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A B S T R A C T   

Vertebral motion reveals complex patterns, which are not yet understood in detail. This applies to 
vertebral kinematics in general but also to specific motion tasks like gait. For gait analysis, most 
of existing publications focus on averaging characteristics of recorded motion signals. Instead, 
this paper aims at analyzing intra- and inter-individual variation specifically and elaborating 
motion parameters, which are consistent during gait cycles of particular persons. For this purpose, 
a study design was utilized, which collected motion data from 11 asymptomatic test persons 
walking at different speed levels (2, 3, and 4 km/h). Acquisition of data was performed using 
surface topography. The motion signals were preprocessed in order to separate average vertebral 
orientations (neutral profiles) from basic gait cycles. Subsequently, a k-means clustering tech
nique was applied to figure out, whether a discrimination of test persons was possible based on 
the preprocessed motion signals. The paper shows that each test sequence could be assigned to the 
particular test person without additional prior information. In particular, the neutral profiles 
appeared to be highly consistent intra-individually (across the gait cycles as well as speed levels), 
but substantially different between test persons. A full discrimination of test persons was achieved 
using the neutral profiles with respect to flexion/extension data. Based on this, these signals can 
be considered as individual characteristics for the particular test persons.   

1. Introduction 

Analysis of vertebral motion is an important task for obtaining a deeper understanding of the dynamic functionality of the spine. 
However, the high number of involved articulations and resulting complexity of motion parameters renders the interpretation of data 
challenging. It is not yet known, which components essentially contribute to a proper functioning of the spine. In particular, this 
applies to specific motion tasks like gait. Contrary, it has been shown that there is high variation of motion parameters, e.g. regarding 
general appearance of motion patterns, amplitudes of motion signals, coupling between vertebral levels, or dependency on speed 
levels. (Christe et al., 2017; Haimerl et al., 2022; Lamoth et al., 2002; Needham et al., 2016) Currently, there is no clear picture, which 
features are fundamental to characterize individual motion profiles. On the one hand, it is not profoundly understood which 
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components are consistent across intra-individual motion tasks. On the other hand, it is not known what discriminates different test 
persons inter-individually. A characterization, which meets both of these requirements, would be helpful to identify and interpret 
motion behavior. 

The assessment of vertebral kinematics starts with an appropriate acquisition of motion signals. For analyzing static postures, x-ray 
based radiography is considered to be the gold standard. In particular, this applies to the analysis of spinal pathologies like scoliosis 
(Applebaum et al., 2020; Knott et al., 2016). For dynamic situations, x-ray based techniques usually are not adequate due to the high 
radiation exposure. Surface topography (ST), also known as rasterstereography (see (Betsch et al., 2013)), was developed as an 
alternative. ST does not achieve perfect consistency with x-ray based measurements (e.g. in terms of Cobb angles for static postures) 
(Applebaum et al., 2020). But, it has high correlation for basic parameters and additionally shows high consistency within repeated ST 
measurements reflecting the patient’s current postural status (Degenhardt et al., 2020; Guidetti et al., 2013; Schroeder et al., 2015; 
Tabard-Fougère et al., 2017). Even for static postures it is considered as a valuable tool, e.g. for screening purposes and repeated 
examinations (Applebaum et al., 2020; Ćuković et al., 2019; Degenhardt et al., 2020; Guidetti et al., 2013; Mohokum et al., 2015; 
Schroeder et al., 2015; Tabard-Fougère et al., 2017). 

Further on, ST is suited for collecting motion data in dynamic situations like walking exercises (Betsch et al., 2011; Betsch et al., 
2013; Gipsman et al., 2014; Liu et al., 2019; Scheidt et al., 2018). For these applications, the reproducibility of ST based dynamic 
measurements has been demonstrated, e.g. in (Gipsman et al., 2014) in a limited setup using fixed parameters for repeated gait tests (e. 
g. same speed and general environment) as well as a limited set of measurements (e.g. maximum range of vertebral rotation, incl. 
kyphosis and lordosis). Additionally, consistency with other optical measurement techniques like marker-based techniques has been 
shown in (Betsch et al., 2013). A validation with a dedicated synthetic model was provided in (Betsch et al., 2011). Marker-based 
technologies are considered as an alternative to ST for acquiring data about spinal motion (see e.g. (Betsch et al., 2013; Needham 
et al., 2016; Papi et al., 2019; Schmid et al., 2017)). However, these techniques can usually only record a limited number of motion 
segments. Instead, ST-based techniques allow a more comprehensive analysis and are used as the method-of-choice in this paper. 

ST is based on an optical technique where light patterns (e.g. stripes) are projected onto the patient’s back. The rotational 
alignment of the particular vertebrae is indirectly derived from the 3D shape of the body surface. The rotation can be measured in all 
three coordinate directions, i.e. in frontal, sagittal, and axial plane. More details about the implementation of the measurements can be 
found in (Drerup, 2014). In the dynamic scenario, this acquisition is performed over a certain time frame, yielding a time series of 
measured directions. For gait analysis, the test persons walk on a treadmill at a predefined walking speed. (Betsch et al., 2013) In 
summary, each data set contains three rotations per vertebra over a certain range of vertebrae and over a series of time steps. In 
standard protocols, 17 vertebrae primarily in the lumbar and thoracic spine are recorded as well as the pelvis. The cervical vertebrae 
C1 - C6 as well as L5 cannot be recorded accurately, according to the specification of the ST system. Thus, they are not included in 
standard ST measurements. 

