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Introduction: Inertial measurement units (IMUs) positioned on various body locations allow detailed gait analysis even under unconstrained conditions. From a medical perspective, the assessment of vulnerable populations is of particular relevance, especially in the daily-life environment. Gait analysis algorithms need thorough validation, as many chronic diseases show specific and even unique gait patterns. The aim of this study was therefore to validate an acceleration-based step detection algorithm for patients with Parkinson’s disease (PD) and older adults in both a lab-based and home-like environment.

Methods: In this prospective observational study, data were captured from a single 6-degrees of freedom IMU (APDM) (3DOF accelerometer and 3DOF gyroscope) worn on the lower back. Detection of heel strike (HS) and toe off (TO) on a treadmill was validated against an optoelectronic system (Vicon) (11 PD patients and 12 older adults). A second independent validation study in the home-like environment was performed against video observation (20 PD patients and 12 older adults) and included step counting during turning and non-turning, defined with a previously published algorithm.

Results: A continuous wavelet transform (cwt)-based algorithm was developed for step detection with very high agreement with the optoelectronic system. HS detection in PD patients/older adults, respectively, reached 99/99% accuracy. Similar results were obtained for TO (99/100%). In HS detection, Bland–Altman plots showed a mean difference of 0.002 s [95% confidence interval (CI) −0.09 to 0.10] between the algorithm and the optoelectronic system. The Bland–Altman plot for TO detection showed mean differences of 0.00 s (95% CI −0.12 to 0.12). In the home-like assessment, the algorithm for detection of occurrence of steps during turning reached 90% (PD patients)/90% (older adults) sensitivity, 83/88% specificity, and 88/89% accuracy. The detection of steps during non-turning phases reached 91/91% sensitivity, 90/90% specificity, and 91/91% accuracy.

Conclusion: This cwt-based algorithm for step detection measured at the lower back is in high agreement with the optoelectronic system in both PD patients and older adults. This approach and algorithm thus could provide a valuable tool for future research on home-based gait analysis in these vulnerable cohorts.
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INTRODUCTION

Gait deficits are common in older adults (1) and Parkinson’s disease (PD) patients, even in early disease stages (2, 3). They are associated with an increased risk of falling and reduced quality of life (4, 5). Temporal step parameters are crucial in describing the quality of gait, e.g., to calculate the risk of future falls and response to treatment. Examples are variability of stride time and kinematics (6, 7), gait speed (8), and symmetry (9). Heel strike (HS) and toe off (TO) (10, 11) are critical events during a gait cycle because they define the beginning and the end of every stance and swing phase, respectively (12) and enable the calculation of all of the above parameters.

Several methods have been successfully utilized to extract time-related gait parameters, including optical systems (13, 14), instrumented walkways (12, 15), and treadmills (16). However, such equipment is expensive, restricted to specialized laboratories, and can thus not be applied in large populations and in home environments. This is a relevant drawback, as the home environment may be the most appropriate setting to capture and study gait related issues that are relevant to the patient’s daily functioning (17, 18), rather than constrained lab settings.

Wearable sensors, such as inertial measurement units (IMUs), are relatively cheap, light-weight, easy to use, and therefore a promising alternative approach for data collection in the home environment (19, 20). They are particularly useful for gait analysis, as shown in a relatively large number of studies, e.g., in healthy adults (21, 22) older adults (23), and patients with PD (24). However, for the use of such devices under medical conditions, a thorough validation of detection algorithms is necessary and must be performed in every single population presenting specific gait impairments (17). Furthermore, movement detection algorithms should be able to differentiate between gait episodes, such as straight walking and turning. Parameters like the number of steps during turning might be robust indicators of gait impairment in PD (25, 26). This differentiation could help detecting context-dependent gait deficits, as shown to occur in older adults with poor cognitive flexibility (27).

The algorithm development for IMUs is under constant improvement. Various step detection algorithms have been proposed, but their validation is limited to laboratory settings, and an extrapolation of the results to home-like environments is often lacking. Measurements in the laboratory are very controlled and do not necessarily correspond to real-world applications. Therefore, assessments in home-like environments are of crucial importance and a challenge when detecting gait impairments based on laboratory algorithms. Based on the lack of home-like validated algorithms, this paper presents a detection algorithm for HS and TO for home-like environments. The algorithm is first validated against an optoelectronic system during treadmill walking, in PD patients and older adults and second validated in an unconstrained environment using video footage. To the best of our knowledge, this is the first step detection algorithm using data obtained from an IMU at the lower back with very good accuracy, demonstrated across these divergent conditions in two different vulnerable populations and during different movement episodes.

