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Walking speed is an important clinical parameter because it sums up the ability to move and predicts adverse outcomes. However, usually measured inside the clinics, it can suffer from poor ecological validity. Wearable devices such as global positioning systems (GPS) can be used to measure real-world walking speed. Still, the accuracy of GPS systems decreases in environments with poor sky visibility. This work tests a solution based on a mass-market, real-time kinematic receiver (RTK), overcoming such limitations. Seven participants walked a predefined path composed of tracts with different sky visibility. The walking speed was calculated by the RTK and compared with a reference value calculated using an odometer and a stopwatch. Despite tracts with totally obstructed visibility, the correlation between the receiver and the reference system was high (0.82 considering all tracts and 0.93 considering high-quality tracts). Similarly, a Bland Altman analysis showed a minimal detectable change of 0.12 m/s in the general case and 0.07 m/s considering only high-quality tracts. This work demonstrates the feasibility and validity of the presented device for the measurement of real-world walking speed, even in tracts with high interference. These findings pave the way for clinical use of the proposed device to measure walking speed in the real world, thus enabling digital remote monitoring of locomotor function. Several populations may benefit from similar devices, including older people at a high risk of fall, people with neurological diseases, and people following a rehabilitation intervention.
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INTRODUCTION
The ability to move is a feature that characterizes most of the animal kingdom because it plays a critical role in finding food, escaping danger, and surviving. Notably, generalized slowing of movement is associated with aging (Studenski, 2009). Even for humans, where these primordial tasks are less important, the capacity to move is essential to maintain independence in daily activities (Yildiz, 2012) and good quality of life (King et al., 2013). From a physiological point of view, locomotion is a complex matter involving the following systems: nervous (central and peripheral), perceptual, muscular, and skeletal. It is also influenced by how energy is produced and delivered (Ferrucci et al., 2000). One of the most significant parameters summarizing the ability to move is walking speed (WS) (Abellan Van Kan et al., 2009), a valid, sensitive, and specific measure (Fritz and Lusardi, 2009). It is widely used as a predictive tool for future adverse outcomes such as disability (Newman et al., 2006), shortened survival time (Studenski, 2011), institutionalization (Montero-Odasso et al., 2005), worsening health status (Studenski et al., 2003), and falls (Guimaraes and Isaacs, 1980). Walking speed reflects both functional and physiological changes (Perry et al., 1995).
For this reason, it is useful to evaluate the effects of rehabilitation (Goldie et al., 1996). In fact, several medical fields such as neurology, geriatrics, orthopedics, and cardiology assess WS (Graham et al., 2008). A WS measurement can be part of a more structured and validated performance test (Schimpl et al., 2011) (e.g., Short Physical Performance Battery and Time Up and Go), or be used as a single measure, especially for predictive purposes (Hardy et al., 2007).
The WS is primarily assessed over short distances (both for ease and speed of execution), typically four or 10 m (Graham et al., 2008); a stopwatch is used to measure the time taken to travel the assigned distance. The measure is performed predominantly in a controlled environment. While this setup is prevalent and validated, some studies have pointed out the poor ecological validity of assessing WS in an environment like a hospital or clinical facility (Moseley et al., 2004; Stellmann et al., 2015). In fact, unlike walking in real life, the distance is limited, and the environmental conditions are relatively unvarying. As a result, different technologies, like inertial measurement units (IMU) or global positioning systems (GPS), have been used to measure walking speed continuously in daily life. The latter solution offers distinct advantages, as it allows to have a direct and continuous measurement of WS without the need for integration (e.g., accelerometer) (Gernigon et al., 2015) or supervision (Gernigon et al., 2014). Besides WS, it allows, using the absolute position, an assessment of different types of mobility patterns (Fillekes et al., 2019) (e.g., for epidemiological studies (Klous et al., 2017)). Previously, Le Faucheur et al. (2007), Townshen et al. (2008), and Noury-Desvaux et al. (2011), tested the accuracy of portable, low-cost stand-alone GPS devices in measuring walking speed in environments with complete sky visibility (e.g., outdoor running track, public park free of buildings and dense trees), obtaining promising accuracy. One of the major limitations of such devices, however, is that their accuracy decreases in environments where obstacles obstruct sky visibility (like under trees or near high buildings) and becomes very low when used indoors. Still, those environments with decreased visibility are also very important for a real-world evaluation of walking. One technique that increases the system’s accuracy, especially in the situation of decreased sky visibility, is the Real Time Kinematic (RTK) modality, based on the use of two communicating GPS receivers to obtain a differential solution (which standard stand-alone GPS devices cannot perform). This technique is not new, but until a few years ago only bulky, very expensive (>1000 €) survey-grade receivers were available. Recently, the mass-market production of RTK-capable chipsets has reduced costs and dimensions while ensuring good accuracy (although lower than professional receivers).