For assessing intra- and inter-individual variation, repeated test sequences need to be recorded for each test person. In this paper, 
this was performed while the test persons are walking at different speed levels (2, 3, and 4 km/h) to also include variation with respect 
to this parameter. In each test sequence, 10 full gait cycles were recorded instead of only 3 cycles as given in the standard acquisition 
protocols for the ST system. This enabled a more detailed analysis of the results (e.g. comparison between gait cycles) as well as a 
broader spectrum of processing steps. In (Haimerl et al., 2022), this setup was used to visualize important motion patterns and also to 
visually assess intra- and inter-individual variation. It was shown that the average vertebral orientation remains considerably 
consistent across the different gait cycles as well as in repeated test sequences with varying speed levels. This average vertebral 
orientation across the spine was named neutral profiles. This term is also used subsequently, in this paper. Additionally, these neutral 
profiles deviated substantially when comparing different test persons. Thus, they seem to qualify as an individual motion characteristic 
which enables a discrimination between test persons. (Haimerl et al., 2022) 

However, the assessment was only performed qualitatively in (Haimerl et al., 2022). Additionally, no specific processing of data 
was included, which could elaborate concrete signal features. Instead, this paper provides a more operationalized approach. For this 
purpose, two basic steps are included for the characterization of individual motion. As a first step, a preprocessing of the recorded 
motion data was performed that separates the motion signals into two components using a filtering technique. The first component 
reflects the basic gait cycles, i.e. basic oscillations representing the single cycles. The remaining part is dominated by the average 
vertebral orientation that remains stable across the gait cycles. Subsequently, this was further reduced to a sort of mean values, which 
characterize the neutral orientation of the vertebra. The collection of all the mean values across the spine reflects the mentioned 
neutral profiles. Within the first step, the analysis was based on visual representations. 

As a second step, a clustering technique (k-means algorithm) (Tan et al., 2014) was utilized to analyze the relationship between 
intra- and inter-individual variation in a more rigorous way. The main goal of this method was to figure out, whether a full 
discrimination of test persons could be achieved using this approach. This means, that the k-means algorithm would have to achieve a 
clustering where each test sequence is assigned to exactly this cluster where all other sequences from the same test person are included. 
This separation had to be based on the extracted motion components as distinguishing features. In the case of a successful separation, 
these features can be considered as individual characteristics of the gait patterns. 

2. Materials and methods 

2.1. Study design and data collection 

The analysis in this paper was based on ST recordings of test persons walking on a treadmill at different speed levels (2, 3, and 4 km/ 
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h). This setup allowed to compare intra-individual (same test person, but different speed and gait cycles) to inter-individual variation 
(different test persons). The ST measurements were performed using the DIERS 4D motion® Lab system (Diers International GmbH, 
Schlangenbad, Germany) in combination with the pedogait component. The latter was a 1 m long capacitive pressure plate with 
48 × 112 sensors (size of each sensor was 0.845 cm2). It measures the foot pressure reaction forces while walking. In particular, the 
starting and end point of the different gait cycles was determined by means of the pedogait component. This information was directly 
stored in the measurement data. 

Only asymptomatic and pain free volunteers were included in the study, i.e. individuals without self-reported spinal problems. It 
was required that the test persons were able to walk without problems on the treadmill at each addressed motion speed. The BMI had to 
be below 30 since this was a limitation of the used ST system. No further demographic data was stored, e.g. mean age or concrete BMI 
values. Data acquisition took place in Nov 2018. For each test person, the recordings were performed on a single day. All data 
acquisition and evaluation steps were performed in a fully anonymized way – without any information about the health condition or 
other personal characteristics. The data was collected within a quality assurance step performed by the manufacturer of the ST system. 
This means that the analysis for intra- and interindividual variation was not a dedicated endpoint of the assurance tests. Instead, this 
analysis was performed retrospectively and independently in terms of an exploratory study. The data was provided for this study in the 
mentioned anonymized way. According to the responsible ethics committee of the medical chamber Rhineland-Palatinate 
(2021.03.11) there were no objections to statistically evaluate and publish them as anonymous results. 

For each test person, three recordings were acquired at a fixed walking speed of 2, 3, and 4 km/h, respectively. The standard 
equipment of the DIERS 4D motion® Lab/DIERS formetric 4D system (Version 3.10.1, Diers International GmbH, Schlangenbad, 
Germany) was utilized for the measurements. For instance, markers were attached to anatomical landmarks, including vertebra 
prominens and both dimples, as defined in the system’s manual. Additionally, the measurement steps were performed as specified by 
the software. A habituation phase was included where the speed was incrementally increased to prevent tripping. The measurement 
sequences were started directly after the habituation phase. The speed levels were always recorded in the same order, starting with 
2 km/h. Each test sequence contained 10 full gait cycles (from right heel strike to right heel strike) in contrast to the 3 cycles in the 
standard protocol of the ST system. The frequency of the camera recordings was 60 Hz and the frequency of the pedogait system 
100 Hz. The acquisition time for each test sequence was approximately 20 s. In total, 12 test persons were recorded including 10 males 

Fig. 1. Recorded ST data of vertebral motion containing ten gait cycles (always beginning with the initial contact of the right foot) for one test case 
at 3 km/h – top: AxRot, middle: LatFlex, bottom: FlexExt. VP until L4 are shown, for AxRot also pelvis. The y-axis represents rotation in degree, the 
x-axis the number of the time step (sample in the data set after time renormalization). 
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and 2 females in the age between 20 and 70. However, the data for one test person had to be excluded from the analysis of this paper. 
Due to a setup error, not all speed levels were collected for this particular test person. 

2.2. Representation of recorded motion signals 

Using the ST system, the rotation values were obtained for all vertebrae from the lower end of the cervical spine (C7, vertebra 
prominens – VP) to the pelvis. L5 was excluded since its rotation cannot be assessed reliably using the ST system. Rotation data was 
collected for all anatomic directions, including axial rotation (AxRot), lateral flexion (LatFlex), and flexion/extension (FlexExt). All 
rotation values were measured in a global coordinate system defined by the spatial orientation in the room, i.e. the coordinate system 
of the test room was calibrated by the system and considered as a global coordinate system. AxRot was determined as a rotation around 
the up-down axis within the test room, LatFlex as a rotation around the forward gait direction, and FlexExt as a rotation around the 
left/right direction with respect to the test person. These angular measurements were measured as projection angles in the particular 
anatomical planes (axial plane for AxRot, coronal plane for LatFlex, and sagittal plane for FlexExt). Regarding the rotational direction, 
the values were specified according to the following convention.  