METHODS

Study Participants and Settings

Lab-Based Assessment

We performed the lab-based sub-study at the Robert Bosch Hospital, Stuttgart, Germany. It was approved by the ethics committee of the Medical Faculty at the University of Tübingen (protocol number 602/2012BO1). All participants provided written informed consent before they were included in the study. Patients were recruited from the outpatient clinic of the Neurology department at the University Hospital of Tübingen, Germany and were diagnosed by movement disorder specialists (Karin Srulijes and Walter Maetzler). Controls were recruited with the support of the office of Sport and Exercise and the Bosch BKK health insurance (Stuttgart, Germany). Exclusion criteria for both groups were inability to walk without walking aids for at least 20 m and the existence of additional neurological disorders. The analyses presented here are part of a larger study that focused on gait and eye movement interaction (28). The training group for the development of the algorithm consisted of three PD patients and two older adults who were randomly chosen from the dataset. The remaining participants (11 PD patients and 12 older adults) of the treadmill assessment were assigned to the test group. Table 1 provides demographic and clinical data of the two groups.

TABLE 1 | Demographic and clinical data of the training and test groups.
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All participants were equipped with 15 reflective markers [head (front, top, and back), trunk (jugulum, seventh cervical vertebra, and fifth lumbar vertebra), right/left arms, and right/left heel and toe; the “gold standard system”]. A six-camera Vicon T10 system (Vicon© Motion Systems Ltd., UK) (28) collected gait information from the reflective markers. The participants were also equipped with the Dynaport® Hybrid, sample rate 100 samples/s, 3DOF accelerometer (range ±2 g), and 3DOF gyroscope (range ±100°/s) (McRoberts BV, Netherlands) at the lower back (the “experimental system”).

During the 120s assessment, all participants walked on a treadmill (h/p/cosmos venus, h/p/cosmos sports medical GmbH, Germany) at their preferred speed. PD patients were tested ON medication. Manual markers set with the Dynaport® Hybrid system at the beginning and the end of each 120s test period allowed post hoc synchronization of the gold standard and the experimental system. The comparison regarding the detection of step events from both systems was evaluated by one independent clinical observer (Morad Elshehabi). Figure 1 illustrates the experimental setting that was used in the lab assessment to provide a reliable HS and TO event detection. Treadmill walking guarantees regular straight walking, and the accuracy of the developed algorithm can be evaluated before being applied to more complex movements.
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FIGURE 1 | Experimental setting of the lab assessment showing the inertial measurement unit (IMU) position on the lower back, and the heel and toe markers to identify heel strike and toe off using the optoelectronic motion capture system.



Home-Like Assessment

We performed the home-like sub-study at the University of Tübingen, Germany. This sub-study was approved by the ethics committee of the Medical Faculty at the University of Tübingen (protocol number 399/2012BO2). The study population consisted of a training group of 4 PD patients and 2 older adults, and a test group of 20 PD patients and 12 older adults. Four PD patients with challenging symptom constellations (e.g., tremor and dyskinesia) were chosen by Walter Maetzler, to increase specificity of the algorithm. Two older adults were randomly chosen from the database. The remaining participants of the home-like assessment were assigned to the test group. Patients were recruited from the inpatient and outpatient clinics of the Neurology department, University Hospital of Tübingen, and were diagnosed by a movement disorder specialist (Walter Maetzler). Exclusion criteria were deep brain stimulation, Hoehn and Yahr score >3 and Mini Mental State Examination score <24. Table 1 provides demographic and clinical parameters of the groups.

All participants were equipped with the OPAL system, sample rate 128 samples/s, 3DOF accelerometer (range ±16 g) and 3DOF gyroscope (range ±2,000°/s) (APDM, Inc., Portland, OR, USA). Data obtained from the IMU at the lower back were used for this analysis.

During the 180min (for PD patients) and 90min (for older adults) assessment, all participants were asked to perform daily-life activities such as moving around the labs and corridors, walking backwards, climbing stairs, performing transfers (sit-to-stand and stand-to-sit movements), making coffee, brushing teeth, and ironing clothes without any further restriction. During the whole process, one of the authors (Tanja Heger) followed the participant with a hand-held camera (Sony, resolution 1,920 × 1,080 pixels, frame rate 50 samples/s). Videos were evaluated by two clinical observers (Linda Haertner and Morad Elshehabi), to identify gait bouts, to label turning, and to count the number of steps per bout (29). We discarded those periods in which the feet of the participant were out of sight of the camera (7% of the total time of assessment).

Algorithm Development and Structure (Training Groups)

The algorithm was based on the continuous wavelet transform (cwt) approach. This was justified by previous studies that have shown very good results when extracting HS and TO events in healthy adults and PD patients under constrained condition (12, 30). From the lab-based assessment, HS and TO events were extracted from the anterior–posterior (AP) acceleration of the IMU and compared to the spatial signal of the heel and the toe markers of the Vicon system. From the unconstrained home-like assessment, we extracted only HS information, as the gold standard used in this study does not allow differentiating between HS and TO. Figure 2 provides the general structure of the algorithm.
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FIGURE 2 | Heel strike (HS) and toe off (TO) detection using continuous wavelet transform (cwt) algorithm. IMU, inertial measurement unit; LPF, low-pass filter.