This work aims to assess the suitability of a mass-market RTK receiver to measure real-world walking speed (RWWS), in a challenging environment with different degrees of sky visibility. To do so, the data from the RTK receiver is processed as detailed below and compared with values obtained from typical reference systems for these kind of studies (an odometer and a stopwatch).
MATERIALS AND METHODS
Instrumentation and Data
The tested device is a low-cost (∼250€), dual-band, multi-constellation RTK-capable receiver called simpleRTK2B (Ardusimple, Spain), based on the chipset ZED-F9P (u-blox). This device was the first mass-market receiver with upper and lower L-band coverage for all major constellations of GPS, GLONASS, Galileo, and BeiDou satellites, collectively known as GNSS (Global Navigation Satellite System). The RTK technology is based on the communication between two receivers, a base, and a rover. The base receiver, located in a fixed, known position, can calculate the error between its actual position and its position as estimated by the GNSS. If the base and rover are close enough (less than 30 km), they suffer the same environmental errors, so the rover can use the error calculated by the base as a differential correction to improve its accuracy.
The receivers communicate through the internet as caster and client, using the NTRIP protocol (Dammalage and Samarakoon, 2008). In our study, the simpleRTK2B worn by the participants acted as the rover. We used a reference station (part of the EUREF permanent GNSS network) that offers a no-fee caster service as the fixed base. The base station, located in Medicina (BO, ITA), uses a LEICA GR25 receiver situated about 25 km away from the testing location (Costa-Saragozza district, BO, ITA). We used the Lefebure NTRIP client application, installed on a smartphone (Oneplus 6) and connected to the receiver through Bluetooth, to receive the differential corrections and log the NMEA sentences obtained from the receiver (u-bloxF9HPG, 2021).
The rover setup comprised the simpleRTK2B (weight: 100 g; dimension: 68 × 53 mm) wired with an antenna (ANN-MB series, u-blox, weight: 200g; dimension: 60 × 55 mm) and powered by a power bank (see Figure 1).
[image: Figure 1]FIGURE 1 | Device set-up: simpleRTK2B, antenna, power bank, and smartphone.
We were interested in extracting only two NMEA sentences from the RTK rover: the RMC (Recommended Minimum Specific GNNS Data) and GGA (Global Positioning System Fixed Data). For this reason, we set the device to output only these sentences, at the minimum sampling period allowed, 55 ms (18.18 Hz). From these sentences, we extracted the data shown in Table 1 for each sample.
TABLE 1 | Data extracted from NMEA sentences.
[image: Table 1]The number of satellites used, the age of the differential corrections and the HDOP (Horizontal Dilution Of Precision) were recorded to monitor the receiver’s functioning during the acquisitions. However, since their values were almost always constant and good, they will not be presented in the following analysis. Also, the altitude is not mentioned further because the test took place in a flat area.
The device can work in different modalities (called position fixed indicator) with different qualities (and corresponding degrees of accuracy). This is because calculations are performed differently for different modalities. Each modality is summarized here in descending order of accuracy (quality):
1. RTK: differential technique based on carrier signal with an integer resolution of the integer ambiguity (Teunissen, 2003).
2. Float RTK: differential technique based on carrier signal with a float resolution of the integer ambiguity.
3. DGPS: differential technique based on code signal.
4. GPS: single-point positioning, stand-alone functioning. For a more detailed explanation, please refer to (Kaplan and Hegarty, 2005).
Experimental Protocol