• AxRot: positive sign reflects counterclockwise rotation of the vertebra / pelvis  
• LatFlex: positive sign reflects counterclockwise rotation of the vertebra / pelvis  
• FlexExt: positive sign represents flexion, negative sign extension / pelvis 

The data sets were rescaled to a common number of 1024 sample points, i.e. time steps, per 10 gait cycles using cubic splines. The 
restriction to the same signal length was carried out to enable a better comparison between the different test cases. The precise number 
(1024 = 210 samples) was used to better facilitate the data preprocessing, using a Fourier based filtering technique as described in 
Section 2.3 below. The particular gait cycles were separated using the information directly stored in the measurement data (acquired 
with the pedogait component as described in Section 2.1). A rescaling of the particular gait cycles was not performed within this paper. 
Thus, the gait cycles within each test sequence had a slightly different number of data points. According to the speed level given by the 
treadmill, there were only minor differences in these numbers. Fig. 1 shows examples of such motion signals for one extracted test case 
(one particular test person at a speed of 3 km/h) in a standard superimposition approach. The filtering steps described subsequently are 
applied to these types of signals. 

As an alternative representation, the ACIO (all-cycles-in-one) approach introduced in (Haimerl et al., 2022) is used later in this 
paper. This representation (given in Fig. 2) contains a mixture of superimpositions and juxtapositions, i.e. vertebral levels are shown 
side-by-side (juxtapositions) from bottom to top, whereas the gait cycles are shown in an overlay mode (superimposition). For each 
vertebral level, the y-axis additionally reflects the time step within the gait cycle. The scaling of the axis was adjusted in a way that the 
signals are clearly visible. The scaling was not explicitly shown in the diagrams to keep the representation simple. The x-axis represents 
the orientation angle during motion. 

In (Haimerl et al., 2022), it was demonstrated that the ACIO representation allows a more comprehensive visual analysis, especially 
regarding a rating of inter- and intra-individual variation. Additionally, it was shown that the signals basically are a combination of an 
oscillation for each gait cycle and an average rotation, which is largely consistent across the gait cycles. For FlexExt, the frequency of 

Fig. 2. All-cycles-in-one (ACIO) representation of acquired motion signals (same test case as in Fig. 1) showing the gait cycles in overlay for each 
vertebra / pelvis – AxRot (left), LatFlex (middle), and FlexExt (right). The vertebrae and the pelvis are shown from bottom to top in a color coding as 
given in the legend in Fig. 1, additionally they are plotted on the y-axis. In each segment, the y-axis also represents the course of time. For simplicity 
reasons, the scaling with respect to time was omitted in the diagrams. The x-axis shows vertebral rotation values in degree. 
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the oscillation is doubled, e.g. there are two oscillations within one gait cycle, due to the left-right symmetry with respect to this 
rotational direction. This means, that the base frequency for the entire motion signals (containing all 10 gait cycles) is 10.0 for AxRot 
and LatFlex, but 20.0 for FlexExt. This had to be considered for the further processing steps. 

2.3. Separation of main components in motion signals 

Based on this observation, the motion signals were separated into their main components using a filtering technique. This was 
applied to the overall signals as shown in Fig. 1. First, the periodic oscillations reflecting the gait cycles were extracted. In this paper, a 
Log-Gabor filter HLogGabor was used for this purpose with a frequency distribution given as 

HLogGabor(ω) = exp
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where ω is the frequency parameter, ω0 the base frequency, and σ a scaling parameter. (Bridge, 2017; Kovesi, 2000) In the frequency 
domain, the filter represents a bandpass characteristic where the filter response strongly decays beside the base frequency ω0. In the 
time domain, it represents a wavelet, which consists of one major oscillation mainly representing the base frequency. This behavior can 
be adjusted using the scaling parameter σ. For AxRot and LatFlex, σ was set to 3.0 to achieve a balance between time and frequency 
resolution. The frequency parameter ω0 had to be set to 10.0 according to the number of gait cycles. ω0 reflects the base frequency 
required in the present scenario, i.e. 10 gait cycles and thus 10 oscillations in the overall motion signals. For FlexExt, the parameters 
had to be doubled to ω0 = 20.0 and σ = 6.0 according to the observation that the FlexExt signals include a duplication of oscillations 
according to the basic symmetry between left and right steps in this motion direction. The Log-Gabor filter was directly applied in the 
Fourier domain after applying a Fast Fourier Transform on the signals. 

Next, the Log-Gabor filtered signal (reflecting the basic gait cycles) was subtracted from the original data. The resulting signal is a 
combination of low frequencies representing the rough course of vertebral orientation as well as high frequencies representing minor 
details. This signal is subsequently called rough orientational profile. As a first step, intra- and interindividual variation of these 
profiles was analyzed visually using the ACIO representations. Later on, a more formalized approach using the k-means clustering 
algorithm as well as a quantitative assessment of clustering quality was applied as described in 2.4. 

As a final preprocessing step, the signals were further reduced to the average vertebral rotation using the calculation of robust mean 

Fig. 3. Separation of motion signals (here AxRot for one test sequence including 10 gait cycles) into Log-Gabor filtered components (basic oscil
lations) in the top row and rough orientational profiles (bottom row, left diagram) respectively neutral profiles (bottom row, right diagram). The 
neutral profiles only contain one value per vertebra and test sequence. The same test person as before was used. Parameters for the Log-Gabor filter 
were set to ω0 = 10.0 and σ = 3.0. 