Extraction of HS and TO from the Vicon System

HS and TO were extracted from the active Vicon markers from the left heel, right heel, left toe, and right toe. Details are provided in the legend of Figure 3. The bottom of the (left/right) heel marker curves, reflecting HS, and the top of the (left/right) toe marker curves, reflecting TO, were detected with the findpeaks Matlab function (Matlab R2015b).
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FIGURE 3 | (A) Heel strike (HS) and toe off (TO) were detected from the anterior–posterior (AP) coordinates of the heel and toe markers (gold standard). (B) Event detection from both feet, from AP acceleration (dashed line), its first-order differential continuous wavelet transform (dcwt) (dotted line, dcwt1) and its second-order dcwt (solid line, dcwt2). Black stars indicate HS, and black circles indicate TO. Dashed and solid vertical lines enable the comparison of the two methods to detect HS and TO, showing an overall good correspondence between them.



Extraction of HS and TO from IMU

The algorithm for HS and TO detection from IMU data is illustrated in Figure 3 (12). The AP acceleration was preprocessed by linear de-trending and low-pass filtering at 10 Hz with a second-order Butterworth filter. The preprocessed signal was integrated (with cumtrapz) and differentiated by cwt (with the cwt Matlab function), using an estimated wavelet scale and Gaussian first-order (gaus1) wavelet.

The algorithm for wavelet scale estimation was based on the method by Abry (31). The most dominant frequency from the spectrum of the AP acceleration signal was selected and converted to the scale:

[image: image1]

where a is the scale, Fc is the center frequency (Hz) of the wavelet, Fa is the most dominant frequency (Hz) (pseudo-frequency corresponding to the scale), and Δ is the sampling period (s).

Figure 3 illustrates results of HS and TO detection based on the Vicon and the IMU system. The local minima of the differentiated signal (first-order differentiated signal) were the detected HS points (with the findpeaks function). The first-order differentiated signal was differentiated again by similarly using cwt with estimated scale and Gaussian second-order (gaus2) wavelet, yielding a second-order differentiated signal. The local maxima of the latter signal were defined as TO (findpeaks function). The condition for the local extremes to be considered as HS/TO was as follows: magnitude >40% of the mean of all peaks detected by the findpeaks function.

Adaptation of the cwt to the Steps in the Home-Like Assessment

The IMU dataset for home-like assessment was split into two datasets, to evaluate step occurrence (1) during turning periods and (2) during non-turning periods. For the definition of turning periods, an algorithm recently published by our group was used (29). In brief, a change of the yaw angle (i.e., around the vertical axis) with a magnitude >90° and a duration between 0.5 and 10 s was defined as a turn.

As the shape of the integrated AP acceleration of usual steps differed slightly between the lab-based study and the home-like assessment (Figure 3), we adapted the wavelets in the home-like assessment as follows: We used a gaus2 wavelet for step detection during turning periods and a Daubechies second-order (db2) wavelet for step detection during non-turning periods. Forty percent of the mean of all peaks detected by the findpeaks function served again as the threshold for step definition.

Statistical Analysis

Analyses were performed with JMP 11.1.1 software. Mean and standard deviation (SD) were used to present demographic and clinical data of the groups.

For comparison of HS and TO detection, contingency tables were designed and χ2 tests conducted to test the relationship between methods and groups. Following the χ2 tests, the likelihood ratio (LR) was calculated to measure the association between the two methods.

As the dataset does not allow extracting “true negative steps,” we present total numbers of steps detected by the methods and accuracy values. True positive HS and TO from IMU were defined as <0.3 s difference relative to the respective Vicon event. Bland–Altman plots were created to evaluate the difference between the HS/TO events from the IMU and the HS/TO events from the gold standard.

For the analysis of the home-like assessment, intraclass correlation (ICC) was used to test the agreement of the step detection between the clinical observers. The ICC shows how likely a step was detected by the first clinical observer and also detected by the second clinical observer. We then calculated Cohen’s kappa, true positive, true negative, false positive, and false negative steps during turning and non-turning episodes (including straight walking, shuffling and walking backward episodes), respectively, from the IMU dataset based on the contingency tables. Cohen’s kappa yields the level of agreement between the steps detected by the algorithm and the steps detected by the clinical observers. In this dataset, we defined true negative steps as being below the step detection threshold (≤40%) introduced in the Section “Algorithm Development and Structure (Training Groups).”

