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Abstract: Running gait assessment is essential for development of technique optimization strategies 10 

as well as to inform injury prevention and rehabilitation. Currently, running gait assessment relies 11 

on (i) visual assessment, exhibiting subjectivity and limited reliability, or (ii) use of instrumented 12 

approaches, which often carry high costs and can be intrusive due to attachment of equipment to 13 

the body. Here use of an IoT-enabled markerless computer vision smartphone application based 14 

upon Googles pose estimation model BlazePose was evaluated for running gait assessment for use 15 

in low-resource settings. That human pose estimation architecture was used to extract contact time, 16 

swing time, step time, knee flexion angle and foot strike location from a large cohort of runners. The 17 

gold-standard Vicon 3D motion capture system was used as a reference. The proposed approach 18 

performs robustly, demonstrating good (ICC(2,1) > 0.75) to excellent (ICC(2,1) > 0.90) agreement in all 19 

running gait outcomes. Additionally, temporal outcomes exhibit low mean error (0.01-0.014s) in left 20 

foot outcomes. However, there are some discrepancies in right foot outcomes, due to occlusion. This 21 

study demonstrates that the proposed low-cost and markerless system provides accurate running 22 

gait assessment outcomes. The approach may help routine running gait assessment in low-resource 23 

environments. 24 

Keywords: gait analysis; computer vision; deep learning; signal analysis; pose estimation; 25 

BlazePose; smartphone application 26 

 27 

1. Introduction 28 

Running for sport and exercise has continually grown in popularity due to its obvious 29 

health benefits and low (cost, skill, resource) barrier to entry [1]. As participation in run- 30 

ning has increased, so too has the assessment and analysis of running gait to e.g., avoid 31 

injury or improve efficiency. Running gait assessment generally encapsulates the study of 32 

lower-extremity kinematics [2]. Particularly, running gait assessment is paramount in 33 

providing injury prevention and rehabilitation mechanisms through quantifying the fac- 34 

tors pertaining to the unique patterns of limb movement and co-ordination [3]. For exam- 35 

ple, runners exhibiting a rear-foot strike have found to be at almost twice the risk of a 36 

repetitive strain injury in comparison to those with a fore or mid foot strike [4]. As such, 37 

identifying and adapting small changes such as strike location to the running stride can 38 

minimize injury risk. Additionally, identifying shortcomings and adapting the running 39 

stride can lead to performance optimizations and overall better technique and speed. For 40 

example, adopting a fore foot strike location can minimize ground contact time, contrib- 41 

uting to an increased race speed [5], and improve metabolic economy [6]. 42 

Traditionally, running gait assessment has relied upon manual, visual/video-based 43 

observation of treadmill running by a trained individual (e.g., bio-mechanist, sports ther- 44 

apist). However, there is some dispute as to the reliability of such approaches between 45 
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assessors, often being reliant upon the observed plane and/or assessor experience [7]. Con- 46 

sequently, running gait assessment has moved towards instrumented approaches such as 47 

wearable technology including inertial measurement units (IMU), force/pressure plate 48 

analysis [8-10], as well as three dimensional (3D) motion tracking [11, 12] in an effort to 49 

provide reliable, reproduceable outcomes. Despite research grade wearable technology’s 50 

utility in providing a wide range of gait outcomes, they are currently limited in use due 51 

to the cost [13], tethering of peripheral technologies and the reliance upon bespoke envi- 52 

ronments with expert assistance [9]. For example, wearable sensors or 3D-motion reflec- 53 

tive markers often rely upon precise anatomical placement for optimal use [14, 15]. Addi- 54 

tionally, such technologies are naturally intrusive, often requiring adhesion to the skin or 55 

clothes by e.g., medical tape [16], which may cause discomfort and thus, affect a natural 56 

running cycle; limiting the usability of such approaches for habitual use. Consequently, 57 

investigation into the use of markerless assessment systems for running gait assessment 58 