M. Haimerl et al.                                                                                                                                                                                                       



Human Movement Science 87 (2023) 103036

6

Fig. 4. Visual assessment of main motion components (same test person as before) – top row: Log-Gabor filtered signals (basic gait cycles); middle 
row: rough orientational profiles (original data minus Log-Gabor filtered data), bottom row: neutral profiles (robust averaging of rough orientational 
profiles, same as in middle row). Parameters for the Log-Gabor filter were ω0 = 10.0 and σ = 3.0 for AxRot as well as LatFlex and ω0 = 20.0 and 
σ = 6.0 for FlexExt. 
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values for each vertebra across the entire time series. In particular, a trimmed mean (Matlab function trimmean) was used for this 
purpose. (Huber & Ronchetti, 2011) Such an approach performs an averaging procedure, where outliers are systematically determined 
and eliminated for the calculation. An empirically determined cut-off value of 0.15 was applied, i.e. the most deviating 15% of the data 
(7.5% on each side according to the deviation from the mean value) were considered as outliers and discarded for determining the 
mean value. Only one data point remains per vertebra. The resulting data series reflects the already mentioned neutral profiles and is 
subsequently called so as the values reflect the basic vertebral orientation across the time series. Fig. 3 shows the overall procedure for 
the separation of signal components. 

For FlexExt, the deviation to a standardized sagittal profile was additionally calculated. This allows a better visual comparison of 
the cases, since the s-shaped alignment of the spine in the sagittal plane overlays the deviations. Such an approach allows to assess 
whether the test persons have a walking position which is oriented to a more anterior/flexed or a more posterior/extended position in 
comparison to the standardized profile. For this purpose, the average orientation across the entire test ensemble was calculated for 
each vertebra first. The collection of these values along all vertebrae was considered as the average (standardized) profile. Afterwards, 
the average values were subtracted from the FlexExt values for each test case. For the rotational directions, i.e. AxRot and LatFlex, a 
zero position was considered as a standard profile, within this study. Thus, no extra processing is required in these cases. 

2.4. Discrimination of test persons using a clustering approach 

In (Haimerl et al., 2022), it was conjectured that the basic vertebral orientation could be considered as a characteristic motion 
feature, which is able to discriminate between different test persons. This conjecture can be formalized using clustering techniques. In 
this paper, a standard k-means algorithm was used for this purpose. The k-means algorithm builds k groups of data, i.e. clusters, for a 
given set of input data. It finds an assignment where the distances within the groups are minimal in comparison to the distances with 
members from other groups. Usually, a data set with unknown correspondences is used (unsupervised method in terms of machine 
learning procedures). In the scenario at hand, the k-means algorithm can be utilized to figure out whether a full and correct 
discrimination of test persons can be performed, since the assignment between test cases and test persons is known. The discrimination 
is successful if the test cases (2, 3, and 4 km/h) for each test person are exactly assigned to one single group reflecting this test person. 
The predefined number k of resulting groups has to be set to the number of test persons, i.e. k = 11, in this setup. 

Within this study, the k-means algorithm (see (Tan et al., 2014)) took the profile data as input data, either rough orientational 
profiles or neutral profiles. For the neutral profiles, each test case consisted of 17 vertebrae for LatFlex and FlexExt and 18 for AxRot. 
For the rough orientational profiles, the 1024 time steps for each vertebra had to be included additionally resulting in a rather high- 
dimensional input feature space. Within this paper, the different motion directions (AxRot, LatFlex, FlexExt) were only analyzed 
separately to figure out their particular influence. A city-block metric dcity(a, b) = 1

n
∑n

i=1|ai − bi| (i.e. L1-Norm) was used for the 
calculation of distances between two data points a = (a1,a2,…,an) and b = (b1,b2,…,bn) in the particular feature space. The k-means 
algorithm is a procedure which iteratively calculates the groups and associated group centers. It requires an initial configuration, i.e. 
an arbitrary initial assignment into the k = 11 groups. The results for each run of the algorithm depend on this initial configuration. 
Within this study, 1000 replicates with random initial configurations were applied within each clustering procedure. The end 
configuration which achieved the minimum distance across all replicates is used as the overall result. For the clustering based 
assessment, each rotation direction (AxRot, LatFlex, FlexExt) was assessed separately. For each rotation direction, the rough orien
tational profiles as well as the neutral profiles were analyzed. Overall, this resulted in 6 test scenarios. 

2.5. Implementation 

All data preparation and analysis steps were implemented in Matlab (Version 2019a, The Mathworks, Natick, Massachusetts, 
United States). For the k-means algorithm, the standard Matlab implementation was used (function k-means). All other analysis and 
evaluation steps were performed based on own code. 

3. Results 

3.1. Visual representation of main motion components 

Based on the ACIO representation, a visual inspection of the main components of motion signals, i.e. Log-Gabor signals (basic gait 
cycles) as well as rough orientational and neutral profiles, was performed first. The results for a single test case are shown in Fig. 4. The 
Log-Gabor signals (top row) appear to be widely consistent across the gait cycles with some deviations especially for LatFlex as well as 
in some areas for FlexExt (i.e. pelvis, T1, VP). For FlexExt, the duplication of oscillations gets clearly visible in most of the regions. 
Between the vertebral levels, the basic gait cycles appear to be significantly different in many aspects. For AxRot, the motion am
plitudes are varying substantially across the spine. For LatFlex, the general appearance of the motion signals is quite inconsistent. For 
FlexExt, the signals look widely similar. In the Log-Gabor signals, it can be recognized that the shifts according to the basic vertebral 
alignment are mostly eliminated. The signals oscillate around the 0◦ line, demonstrating a separation of the test cycles from the overall 
signal. 