RESULTS

Validation

In the lab assessment, for the whole group (which is presented here because no relevant differences occurred between the investigated groups; data available on request), the total number of HS/TO detected by Vicon was 2,730/2,739; by the IMU it was 2,729/2,732. Based on the 0.3s threshold, 9 HS/5 TO were considered false positives, and 10/12 false negatives. Accordingly, accuracies for HS/TO detection were 99/99% for all participants, 99/99% for PD patients, and 99/100% for older adults. LR calculated from χ2 was 0.8 and 0.83 for HS and TO, respectively. Bland–Altman plots showed a mean difference between IMU and Vicon of 0.00 s (95% CI, −0.09 to 0.10) for HS detection, and of 0.00 s (95% CI, −0.12 to 0.12 s) for TO detection (Figure 4).
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FIGURE 4 | (A) Bland–Altman plot illustrating the agreement for time of heel strike detection between the algorithm and the gold standard. The continuous line is the mean, and dashed lines are the 95% confidence intervals (CIs) of step observation difference (in seconds). (B) Bland–Altman plot illustrating the agreement for time of toe off detection between the algorithm and the gold standard. The continuous line represents the mean, and dashed lines are the 95% CI of step observation difference (in seconds). IMU, inertial measurement unit.



In the home-like assessment, the ICC for step detection between clinical observers was 96%. During turning episodes, the total number of steps detected by clinical observers was 4,831; the IMU detected 5,020 steps. During non-turning episodes, the total number of steps detected by clinical observers was 19,885, and from IMU data it was 21,313. During turning episodes, we obtained accuracies for step detection by IMU of 88% for PD patients and 89% for older adults. The corresponding accuracy values for non-turning episodes were 91 and 91%, respectively. Table 2 provides detailed information about the validation values for these analyses.

TABLE 2 | Validation values for steps detection in the home-like assessment.
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DISCUSSION

We present in this paper an algorithm for step detection during non-turning walking episodes on a treadmill and during turning and non-turning walking episodes in a home-like assessment, using a single IMU worn at the lower back. The algorithm was tested in PD patients and older adults and yielded very good accuracy. It might thus provide a valuable tool for future daily-life-like assessments of gait in these cohorts.

One of the major advantages of the algorithm is the consideration of steps during turning. Assessment of steps during turning episodes is frequently omitted in current research (12, 23). Although the accuracy values for step detection during turning were slightly lower than during straight walking episodes (88% compared to 91%), results are still promising and indicate the suitability of the algorithm for gait assessment in daily-life conditions. Moreover, the algorithm showed high accuracy during non-turning episodes, which included stepping on the spot and walking backwards.

This algorithm is reliable in both, lab assessments and home environment, with the adaptation of the used wavelet types. We think that such adaptation of algorithms can substantially increase their validity, and even might be promising when used at an individual level. Such approaches have already been introduced in commercially available step detection systems used in the health and fitness sector, and validated for questionnaire-based assessment in diseases such as cerebral palsy (32, 33). Previous studies demonstrated the frequent challenge to compare results from the lab versus the home environments, as the patients behave differently and show more complex movements in the home environment (18, 34–36). The reliability of the current algorithm in home-like environment indicates its applicability in future assessments of PD patients and older adults in more natural unobtrusive surroundings.

The higher accuracy of the algorithm in the lab assessment versus the home-like environment might not only be due to more regular and “simpler” stepping patterns on the treadmill compared to free living-like movements, but also to the higher accuracy of the gold standard in the lab assessment [Vicon (37, 38) versus video observation, visual classification of a step belonging to a turn or non-turn episode]. Assessment based on clinical observers bears several limitations, e.g., that clinical observers can inaccurately define a step as part of a turning episode (39).

Our algorithm showed comparable validity in our average moderately affected PD patients and in older adults. This finding implies that motor impairments, in particular gait deficits, do not limit the reliability of our algorithm given that individuals can walk without aid. This aspect may be essential to the applicability of the algorithms in different healthy and pathological conditions. Previous algorithms used the vertical acceleration for step detection (12, 30). However, we opted to applying the AP acceleration, which is also an established method, already used in previous studies (23, 40, 41). The vertical acceleration may have better accuracy, but it yielded a more complex pattern in our training dataset in particular in the home-like environment data, which reduced the signal’s regular consistency (40).