is warranted. 59 

Markerless systems typically encapsulate human pose estimation methods from 2D 60 

or 3D video streams. For example, OpenPose [17] utilizes deep learning-based part affin- 61 

ity fields to identify anatomical locations from a 2D video stream, providing a digital skel- 62 

eton of an individual performing a range of tasks. Alternatively, Microsoft’s Kinect [18] 63 

utilizes depth sensors and infrared cameras to provide a 3D mapping of a human skeleton 64 

in near real-time. Although 3D-approaches such as Kinect have demonstrated validity in 65 

certain spatiotemporal gait outcomes [19], their innate high-cost (e.g., specific hardware 66 

rather than a generic camera) in comparison with 2D-based deep learning approaches 67 

limit their use much like wearable and marker-based tracking technologies. Accordingly, 68 

a 2D-based approach is generally preferred (and is the focus of this study). 69 

To date, 2D markerless pose estimation has primarily seen research interest within 70 

normal walking/gait assessment. For example, markerless pose estimation has been in- 71 

vestigated for use within clinical-based studies [20-22], where computer vision-based gait 72 

assessment could be used as a primary biomarker to assess disease onset and wellbeing. 73 

In the referenced studies, both spatial [20-22] and temporal [21] outcomes are evaluated 74 

with generally positive results. In contrast, there are significantly less developments for 75 

running gait with 2D pose estimation, although use of OpenPose has demonstrated an 76 

ability to examine cadence [23]. Yet, within running gait, there are a significantly higher 77 

number of relevant outcomes to inform e.g., performance optimization such as contact 78 

time, swing time and knee flexion angle [24, 25]. Accordingly, this warrants further explo- 79 

ration of the validity of markerless pose estimation within running gait. Furthermore, any 80 

contemporary approach to analyze running gait should ensure flexibility to assess in any 81 

environment, beyond bespoke facilities to evoke natural running patterns [26]. Accord- 82 

ingly, reliance upon the OpenPose infrastructure, despite its reliability, requires signifi- 83 

cant computational cost (e.g., multi-GPU, high-powered computer) and so limits use 84 

within habitual or low-resource settings. In contrast, routine technologies (e.g., 85 

smartphone) may be more suitable. As such, low-powered 2D approaches must be inves- 86 

tigated to enable running gait assessment beyond complex, research-grade environments. 87 

BlazePose is a low-powered markerless pose estimation technique and has recently 88 

demonstrated the ability to run on inexpensive hardware (Pixel 2 smartphone) [27]. The 89 

approach has been shown to provide a tradeoff relationship with OpenPose, sacrificing 90 

some anatomical accuracy for significant reduction in computational cost in clinical envi- 91 

ronments [28]. Consequently, the approach could augment assessments within low-re- 92 

source settings through deployment on low-powered hardware such as a smartphone. 93 

Considering approx. 90% of adults own a smartphone [29], the technology is gener- 94 

ally ubiquitous in everyday life. Accordingly, smartphones are providing a mechanism 95 

for remote healthcare, data capture and transmission within the Internet of Things (IoT) 96 

[30] due to their relatively low computational power, connectivity and storage capabili- 97 

ties. Equally, a smartphone can capture data, while offloading complex computations to 98 

an external device (e.g., server). Consequently, smartphones could be used to augment 99 
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complex assessments that were previously reliant on expert in-person visits. Applied to 100 

running gait assessment, a smartphone was conceptualize as the data capture mechanism 101 

(via video) then transmitted to a local edge device to enable more accessible running gait 102 

assessment. As such, here, a single-camera approach to running gait assessment utilizing 103 

the low-powered BlazePose 2D pose estimation framework is proposed. The study aims 104 

to assess the validity of the low-powered approach, running on a custom smartphone ap- 105 

plication and low-cost server in comparison to a reference-standard 3D motion tracking 106 

system. Through validating the low-resource approach, the work aims to contribute to 107 

moving the field of running gait assessment out of bespoke facilities (e.g., lab) and into 108 

low-resource (e.g., everyday/habitual) environments by providing a simplified mecha- 109 

nism for running gait assessment (smartphone camera) in comparison to existing gold- 110 

standard approaches, that could conceivably be used e.g,, in the home, or at the gym. 111 