Seven healthy adults, five males and two females (age: 32 ± 6 years, height: 174 ± 14 cm), were recruited for this study after giving their informed consent. The acquisitions were all made on the same day (from 9:30 a.m. to 2 p.m.), with sunny and cloudless environmental conditions. Participants had the device in a backpack with the antenna on it (see Figure 2), similarly to previous studies (Le Faucheur et al., 2007; Noury-Desvaux et al., 2011). To test the accuracy of the device in different operating conditions, we defined a flat, 1300-m loop with different sky views (see Figure 3): open sky (park); open sky with few interferences (few trees), highly obstructed (under tall trees with buildings on both sides), and totally obstructed (under arcades). Figure 3 shows a photo of the path with pins describing the start and endpoints of the 26 tracts (each tract is described by two pins, e.g., tract 1 is between pin 0 and 1). This area is in the Costa-Saragozza district of Bologna (lat: 44.495,280°, long: 11.312,900°). Participants started walking in an open field to allow the device to operate with the highest accuracy possible and then walked 26 tracts of approximately 50 m (49.9 ± 1.7 m) at a comfortable pace while carrying the backpack and an odometer (STANLEY MW40M, accuracy 1 dm). This instrument accurately measured the distance and showed the participants and the examiner when they had walked 50 m and had to stop. An examiner walking beside the participant timed each tract with a stopwatch (Finis 3 × 100M, accuracy 1/100s). At the end of each tract, when the examiner instructed the participant to stop, the examiner noted down the elapsed time, and the distance traveled.
[image: Figure 2]FIGURE 2 | Set-up of a participant.
[image: Figure 3]FIGURE 3 | Image taken from Google Earth showing the 1300-m path (red line) and the start and end points of each walking tract (white pins). Description of the tracts: 1–5 park (open sky), 6–9 arcades (totally obstructed visibility), 10–12 bicycle lane (open sky with a few trees), 13–17 bicycle lane under tall trees, with tall buildings on both side (highly obstructed visibility), 18–24 sidewalk with tall buildings (partially obstructed visibility), and 25–26 park (open sky with a few trees).
Data Processing
First, we discarded the sentences with ‘V’ in the RMC status field, indicating the receiver did not obtain a result. This can happen for many reasons, like very poor coverage. We converted latitude, longitude, time, and velocity from the NMEA formats to degree, DateTime format, and m/s, respectively. By manually inspecting the raw velocity signal, we found the start and end of each 50-m tract and extracted the walking sessions from the resting periods for a total of 182 (26 × 7) sessions whose average speeds could be compared. We calculated the elapsed time, and the distance traveled for each walking session. The distance was calculated as the line integral between the start and end of the walking session. More precisely, we summed all the distances (D) calculated between each position sample (lat, long) using the haversine formula:
[image: image]
where R is the radius of the earth (6,371 km), lat is the latitude and long is the longitude of each of the two points between which we calculate the distance (see Figure 4).
[image: Figure 4]FIGURE 4 | Graphical explanation of the haversine formula.
We calculated the average RWWS measured by the simpleRTK2B as the distance walked divided by the elapsed time. We chose this method to be consistent with the odometer reference system, which uses the same formula. In fact, for the reference values, the distances obtained from the odometer were divided by the times obtained from the stopwatch.
Statistical Analysis
The comparison between the average RWWS measured with the simpleRTK2B and the reference system was performed using the Pearson’s correlation coefficient to measure the linear association between the two sets of data, the R-squared value to quantify the explained variance, and the Bland-Altman analysis (Bland and Altman, 1999) to test the agreement between the two systems. The minimal detectable change (MDC) was also calculated to measure the system’s accuracy. It was calculated as one-half the difference between the Bland-Altman plot’s upper and lower agreement limits (Haghayegh et al., 2020). Finally, to better understand the relationship between the accuracy of the measurement and the different working modalities, which are influenced by the degree of visibility of the sky in the different tracts, we repeated the same analyses on two subsets of the data. These cases were created by discarding all the values obtained in tracts with the percentage of DGPS solutions (the least accurate modality achieved during the study) above 50 and 25%, respectively.
A bootstrap analysis (using random sampling with replacement repeated 100 times) was performed to evaluate the confidence intervals of the obtained metrics. It was also used, together with one-way analysis of variance (ANOVA) and Tukey-Kramer test for multiple comparisons, to evaluate significant differences between the three cases (the full dataset and the two subsets with different quality thresholds).
The analyses were performed in Matlab (R2020a).
RESULTS
During the experiment, the device worked in three modalities (RTK, float RTK, and DGPS) for 23.8%, 43.4%, and 32.8% of the time, respectively. It never worked in the GPS modality. The behavior of the simpleRTK2B receiver in the different tracts of the path is described in Figure 5, which shows the average percentage usage of the three modalities achieved for each tract. The RTK modality (highest quality) is the most difficult to obtain, and, as expected, it is mostly achieved in tracts with open sky visibility (for example, tracts 1–5 and 10–12). On the other hand, as expected, the DGPS modality is mainly present in tracts with total obstructed sky visibility like arcades (tracts 6–9) or poor visibility due to tall trees and/or buildings (tracts 14–20). Instead, the float RTK modality is often present across all tracts, especially in tracts with a partially obstructed sky view.