The following limitations should be considered in future studies and algorithm development. In the home-like assessment, the gold standard (videotaping) allowed only the validation of step occurrence, but not of HS and TO. Therefore, it was not possible to validate qualitative step parameters (for example, step time, stance time, and swing time), although the algorithm provides these data. Based on the very good results from the treadmill evaluation, we are optimistic that HS and TO parameters extracted from the algorithm in the home-like assessment would also be valid. This hypothesis has to be evaluated in future studies using, e.g., instrumented shoes and insoles. Instrumented shoes with feet IMUs (23) and instrumented insoles (42) provide HS and TO event detection and can be used in home-like conditions (23, 42). Another limitation is the choice of wavelet types and thresholds for step detection. We made these choices of the wavelet types and threshold based on visual inspection of the AP acceleration in the training groups. It is still possible that other wavelet shapes and threshold values yield even better accuracy in these populations and activities. Furthermore, it is worth noting that the error of 0.1 s in HS and TO detection was not negligible if we want to estimate stride time variability. Although some variation may be explained by physiological differences (e.g., feet and lower back may not always be synchronized), further efforts should be undertaken to reduce this variation and increase the sample size to improve the statistical power and reduce the error of such outliers. Moreover, the sample size could be expanded in future studies to test the validity of the algorithm in a bigger cohort.

This study presents and validates an algorithm for step detection during treadmill walking, during turning and non-turning walking episodes based on data extracted from an IMU at the lower back, for PD patients and older adults. The algorithm was tested with different validation methods: optical markers and videotaping. While the results are promising, future work has to investigate the validity of the algorithm in different disease phases of PD including the prodromal phase and potentially also phases in which patients use walking aids.

ETHICS STATEMENT

This study was carried out in accordance with the recommendations of Medical Faculty at the University of Tübingen, protocol number 602/2012BO1, with written informed consent from all subjects. All subjects gave written informed consent in accordance with the Declaration of Helsinki. The protocol was approved by the Medical Faculty at the University of Tübingen.

AUTHOR CONTRIBUTIONS

MP and WM were responsible for the conception and design of the study. KS, TH, MS, CB, and WM contributed to acquisition of data. MP, ME, LH, SD, LR, GS, and WM were involved in analysis and interpretation of data. MP and WM drafted the first version of the article. MP, ME, LH, SD, KS, MS, MH, GF, CH, DS, JF, DB, AS-F, JD, CB, LR, GS, and WM revised it critically for important intellectual content. All the authors gave final approval of the version to be submitted.

ACKNOWLEDGMENTS

The authors thank all individuals who took part in the study.

FUNDING

The study was supported by the EU project FAIR-PARK II, funded under the Horizon2020 Program of the European commission (grant no. 633190, PHC13 2014–2015; NCT02655315) and by Lundbeck. The funding sources did not have any role in conception and design of the study, acquisition, analysis, and interpretation of data, and in writing of the manuscript. The authors acknowledge financial support by Land Schleswig-Holstein within the funding program Open Access Publikationsfonds. SD and LR are supported by the Newcastle Biomedical Research Centre (BRC) and Unit (BRU) based at Newcastle upon Tyne and Newcastle University. They are also supported by the NIHR/Wellcome Trust Clinical Research Facility (CRF) infrastructure at Newcastle upon Tyne Hospitals NHS Foundation Trust. KS and MS received financial support from the Forschungskolleg Geriatrie of the Robert Bosch Foundation, Stuttgart, Germany. All opinions are those of the authors and not the funders.

REFERENCES

1. Hausdorff JM, Rios DA, Edelberg HK. Gait variability and fall risk in community-living older adults: a 1-year prospective study. Arch Phys Med Rehabil (2001) 82:1050–6. doi:10.1053/apmr.2001.24893

2. Bloem BR, Hausdorff JM, Visser JE, Giladi N. Falls and freezing of gait in Parkinson’s disease: a review of two interconnected, episodic phenomena. Mov Disord (2004) 19:871–84. doi:10.1002/mds.20115

3. Galna B, Lord S, Burn DJ, Rochester L. Progression of gait dysfunction in incident Parkinson’s disease: impact of medication and phenotype. Mov Disord (2015) 30:359–67. doi:10.1002/mds.26110

4. van Uem JMT, Marinus J, Canning C, van Lummel R, Dodel R, Liepelt-Scarfone I, et al. Health-related quality of life in patients with Parkinson’s disease—a systematic review based on the ICF model. Neurosci Biobehav Rev (2016) 61:26–34. doi:10.1016/j.neubiorev.2015.11.014

5. Rubenstein LZ, Robbins AS, Schulman BL, Rosado J, Osterweil D, Josephson KR. Falls and instability in the elderly. J Am Geriatr Soc (1988) 36:266–78. doi:10.1111/j.1532-5415.1988.tb01811.x

6. Hamacher D, Singh NB, Van Dieen JH, Heller MO, Taylor WR. Kinematic measures for assessing gait stability in elderly individuals: a systematic review. J R Soc Interface (2011) 8:1682–98. doi:10.1098/rsif.2011.0416

