hz was
based on the highest separability index and results in
Table 3. The gravity centers of the individual clusters are
positioned near the approximation line, all located above
the axis of symmetry. This observation suggests a slightly
asymmetric motion pattern of the individual performing the
exercise.

Figure 7 presents the classification of heart rate and
speed features by the support vector machine (SVM),
Bayes, and neural network (NN) method, over all five
routes and ten virtual cycling experiments, processing 3,526
segments and dividing them into three clusters with different
slopes.

Table 4 presents the results of classifying heart rate,
speed, accelerometric, and gyrometric signal features using
support vector machines, the Bayes method, and a two-layer
neural network for the full set of 3,526 segments and the
reduced set of 2,891 segments. The comparison of accuracy
and cross-validation values indicates that the neural network
classification model achieved the highest performance. The
removal of outliers increased the accuracy and decreased the
cross-validation errors.

IV. DISCUSSION

Inertial sensors for human motion analysis are widely used
to monitor physical performance and everyday movement in
both home and clinical environments. Their multidisciplinary
applications often integrate machine learning techniques and
biomechanical modelling.

This paper focuses on analysis of motion patterns
during virtual cycling across various routes. The pro-
posed experimental setup can serve as a valuable tool
for assessing fitness levels, detecting motion disorders,
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evaluating the risk of cardiovascular diseases, and monitoring
rehabilitation exercises. Differences in spectral components
between the left and right legs during motion may indicate
neuromuscular disorders (including Parkinson’s disease),
walking asymmetries [2], and sport activities level (including
alpine skiing [41]).

Limitations of the proposed method include the necessity
of using the smart trainer, wearable sensors, and communi-
cation links for data acquisition. Further limitations given
by the use of Matlab computational environment can be
eliminated by the proposal of the associated web page.
Additional potential problems include the use of intelligent
methods for the reduction of sensor noise and participants’
variability.

Artificial intelligence can assist in identifying improper
movement patterns during cycling and can be applied in both
professional training and rehabilitation contexts. This paper
is based upon selected motion features, while progress of
deep learning will allow using all raw data and elimination
of frequency bands selection in case of large enough
datasets.

V. CONCLUSION

The present paper follows current trends in the sophisticated
use of wearables, machine learning, and multidisciplinary
applications of digital signal processing. Its specific contri-
bution is in the presentation of the virtual environment that
can replace real-world exercises and provide similar data
for evaluation of the fitness level and estimation of motion
disorders of individuals.

Future research will focus on more advanced computa-
tional intelligence techniques for analyzing signals collected
during virtual cycling. Special attention will be paid to
deep learning, evaluation of an extensive set of individuals,
and scalability of the population. Digital twin models of
cyclists hold another significant potential for simulating
physiological and musculoskeletal responses to personalized
virtual rides, as well as for finding motion anomalies, and
early detection of neurodegenerative conditions. Specific
studies will include proposals of exercises appropriate for
monitoring neurological disorders, rehabilitation, and fitness
level improvements.
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