[image: Figure 5]FIGURE 5 | Average percentage use of the different modalities in each track.
Another aspect worth mentioning about the device behavior is the low number of empty results from the device (discarded in pre-processing). Out of 82,171 walking samples, only 95 (0.1%) were discarded, and 64 of them belonged to a single participant (Participant 1). As expected, 93% of these data points happened while the participants were under the arcades.
The two obtained walking speed datasets (simpleRTK2B and reference system), and the related scatter plot are presented in Table 2 and Figure 6. In Figure 6, color represents the average quality of the tract in which that speed calculation was performed.
TABLE 2 | Walking speed values obtained from the RTK and the reference systems.
[image: Table 2][image: Figure 6]FIGURE 6 | Scatter plot of the average walking speed (x-axis reference, y-axis GPS). The color map represents the RGB triplets associated with the relative frequency of the three working modalities in each tract (RGB) = (n° DGPS, n° RTK, n° float RTK).
The Pearson’s coefficient, the R-squared, and the MDC obtained from the Bland-Altman analysis are shown in Table 3, divided into the three cases considered (full dataset and the two subsets with different quality thresholds). For the two cases in which the quality threshold is applied, the number of discarded tracts, the average (±std) number of tracts discarded for each participant, and the remaining tracts in which WS is calculated are also reported.
TABLE 3 | Summary results.
[image: Table 3]Lastly, Figure 7 presents the Bland-Altman plots with the average difference values and the limits of agreement for the three cases.
[image: Figure 7]FIGURE 7 | Bland-Altman plots considering all tracts (A), tracts with <50% DGPS solutions (B), and tracts with <25% DGPS solutions (C). The mean difference and the upper and lower limits of agreements (LoA) are reported.
DISCUSSION
Multiple reasons led the device to work in the different modalities presented above, such as the base station receiver type, coordinate accuracy, number of available satellites, environmental factors, and operating range.
Within the environmental factors, in this work we mainly considered landscape-related factors, such as trees and buildings, which may obstruct the signal and lead to multipath interference (reception of reflected signals). The path selected for the acquisition offered different-use scenarios typical of a city, like tall buildings, arcades, and trees which entirely or partially obstructed visibility (obstructions could also be underpasses or hallways between buildings). On the other hand, the path also presents tracts with open sky typical of a city park and situations of mild interference. Such a heterogeneous scenario is an excellent and challenging test for a GPS receiver.
First, it should be noted that although a tiny percentage of invalid points occurred in the tracts with high interference, the simpleRTK2B never selected the lowest-quality modality (GPS), which is a single-point positioning modality that would be equal to standard GPS stand-alone devices. Instead, the device always worked in a differential configuration. This result reflects the advantage of using an RTK receiver instead of a classic stand-alone GNSS logger or a smartphone for monitoring purposes since the differential modality leads to better accuracy than single-point positioning. Considering that among the differential modalities, the RTK is better than DGPS,, another positive aspect is that the device worked for 43.4% in float RTK and for 23.8% in RTK.
The comparison with the reference system shows a pretty good correlation (Pearson’s coefficient of 0.82), even though the GPS receiver tended to underestimate the RWWS, as we can see in Figures 6, 7 and Table 2. This tendency is higher for speed values obtained with lower accuracy (red and violet shades in Figure 5).
When applying the two quality thresholds, the correlation coefficient increases to 0.93. If we look at the scatter plot, we can see that the green and blue points tend to be closer to the equality line. Similarly, for the R-squared values, the explained variance goes from 0.67 to 0.87 using the quality thresholds. This statistically significant improving trend (correlation and R-squared values are significantly higher, as expected, with higher quality) demonstrates how the different sky visibilities influence the system’s functioning.
The MDC obtained was 0.12 m/s in the general case, with [0.11 0.14] as confidence interval. A recent review (Bohannon and Glenney, 2014) found minimal clinically important differences (MCIDs) for comfortable speed to be in a range between 0.1 and 0.17 m/s for various pathologies. Previous studies also indicated that an improvement or decrease of 0.1 m/s is related to positive or negative health outcomes, respectively (Purser et al., 2005; Hardy et al., 2007; Fritz and Lusardi, 2009). Therefore, the obtained MDC for the general case (and corresponding confidence interval) is in line with the reported MCID values, indicating a promising capability in identifying a clinically meaningful change in walking speed. Furthermore, the values, 0.9 m/s and 0.7 m/s, achieved from the two higher quality subsets of data perform even better, being under the reported MCID range, with the latter having the whole confidence interval below the range. The MDC is significantly lower (as expected) with higher quality.