7. Henderson EJ, Lord SR, Brodie MA, Gaunt DM, Lawrence AD, Close JCT, et al. Rivastigmine for gait stability in patients with Parkinson’s disease (ReSPonD): a randomised, double-blind, placebo-controlled, phase 2 trial. Lancet Neurol (2016) 15:249–58. doi:10.1016/S1474-4422(15)00389-0

8. Doi T, Hirata S, Ono R, Tsutsumimoto K, Misu S, Ando H. The harmonic ratio of trunk acceleration predicts falling among older people: results of a 1-year prospective study. J Neuroeng Rehabil (2013) 10:7. doi:10.1186/1743-0003-10-7

9. Pizzigalli L, Filippini A, Ahmaidi S, Jullien H, Rainoldi A. Prevention of falling risk in elderly people: the relevance of muscular strength and symmetry of lower limbs in postural stability. J Strength Cond Res (2011) 25:567–74. doi:10.1519/JSC.0b013e3181d32213

10. Sejdic E, Lowry KA, Bellanca J, Perera S, Redfern MS, Brach JS. Extraction of stride events from gait accelerometry during treadmill walking. IEEE J Transl Eng Health Med (2016) 4:1–11. doi:10.1109/JTEHM.2015.2504961

11. Sabatini AM, Martelloni C, Scapellato S, Cavallo F. Assessment of walking features from foot inertial sensing. IEEE Trans Biomed Eng (2005) 52:486–94. doi:10.1109/TBME.2004.840727

12. Din S, Godfrey A, Rochester L. Validation of an accelerometer to quantify a comprehensive battery of gait characteristics in healthy older adults and Parkinson’s disease: toward clinical and at home use. IEEE J Biomed Health Informat (2016) 20:838–47. doi:10.1109/JBHI.2015.2419317

13. Pfister A, West AM, Bronner S, Noah JA. Comparative abilities of Microsoft Kinect and Vicon 3D motion capture for gait analysis. J Med Eng Technol (2014) 38:274–80. doi:10.3109/03091902.2014.909540

14. Mayagoitia RE, Nene AV, Veltink PH. Accelerometer and rate gyroscope measurement of kinematics: an inexpensive alternative to optical motion analysis systems. J Biomech (2002) 35:537–42. doi:10.1016/S0021-9290(01)00231-7

15. Tolkiehn M, Atallah L, Lo B, Yang G-Z. Direction sensitive fall detection using a triaxial accelerometer and a barometric pressure sensor. 2011 Annual International Conference of the IEEE Engineering in Medicine and Biology Society. Boston, MA: IEEE (2011). p. 369–72.

16. Cronin JB, Rumpf MC. Effect of four different step detection thresholds on nonmotorized treadmill sprint measurement. J Strength Cond Res (2014) 28:2996–3000. doi:10.1519/JSC.0000000000000497

17. Maetzler W, Klucken J, Horne M. A clinical view on the development of technology-based tools in managing Parkinson’s disease. Mov Disord (2016) 31:1263–71. doi:10.1002/mds.26673

18. van Lummel RC, Walgaard S, Pijnappels M, Elders PJM, Garcia-Aymerich J, van Dieën JH, et al. Physical performance and physical activity in older adults: associated but separate domains of physical function in old age. PLoS One (2015) 10:e0144048. doi:10.1371/journal.pone.0144048

19. Maetzler W, Domingos J, Srulijes K, Ferreira JJ, Bloem BR. Quantitative wearable sensors for objective assessment of Parkinson’s disease. Mov Disord (2013) 28:1628–37. doi:10.1002/mds.25628

20. Hobert MA, Maetzler W, Aminian K, Chiari L. Technical and clinical view on ambulatory assessment in Parkinson’s disease. Acta Neurol Scand (2014) 130:139–47. doi:10.1111/ane.12248

21. Rispens SM, Pijnappels M, van Schooten KS, Beek PJ, Daffertshofer A, van Dieën JH. Consistency of gait characteristics as determined from acceleration data collected at different trunk locations. Gait Posture (2014) 40:187–92. doi:10.1016/j.gaitpost.2014.03.182

22. Punt M, Wittink H, van der Bent F, van Dieën J. Accuracy of estimates of step frequency from a wearable gait monitor. J Mob Technol Med (2015) 4:2–7. doi:10.7309/jmtm.4.1.2

23. Micó-Amigo ME, Kingma I, Ainsworth E, Walgaard S, Niessen M, van Lummel RC, et al. A novel accelerometry-based algorithm for the detection of step durations over short episodes of gait in healthy elderly. J Neuroeng Rehabil (2016) 13:38. doi:10.1186/s12984-016-0145-6

24. Sánchez-Ferro Á, Maetzler W. Advances in sensor and wearable technologies for Parkinson’s disease. Mov Disord (2016) 31:1257–1257. doi:10.1002/mds.26746