The middle row in Fig. 4 shows the rough orientational profiles (i.e. original data minus Log-Gabor filtered data). It demonstrates 
that they consist of the average vertebral orientation plus minor motion details. It can be recognized that the profiles remain in a 
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narrow band around the average vertebral orientation, which dominates the signals. The remaining parts (high frequency parts) 
appear to be rather inconsistent. But, they play only a minor role. The bottom row shows the neutral profiles, i.e. after applying the 
robust mean, which more directly pool out the average vertebral orientation. Only single data points remain for each vertebra. 

In Fig. 5, a direct comparison of the different speed levels is performed using the neutral profiles. Due to the reduced complexity, 
this can be achieved in one diagram for each rotation direction. The speed levels are visually coded by different line styles (dotted line: 
2 km/h, continuous line: 3 km/h, dashed line: 4 km/h). It can be recognized that the profiles are largely consistent. However, some 
minor deviations occur for particular test cases and/or areas of the spine. For AxRot, the 2 km/h case deviates a bit from the other two 
cases across the spine. For LatFlex, there only is a minor discrepancy of the 2 km/h case in the upper thoracic spine. For FlexExt, there is 
a slight divergence at the most cranial end of the recorded part of the spine, whereas the curves almost perfectly coincide in the lumbar 
and lower thoracic spine. For FlexExt, the deviation from the standardized sagittal profile is shown in the right-most column. The basic 
relations are the same as in the third column. But now, it can be seen that the particular test person substantially deviates from the 
standardized profile in some regions (e.g. more flexed/anterior position in the lumbar and partially also in the upper thoracic region, 
slightly posterior/extended position in the mid thoracic spine). Additionally, the intra-individual variation can be more easily 
recognized due to the removed overlay with the standardized profile. 

3.2. Visual assessment of motion profiles with respect to intra- and inter-individual variation 

In the following, a visual analysis is provided regarding the intra- and inter-individual variation of the extracted motion compo
nents. Again, this is performed using the ACIO representation. Fig. 6 shows that the Log-Gabor signals already deviate substantially 
when comparing the test sequences intra-individually. This means, that test persons have considerably different motion amplitudes 
when walking at different speed levels. In particular, this can be recognized for the AxRot direction, where the outlines of the Log- 
Gabor signals have a different shape. For this test person, the gait cycles appear to have a more limited amplitude when walking at 
2 km/h. Additionally, the vertebrae with the highest amplitudes in AxRot change from the lower to the mid thoracic region, when 
changing speed levels from 2 km/h to 4 km/h. For LatFlex, the overall appearance of signals deviates as well. FlexExt seems to be more 
consistent. 

Fig. 7 shows the inter-individual analysis, i.e. variation between different test persons walking at the same speed level. Again, 
substantial deviation occurs for AxRot and LatFlex. For FlexExt, variation can be visually recognized in some regions, in particular for 
the upper thoracic region. However, the deviations are more subtle. In general, the analysis shows that the basic gait cycles appear to 
have substantial variation inter- as well as inter-individually. 

In contrast, the rough orientational profiles (i.e. original data minus Log-Gabor filtered data) show high intra-individual consis
tency on the one hand and high inter-individual variation on the other hand. This can be recognized in Fig. 8 and Fig. 9. In Fig. 8, the 
profiles look highly consistent for each test case even when the test person is walking at a different speed level. This applies to all three 
motion directions (AxRot, LatFlex, and FlexExt). Only some minor variations occur in particular regions. This is apparently different, 
when comparing the motion sequences from different test persons (cf. Fig. 9). In all three motion directions the profiles deviate 
substantially. For FlexExt, the basic profiles have similarities. However, this is due to the S-shaped sagittal profile of the human spine. If 
this sagittal profile is subtracted, major deviations get apparent between the test cases. This can be recognized in Fig. 10 and Fig. 11, 
right column. 

In the figures, a full visual comparison regarding intra- and interindividual variation based on the neutral profiles is provided. In 
each particular diagram, the comparison between the three speed levels (intra-individual variation) can be seen. The inter-individual 
variation can be assessed by comparing the particular lines reflecting the different test persons. It can be seen, that a high intra- 
individual consistency is given in most of the cases, whereas the profiles vary substantially between the test persons. Remaining 

Fig. 5. Intra-individual comparison of neutral profiles of one participant. All three speed levels (coded by different line styles as shown in the 
uncolored legend at the top) are integrated into single diagrams to allow a more direct comparison. Particular differences can be recognized in some 
areas of the spine. In the first three columns, the basis rotation directions are shown (AxRot, LatFlex, and FlexExt). In the right-most column, the 
average sagittal profile across all test persons is subtracted from the FlexExt values. The colored dots illustrate the vertebral levels using the same 
color schema as used in the previous diagrams. 
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intra-individual differences most often occur with respect to the 2 km/h test cases (dotted lines). In other words, a slow walking speed 
can lead to some deviation in the neutral profiles. In the right-most column, the average sagittal profiles are subtracted from the 
FlexExt values in order to provide a better illustration with respect to the deviation from a standardized profile. Using this repre
sentation, the individual character of this feature can be recognized. The slope with respect to the sagittal alignment appears to be 
substantially different between the test persons, whereas it is consistent between the speed levels within the particular persons. 

In summary, the rough orientational profiles and even more the neutral profiles appear to provide characteristic features for the 
particular test persons that remain stable across the gait cycles and also when walking at different speed levels. This can be considered 
as a neutral position of the individual spine. The gait cycles represent an oscillation around these neutral positions with varying motion 
amplitudes. 