One aspect to consider about these results is that the MCID are obtained from measurements conducted in the laboratory setting and not in the real-world environment, where values of MCID of walking speed are still not known. Further studies should consider how/whether the reported MCID values would change in the real world.
So, the procedure of applying a threshold on the quality of the tracts could be useful to increase the system’s accuracy in obtaining the average speed of the entire path. Still, it could be argued that by applying this threshold, some tracts are discarded from the computation, and this could be a problem if the presence of discarded tracts is significant. Further studies on this aspect may be needed.
The results of the agreement analysis are in line with the ones obtained by Le Faucheur et al. (Le Faucheur et al., 2007), who used a low-cost non-differential stand-alone GPS. Also, they tested the device on an outdoor running track, which has complete sky visibility, while we tested the presented device in an environment with different degrees of sky visibility and interference.
In our study, the Bland Altman plots underline a small (between 0.04 and 0.06 m/s) positive bias that may be due to a systematic error related to the characteristics of the acquisition protocol (e.g., time estimation with a stopwatch).
The obtained results demonstrate the feasibility and validity of the presented device for the measurement of real-world walking speed, even in tracts with high interference. The main advantage of such device, with respect to other devices currently used for real-world walking speed estimation such as IMUs (Mazzà et al., 2021), is the fact that a wide set of additional measures and metrics (not measurable by an IMU) can be obtained. GPS devices in fact can provide, thanks to their localization capabilities, quantitative information on several aspects characterizing daily mobility such as life space (Fillekes et al., 2019; Taylor et al., 2019), out-of-home activities (Fillekes et al., 2019; Haeger et al., 2022), active transport modes (Fillekes et al., 2019), trajectories (Ziepert et al., 2021), distances from specific points (or participants) (Ziepert et al., 2021), time spent indoor/outdoor (Bayat et al., 2022), and type of activities (e.g. medical or sport-related) (Bayat et al., 2022).
The first limitation of this study is that we only tested a single weather condition (sunny and cloudless). This allowed us to focus on the effect of landscape interference, but further studies are needed considering interference from different weather situations (e.g., cloudy vs. sunny), which can also affect the system’s accuracy.
Another limitation of this study is the small sample size which was used for this exploratory study. Larger sample sizes should be considered in future studies. A further limitation is that only healthy adults were considered, although this is common to most studies using GPS devices for walking speed estimation, except from two exploratory studies where a non-differential GPS was used to evaluate walking speed in people with Multiple Sclerosis (Delahaye et al., 2021) and people with claudication (Gernigon et al., 2014).
As a further future development, the reference system could be improved to be more independent from human error than a stopwatch, although this kind of system is often used in similar works.
Also, a usability analysis of the presented system on clinical populations of interest is an important future step to perform. In fact, this device is not as easily wearable as a smartwatch or an IMU (although being much smaller than RTK survey-grade devices).
Another possible future development is using a sensor fusion approach to integrate the functionality of the RTK-GPS receiver with an inertial sensor or other kinds of devices (Barry et al., 2018). This union could overcome the shortcomings of the GPS (the need to be used outdoors and the degradation of accuracy in situations with high interference). On the other hand, the information provided by the GPS, like true position and absolute time reference, could be beneficial for increasing an IMU functionality.
In conclusion, this is the first study that uses a mass-market RTK receiver to measure and validate WS in a real-world scenario to the best of our knowledge. The obtained results provide a preliminary insight and validation of the potential of a mass-market RTK receiver to measure walking speed in the real world. Notably, this work has proven the suitability of the simpleRTK2B for measuring average real-world walking speed even in environments with high interference and poor sky visibility. The measurements obtained in healthy adults were accurate enough to measure clinically important differences.
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Participant simpleRTK2B Speed, m/s Reference Speed, m/s