25. Crenna P, Carpinella I, Rabuffetti M, Calabrese E, Mazzoleni P, Nemni R, et al. The association between impaired turning and normal straight walking in Parkinson’s disease. Gait Posture (2007) 26:172–8. doi:10.1016/j.gaitpost.2007.04.010

26. Mariani B, Jiménez MC, Vingerhoets FJG, Aminian K. On-shoe wearable sensors for gait and turning assessment of patients with Parkinson’s disease. IEEE Trans Biomed Eng (2013) 60:155–8. doi:10.1109/TBME.2012.2227317

27. Hobert MA, Meyer SI, Hasmann SE, Metzger FG, Suenkel U, Eschweiler GW, et al. Gait is associated with cognitive flexibility: a dual-tasking study in healthy older people. Front Aging Neurosci (2017) 9:154. doi:10.3389/FNAGI.2017.00154

28. Srulijes K, Mack DJ, Klenk J, Schwickert L, Ihlen EAF, Schwenk M, et al. Association between vestibulo-ocular reflex suppression, balance, gait, and fall risk in ageing and neurodegenerative disease: protocol of a one-year prospective follow-up study. BMC Neurol (2015) 15:192. doi:10.1186/s12883-015-0447-5

29. Pham MH, Elshehabi M, Haertner L, Heger T, Hobert MA, Faber GS, et al. Algorithm for turning detection and analysis validated under home-like conditions in patients with Parkinson’s disease and older adults using a 6 degree-of-freedom inertial measurement unit at the lower back. Front Neurol (2017) 8:135. doi:10.3389/fneur.2017.00135

30. McCamley J, Donati M, Grimpampi E, Mazzà C. An enhanced estimate of initial contact and final contact instants of time using lower trunk inertial sensor data. Gait Posture (2012) 36:316–8. doi:10.1016/j.gaitpost.2012.02.019

31. Abry P. Ondelettes et turbulence, Multire’solutions. Algorithmes de Décomposition, Invariance d’échelles. Paris: Diderot Editeur (1997).

32. Østensjø S, Øien I, Fallang B. Goal-oriented rehabilitation of preschoolers with cerebral palsy—a multi-case study of combined use of the Canadian Occupational Performance Measure (COPM) and the Goal Attainment Scaling (GAS). Dev Neurorehabil (2008) 11:252–9. doi:10.1080/17518420802525500

33. Novak I, Cusick A, Lannin N. Occupational therapy home programs for cerebral palsy: double-blind, randomized, controlled trial. Pediatrics (2009) 124. Available from: http://pediatrics.aappublications.org/content/124/4/e606.short

34. Horak F, King L, Mancini M, Horak F, King L. Role of body-worn movement monitor technology for balance and gait rehabilitation. (2015). Available from: http://search.proquest.com/openview/9c99249256f1a1d62098c9d655b606eb/1?pq-origsite=gscholar&cbl=40771

35. El-Gohary M, Pearson S, McNames J, Mancini M, Horak F, Mellone S, et al. Continuous monitoring of turning in patients with movement disability. Sensors (Basel) (2013) 14:356–69. doi:10.3390/s140100356

36. Rochester L, Chastin SFM, Lord S, Baker K, Burn DJ. Understanding the impact of deep brain stimulation on ambulatory activity in advanced Parkinson’s disease. J Neurol (2012) 259:1081–6. doi:10.1007/s00415-011-6301-9

37. Webster KE, Wittwer JE, Feller JA. Validity of the GAITRite® walkway system for the measurement of averaged and individual step parameters of gait. Gait Posture (2005) 22:317–21. doi:10.1016/j.gaitpost.2004.10.005

38. Dutta T. Evaluation of the Kinect™ sensor for 3-D kinematic measurement in the workplace. Appl Ergon (2012) 43:645–9. doi:10.1016/j.apergo.2011.09.011

39. Verhoef MJ, Casebeer AL, Hilsden RJ. Assessing efficacy of complementary medicine: adding qualitative research methods to the “gold standard”. J Altern Complement Med (2002) 8:275–81. doi:10.1089/10755530260127961

40. Zijlstra W, Hof AL. Assessment of spatio-temporal gait parameters from trunk accelerations during human walking. Gait Posture (2003) 18:1–10. doi:10.1016/S0966-6362(02)00190-X

41. González RC, López AM, Rodriguez-Uría J, Álvarez D, Alvarez JC. Real-time gait event detection for normal subjects from lower trunk accelerations. Gait Posture (2010) 31:322–5. doi:10.1016/j.gaitpost.2009.11.014

42. Pappas IPI, Keller T, Mangold S, Popovic M, Dietz V, Morari MA. Reliable gyroscope-based gait-phase detection sensor embedded in a shoe insole. IEEE Sens J (2004) 4:268–74. doi:10.1109/JSEN.2004.823671

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

The reviewer, FC, and handling editor declared their shared affiliation.