3.3. Discrimination of test persons using the k-means algorithm 

Up to now, the discriminative power of the proposed features was only shown in a qualitative way using visual representations. The 
following section demonstrates the operational assessment using the k-means algorithm. The analysis consisted of six test scenarios, 
including all rotation directions as well as two types of signals / features, i.e. rough orientational profiles (ROP) as well as neutral 
profiles (NP). For these scenarios, the results of the k-means clustering are shown in Table 1. This includes the misclassifications which 
remained in the k-means clustering for each test scenario. For AxRot (ROP and NP), there remained some bundles of cases, where a 
separation between the individuals could not be obtained. For LatFlex, two particular individuals could not be discriminated when 
using ROP. For LatFlex-ROP as well as FlexExt (ROP and NP), a full separation of the cases could be achieved. 

Fig. 12 demonstrates illustrative cases where the discrimination between two test cases failed. The upper row shows the similarity 
of the neutral profiles for AxRot in the cases #3 and #4. This similarity impedes that the cases can be differentiated in an appropriate 
way. The bottom row shows a case where LatFlex had issues in separating cases #3 and #10. In both situations, the intra-individual 
differences, i.e. the distance between the curves in one specific color, is close to the distance to the cases from another individual, i.e. 
the curves in the other color. It can be seen, that other motion directions may help to separate the cases, e.g. #3 and #4 can be 
discriminated clearly by FlexExt and also to a certain degree by LatFlex. For cases #3 and #10, this can be well achieved by AxRot. 
Partially, this focuses on specific regions of the spine, e.g. on the lower thoracic / upper lumbar spine for discrimination between #3 
and #4 based on LatFlex. 

4. Discussion 

Within this paper, it could be demonstrated that neutral profiles, i.e. average vertebral rotation along the spine, shows high intra- 
individual consistency in gait sequences. Vertebral motion oscillates around these neutral positions according to the roughly periodic 
motion patterns representing the single gait cycles. This observation was not only obtained for different gait cycles within one test 
sequence. It also applied to repeated test cases even when the test person was walking at different speed levels. Regarding inter- 
individual comparisons, these features appeared to have substantial variation. Thus, they reflect a kind of individual characteristic, 
which can be used to discriminate test persons. This was demonstrated by means of a clustering technique, which was able to separate a 
set of test cases (ensemble with 11 asymptomatic volunteers walking on a treadmill at 2, 3, and 4 km/h) into the particular groups. This 
was fully achieved for FlexExt and to a certain degree for LatFlex. For AxRot, the discriminative power was limited. Other motion 
features like the basic gait cycles, i.e. basic oscillations of the motion signals, showed substantial variation inter- and intra-individually. 
Thus, they are not consistent within each person and cannot be considered as specific characteristics. 

The analysis was based on dynamic ST measurements which allowed to record a wide range of vertebral segments during the 
motion task. Preprocessing was performed to extract the periodic oscillations of the basic gait cycles using a Log-Gabor filter. The 
resulting signals were subtracted from the original measurements to yield the rough orientational profiles, i.e. average rotations with 
additional minor details. A robust averaging technique yielded the neutral profiles which allowed a more robust discrimination of the 
test cases. 

The observation that a neutral position of the spine is consistent for particular study subjects was also found in (Zwambag et al., 
2019) for bending exercises in healthy subjects. Using a marker-based motion tracking system and a principal component analysis, it 
was analyzed that 85% of the motion variation for these types of movement is contained in components which basically reflect the 
neutral position of the spine. This relates to the neutral profiles in this paper. Our study extends the observation in (Zwambag et al., 
2019) to gait sequences by demonstrating that the individual neutral position is a fundamental and consistent component of spinal 
motion. An assessment of intra-individual variation was not performed in (Zwambag et al., 2019) as no repeated tests were included. 

For static ST-based analysis of spinal posture, some studies (e.g. (Degenhardt et al., 2020; Guidetti et al., 2013; Schroeder et al., 
2015)) systematically assessed intra-individual variation of relevant measurements. High test-retest reliability was found for a sub
stantial part of spinal parameters, even when performed on subsequent days. In (Schroeder et al., 2015), it was determined that the 
sagittal profile shows the lowest variation. These parameters can be considered as static counterparts of the dynamically assessed 
neutral profiles, as proposed in our study. In particular, the sagittal parameters are related to flexion/extension as the main rotation 

Fig. 6. Intra-individual variation of Log-Gabor signals (basic gait cycles) – for the same test person as before with a comparison of the different 
speed levels (2, 3, and 4 km/h). Top row: AxRot; middle row: LatFlex; bottom row: FlexExt. Parameters for the Log-Gabor filter were ω0 = 10.0 and 
σ = 3.0 for AxRot as well as LatFlex and ω0 = 20.0 and σ = 6.0 for FlexExt. 
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Fig. 7. Inter-individual variation of Log-Gabor signals (basic gait cycles) – for three different test persons walking at the same speed level (3 km/h). 
Top row: AxRot; middle row: LatFlex; bottom row: FlexExt. Parameters for the Log-Gabor filter were ω0 = 10.0 and σ = 3.0 for AxRot as well as 
LatFlex and ω0 = 20.0 and σ = 6.0 for FlexExt. 
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direction. Thus, the results from (Schroeder et al., 2015) are consistent with our findings, that flexion/extension has lowest intra- 
individual variation. In our study, this was intentionally analyzed in relation to inter-individual variation. Such an assessment was 
not included in (Degenhardt et al., 2020; Guidetti et al., 2013; Schroeder et al., 2015). 

For the visual representations in our study, we used a 0◦ reference for the AxRot and LatFlex directions. Some studies (Kouwen
hoven et al., 2006; Wolf et al., 2021) showed that even for normal subjects there are substantial deviations from this reference. Thus, a 
completely neutral alignment in terms of 0◦ is not necessarily given for AxRot and LatFlex. However, this observation does not impact 
the analysis of intra- and inter-individual variation, including the k-means analysis, since only relative deviations and no absolute 
numbers are relevant here. For FlexExt, there is the known deviation from 0◦ according to the natural sagittal profile of the spine. For a 
better visualization of the differences to a normal position in this motion direction, we added one representation where we subtracted 
the average orientation values across the entire series of test sequences from the neutral profiles. 