(std) [Range] (std) [Range]
1 1.55 (0.07) [1.44-1.72] 1.59 (0.06) [1.47-1.68]
2 1.50 (0.07) [1.37-1.64] 1.55 (0.05) [1.46-1.69)
3 1.32 (0.06) [1.18-1.48] 1.37 (0.06) [1.17-1.47]
4 1.40 (0.06) [1.27-1.49] 1.47 (0.04) [1.37-1.56)
5 1.48 (0.10) [1.24-1.65] 1.56 (0.08) [1.33-1.67]
6 1.43 (0.12) [1.24-1.71] 1.51 (0.10) [1.27-1.66]
7 1.52 (0.08) [1.32-1.63] 1.58 (0.05) [1.45-1.66]
Tot 1.46 (0.11) [1.18-1.72) 1,62 (0.10) [1.17-1.69]

The average walking speed, its standard deviation (std), and range [min-max]for both the
simpleRTK2B and reference systems, considering all 26 measurements from each
subject. In the last line (Tot), values are calculated considering al the tracts of all the
particioants.
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UTC Time
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Status: presence of the solutions
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Age of differential corrections: seconds since the last update of the corrections by the References
station

Horizontal dilution of precision (HDOP): effect of navigation sateliite geometry on positional
measurement precision

Satelites used: number of satelites used in the solution (for the NMEA format, the maximum
number is 12)

Position fix indicator: modaitty in which the device calculated the solution (RTK, fioat RTK, DGPS,
or GPS: defined below)

Source

RMC
RMC
RMC
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GGA
GGA
GGA
GGA

GGA

Format
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" for void or ‘A’ active
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Degrees and decimal
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Hour, minute, second,
milisecond

knots.
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Pearson’s Coefficient R-squared [CI] MDC (m/s) Total Number Number of Number of

fcn [} of Discarded Tracts Discarded Tracts where
Tracts by Participant ws is
(mean = std) Calculated
All values 082 (0.7 088] * 067 [0.590.76] * 0.12[0.110.14] * o 0 182
DGPS <50% 09 [0.84095] * 081[0.71 090 * 009 (0.07 0.11] * 52 752 130
DGPS <25% 093091 0.96] * 087 (082 093] * 0.07 [0.06 0.09] * 90 13£3 %

Summary of the computed metrics for the three cases: values from al tracts, values from tracts with <50% DGPS solutions, and values from tracts with <25% DGPS solutions. The MDC is

calculated as one-half the difference between the upper and lower limits of agreement of the Bland-Altman plot. Cl: 95% confidence intervals obtained with bootstrap sampling; *significant
difference (p < 0.001) from both the other groups.
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