Copyright © 2017 Pham, Elshehabi, Haertner, Del Din, Srulijes, Heger, Synofzik, Hobert, Faber, Hansen, Salkovic, Ferreira, Berg, Sanchez-Ferro, van Dieën, Becker, Rochester, Schmidt and Maetzler. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) or licensor are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fneur-08-00457-t001.jpg
PD patients Older adults

Training cohort 1
N (females) 3@ 20
Age (years) 723(4.7) 71.0(28)
MDS-UPDRS Il (0-132) 26 (15) 22)
HBY (0-5) 2(1) 00
LED (mg) 640 (353) 00
Test cohort 1

N (females) 1) 12 (4)
Age (years) 74.7(7.2) 708(3.0)
MDS-UPDRS Il (0-132) 39(9) 1(2)
HaY (0-5) 3(1) 00
LED (mg) 540 (298) 0(0)
Training cohort 2

N (females) 4@ 2(1)
Age (years) 69.3(3.6) 63.0(17.0)
MDS-UPDRS Il 0-132) 20(8) 10)
HaY (0-5) 2(1) 0(0)
LED (mg) 683 (735) 00
Test cohort 2

N (females) 21 (1) 12(6)
Age (years) 66.4(9.0) 58.4(89)
MDS-UPDRS Il (0-132) 32(12) 24
HaY (0-5) 3(1) 00
LED (mg) 841 (604) 00

Data are shown as mean  SD, except gender.
H&Y, Hoehn and Yahr; LED, Levodopa equivalent dose; PD, Parkinson's disease; MDS-
UPDRS Ill, motor part of the revised Unified PD Rating scale.





OPS/images/fneur-08-00457-t002.jpg
Cohorts. Cohen’s Acc  Sens Spec NPV PPV Steps. Steps True False False True

kappa (%) (%) (%) (%) (%)  detectedby  detected positve posive negative  negative

(%) algorithm byclinical  steps  steps steps steps
observers

Turning episodes

Overall cohort 73 88 0 85 [ 5,020 4831 4517 314 503 1,730

PD patients 70 88 90 83 [CITS 3618 3484 3257 227 361 1,083

Controls 77 89 90 88 82 94 1,402 1,347 1,260 87 142 647

Non-turning episodes

Overall cohort 72 91 91 0 6 @8 21313 19,885 19,429 456 1,884 4,096

PD patients 7 91 91 0 & 98 16,522 14493 14,181 312 1,341 2,738

Controls 74 91 9 % "o 5,791 5,392 5248 144 543 1,358

Acc, accuracy; NPV, negative predictive value; PD, Parkinson's disease; PPV, positive predictive value; Sens, sensitivity; Spec, specificity.





OPS/images/fneur-08-00457-g003.jpg
Step detection Vicon

Step detection IMU @
Acceleration [m/s?]

1000

Position [mm]

Heel strike and toe off detection using Vicon and the IMU

ACACA A A

icon right heel
— Vicon ighttoe

66

Time [s]

~ HS (IMU) ~TO (IMU) | HS left (Vicon) |TO left (vicon) | HS right (Vicon) | TO right (Vicon)





OPS/images/fneur-08-00457-g004.jpg
>

DIFFERENCE BETWEEN HEEL STRIKE TIME IN

DIFFERENCEBETWEEN TOE OFF TIMEINVICONAND o

02

01

VICONAND THE IMU ALGORITHM [$)

THE IMUALGORITHM []

Heel strike time in Vicon and IMU algorithm

30 40 50 6 70 8 90 100 110 120
MEAN TIME OF HEEL STRIKE IN VICON AND THE IMU ALGORITHM [S

Toe off time in Vicon and IMU algorithm

90
MEAN TIME OF TOE OFF IN VICON AND THE IMU ALGORITHM [S]

70 100 110 120





OPS/images/fneur-08-00457-eq001.jpg





OPS/images/cover.jpg
* frontiers

in Neurology

Validation of a Step Detection
Algorithm during Straight
Walking and Turning in Patients
with Parkinson’s Disease and
Older Adults Using an Inertial
Measurement Unit at the Lower
Back





OPS/images/fneur-08-00457-g001.jpg
Experimental setting

| 3D -Motion Capture cameras

MU

marker trajectories

toe marker
heel marker

O treadmill





OPS/images/fneur-08-00457-g002.jpg
IMU
data.

Integration Seale
i I (emtrapr) etimate
HS detection «—o{  Find local Detrend ewt
minima
TO detection «——r;  nd local ewt

maxima






OPS/images/logo.jpg
Ghesk for

i@