Dedicated studies about the discriminative power of specific motion features are currently only available in very limited way, to the 
best of our knowledge. The predecessor paper (Haimerl et al., 2022) provided such an approach. But, (Haimerl et al., 2022) was 
restricted to a purely qualitative approach using different visual representations. Additionally, it did not separate the motion signals 
into main components, which could be used to obtain a more formalized and quantitative analysis. In (Dindorf et al., 2021), a machine 
learning approach was used to elaborate motion features which enable a discrimination between test persons. They found an even 
higher separation of individuals by combining all information (up to 100%) based on an overall ensemble (training and validation data 
sets) consisting of up to 226 healthy test persons. Then, their machine leaning approach elaborates features with high discriminative 
power. The downside is, that such automatically extracted features lack interpretability since they are complex combinations of motion 
parameters. In (Dindorf et al., 2021), the importance of particular vertebrae and motion directions were assessed as well, focusing on 
min, max, and range-of-motion (ROM) values. It was found that single values only achieve a limited discriminative power. Thus, a 
certain combination seems to be required for the separation of the test cases. The min, max and ROM values used in (Dindorf et al., 
2021) correspond to the values in our study to a certain degree. The neutral profile values are approximately the average between the 
min and max values. The importance of particular min or max values may be better reflected by their average values or the neutral 
profile values, since the ROM of the particular vertebrae, i.e. motion amplitudes, seems to vary substantially, as demonstrated in our 
study. In general, a balance between accuracy and interpretability of the important features would be appreciated. Thus, the approach 
presented in (Dindorf et al., 2021) and the methods in our study have different focus points. These approaches may be combined in the 
future to achieve an even better overall picture of spinal motion. 

Other studies (Christe et al., 2017; Mieritz et al., 2014; Needham et al., 2016; Papi et al., 2019; Schinkel-Ivy & Drake, 2015; Schmid 
et al., 2017; Tsang et al., 2017; Yun et al., 2015) primarily addressed an aggregating analysis of motion parameters based on calcu
lating averages and/or variation ranges of the parameters/recorded data. Variation ranges were usually calculated as confidence 
intervals or intra-class correlations. A dedicated analysis about the relationship between intra- and interindividual variation was not 
performed in these studies. The evaluated parameters included specific curvature values (Schmid et al., 2017), mobility parameters 
and range-of-motion (e.g. (Needham et al., 2016; Papi et al., 2019; Schinkel-Ivy & Drake, 2015; Schmid et al., 2017)), specific gait 
parameters like cadence or step length ((Needham et al., 2016; Schmid et al., 2017)), or averages of motion waveforms (e.g. (Christe 
et al., 2017; Needham et al., 2016)). Many of the studies focused on the reliability of the measurements (e.g. (Mieritz et al., 2014; 
Needham et al., 2016; Papi et al., 2019; Schinkel-Ivy & Drake, 2015; Yun et al., 2015)). Most of the studies utilized marker-based 
motion capturing systems, which often did not provide signals representing a high number of vertebral motion segments as it was 
given in this study using ST. 

Some of the studies included an analysis of gait (e.g. (Needham et al., 2016; Papi et al., 2019; Schmid et al., 2017)). Others 
additionally or purely addressed other motion tasks like forward bending, lateral bending, or axial twist (e.g. (Mieritz et al., 2014; Papi 
et al., 2019; Schinkel-Ivy & Drake, 2015; Tsang et al., 2017; Yun et al., 2015)). One study (Tsang et al., 2017) included an analysis of 
different speed levels with respect to forward bending. This is similar to our study where differences according to walking speed were a 
main objective of the analysis. For gait, a comparison of different speed levels was included in other studies (Lamoth et al., 2002; van 
Emmerik & Wagenaar, 1996; Wessel et al., 2013). It was determined that the relationship between relative phases of vertebral 
orientation changed depending on the walking speed. This shows the high intra-individual variation of certain parameters of spinal 
motion, which do not provide individual characteristics. It also shows the complexity of motion patterns in the human spine. In some 
studies (e.g. (Christe et al., 2017; Mieritz et al., 2014; Papi et al., 2019; Schmid et al., 2017)), a comparison between different groups 
was included, e.g. healthy vs. pathological conditions. Such an approach also tries to discriminate different test cases. But in this case, 
this is only performed on a group but not on an individual level. It can be helpful to first figure out, which features are individually 
consistent before group characteristics are addressed. This was the main focus of our study. 

In summary, most of the studies available in the literature do not perform a dedicated analysis of the relationship between intra- 
and interindividual variation in a formalized way. Only (Dindorf et al., 2021) goes into this direction. Additionally, none of the studies 
included a separation between the basic oscillations in the gait cycles and the remaining major motion components in gait sequences. 
These two aspects were the main objectives in this paper. Our study had some limitations. Only a limited number of 11 test persons was 
included with a non-uniform distribution between males and females. Only asymptomatic and pain free subjects were included. 
Further on, the inclusion criteria were not formalized (except the BMI limit) and no concrete demographic data was recorded. Thus, an 

Fig. 8. Intra-individual variation of rough orientational profiles (i.e. original data minus Log-Gabor filtered data) – for the same test person as 
before walking at different speed levels (2, 3, and 4 km/h). Top row: AxRot; middle row: LatFlex; bottom row: FlexExt. Parameters for the Log-Gabor 
filter were ω0 = 10.0 and σ = 3.0 for AxRot as well as LatFlex and ω0 = 20.0 and σ = 6.0 for FlexExt. 
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Fig. 9. Inter-individual variation of rough orientational profiles (i.e. original data minus Log-Gabor filtered data) – for three different test persons 
walking at the same speed level (3 km/h). Top row: AxRot; middle row: LatFlex; bottom row: FlexExt. Parameters for the Log-Gabor filter were 
ω0 = 10.0 and σ = 3.0 for AxRot as well as LatFlex and ω0 = 20.0 and σ = 6.0 for FlexExt. 

Fig. 10. Full comparison of neutral profiles – test persons #1 - #5 using the representation introduced in Fig. 5. The first three columns represent 
the rotation directions AxRot, LatFlex, and FlexExt. In the 4th column, the average sagittal profiles across all test persons are subtracted from the 
FlexExt values to better show the deviation from a standardized orientation in this direction. The different test persons (here #1 - #5) are shown in 
the particular lines. In each diagram, all three speed levels are shown in parallel (intra-individual comparison). They are presented using different 
line styles as given in the in the uncolored legend at the top. 
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impact of specific pathological conditions or demographics on motion patterns could not be determined. The measurements for each 
single test person were performed on one day. Thus, the variation due to measurement artifacts caused by the setup were not included 
in the intra-individual data sets. The individual motion characteristics also may vary from day to day. Additionally, no direct quan
titative assessment was included. 

Fig. 11. Full comparison of neutral profiles – remaining test persons #6 - #11. See Fig. 10 for a description of the diagrams.  
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Table 1 
Results of k-means clustering algorithm applied to rough orientational profiles (ROP) as well as neutral profiles (NP) for all rotation directions. The 
success of the algorithm as well as the number and types of misclassifications are listed. Parameters for the Log-Gabor filter were ω0 = 10.0 and σ = 3.0 
for AxRot as well as LatFlex and ω0 = 20.0 and σ = 6.0 for FlexExt.  

Rotation 
direction 

Signal type k-means:  
success / misclassifications 

AxRot Rough 
orientational  
profiles (ROP) 

One larger bundle of groups (test persons) mixed up: #3, #4, #7, #9 

Neutral profiles 
(NP) 

Two bundles of groups (test persons) mixed up: one larger bundle with #3, #4, #7, #9, #11 and one smaller bundle 
with #6, #10 

LatFlex 

Rough 
orientational 
profiles (ROP) 

One bundle of groups (test persons) mixed up: #3, #10 

Neutral profiles 
(NP) Fully correct assignment 

FlexExt 

Rough 
orientational  
profiles (ROP) 

Fully correct assignment 

Neutral profiles 
(NP) Fully correct assignment  

Fig. 12. Comparison of neutral profiles for critical cases – with respect to the discrimination between test persons: upper row – cases #3 and #4 
where the separation failed for AxRot, bottom row – cases #3 and #10 where LatFlex had issues to discriminate the individuals (in particular, with 
respect to the rough orientational profiles). In both cases, the other motion directions could be utilized to achieve a proper discrimination. 
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A further limitation of our study is that no detailed validation of dynamic ST measurement data is available in the current literature, 
to the best of our knowledge. In particular, this applies to a detailed analysis of the full range of intervertebral motion. Basically, this is 
due to the missing gold standard (e.g. x-ray based measurements) for this type of data. However, the reliability and reproducibility of 
dynamic ST measurements has already been proven, as discussed in the introduction. Additionally, consistency with other references 
has been shown, e.g. in (Betsch et al., 2013) with respect to a marker-based measurement technique and a dedicated synthetic model in 
(Betsch et al., 2011). For example, marker detection at 3 km/h occurs with an accuracy of 0.03 mm (± 0.79 mm) as demonstrated in 
(Betsch et al., 2013). Even without proven accuracy in comparison to a gold standard, the reproducibility of ST measurements serves as 
a basis for analyzing inter- and intraindividual variation. Here, relative comparisons and not absolute accuracy are the key elements for 
the analysis. Additionally, not the comparison to a gold standard but the relation to clinical effects is most relevant when using motion 
analysis techniques for identifying important characteristics of spinal motion. 

The results of our study could provide basic steps in this direction. Important motion characteristics could be identified that 
characterize individual test persons and were found to be robust with respect to the repetition of gait cycles as well as the variation of 
speed levels. The presented methods allow further insights into the kinematic behavior of the spine during specific motion tasks like 
gait. The analysis in this paper provides some prospects for further research. First, a systematic analysis regarding the combination of 
different motion directions of the spine should be performed. Within the given paper, the k-means algorithm was only applied to single 
motion directions. The extended analysis could also include an analysis of specific parts of the spine, e.g. lumbar, lower / upper 
thoracic spine, or even particular vertebrae. Second, it should be assessed how the methods perform when only three gait cycles are 
recorded, since this rather reflects the standard protocol of the ST system, which is subject to data processing limitations. This would 
also allow to apply the methods to other studies with a similar setup. The study at hand utilized an extended set of 10 cycles which 
allowed a more extensive assessment of variation. In general, an extension of the number of test cases / other studies should be 
addressed to provide a confirmation of the findings in our study. Additionally, the sequence of speed levels could be randomized to 
exclude habituation or fatigue effects for the higher speed levels. Third, a true quantitative assessment of the relationship between 
intra- and inter-individual variation would be beneficial to provide more detailed insights, e.g. about the statistical robustness of the 
study results. This could also be used to rate the contributions of the particular motion directions and spinal regions more precisely. 
Further on, a step back from the neutral profiles, i.e. only a single value per vertebra, towards an analysis of more detailed motion 
patterns would be helpful. The methods developed in this study provide a useful basis to address such extensions. This could be useful 
to identify specific groups of pathologies like pain, instabilities, arthritis, or patients after spondylodesis in a more detailed way. 
Finally, it could help to better understand the relation between vertebral motion and their impact on clinical findings. 

Supplementary data to this article can be found online at https://doi.org/10.1016/j.humov.2022.103036. 
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