2. Materials and Methods 112 

2.1 Participants 113 

 Thirty-one healthy, experienced runners (34.5  9.7 years; 1.75  0.30 meters/m; 76.2 114 

 4.1 kilograms/kg; 20-male:11-female) were recruited from running clubs throughout the 115 

Northeast of England. Participants were screened for previous running-related injuries 116 

(RRI) and their ability to perform unsupervised, short treadmill-based running bouts. No 117 

participants reported any gait-affecting injuries or conditions that would adversely affect 118 

their ability to participate in the study and all had previous treadmill running experience. 119 

 Ethical approval for the study was granted by Northumbria University’s Research 120 

Ethics Committee (reference: 21603). Prior to testing, participants were given informed 121 

consent and provided verbal and written consent following a short briefing. Upon con- 122 

senting, participants were provided with a standardized, neutral cushioning running shoe 123 

(Saucony Guide Runner) to wear during testing in order to remove bias from gait-affecting 124 

cushioning within e.g., support cushioning running shoes [31]. 125 

 126 

2.2 Video Capture 127 

 Participants were video recorded from side and rear angles during treadmill running 128 

sessions utilising two iPhone 13 smartphones, capturing at 240 frames per second (FPS) to 129 

provide slow-motion video streams for the application of 2D pose estimation. The 130 

smartphones were placed in seperate static mounts approx. six feet from the left side and 131 

rear of the treadmill, standardising the video capture sessions. Before running, participants 132 

were filmed performing a short static test, where they stood up straight with hands to the 133 

side to establish a baseline reading. Once calibrated, participants performed up to five 1- 134 

minute runs on a treadmill between 8 kilometers/hour (km/h) and 14 km/h, selected based 135 

upon a pace comparable to their most recent outdoor 5km pace.   136 

 137 

2.3 Reference system and data labelling 138 

 To provide a ground-truth to benchmark the system performance against, a 14-cam- 139 

era 3D motion tracking system (Vicon Vertex, UK, www.vicon.com) was used, providing 140 

a high-resolution 3D skeletal mapping of participants during treadmill running. Partici- 141 

pants were fitted with 16 neo-reflective markers, located at the calcaneal tuberosity (heel), 142 

lateral malleoli (ankle), base of the second metatarsal (front-foot/toe), lateral mid-shank, 143 

lateral knee joint line, mid-lateral thigh, anterior superior iliac spine, and posterior supe- 144 

rior iliac spine. The Vicon 3D motion tracking system was configured to poll at 200 Hertz 145 

(Hz) to provide a suitable rate of detail for intricate gait assessment.   146 

 To ensure robust outcomes were obtained from the Vicon system, the built-in gait 147 

analysis suites were utilized, which have been used to provide a gold-standard set of gait 148 

outcomes for comparison with other sensing technologies such as infrared cameras [32] 149 

http://www.vicon.com/
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and wearable technology [33]. The following gait outcomes were obtained from the Vicon 150 

system. 151 

 152 

• Initial contact (IC) – The point of which the foot first contacts the ground. 153 

• Final contact (FC) – The point of which the foot first leaves the ground. 154 

• Contact time (CT) – The total time elapsed between IC and FC (i.e., time foot spent 155 

in contact with the ground. 156 

• Swing time (ST) – The time elapsed between an FC event and a proceeding IC (i.e., 157 

time foot spent off the ground). 158 

• Step time (StT) – The time elapsed between two IC events. 159 

• Cadence – The number of steps taken per minute of running 160 

• Knee flexion angle – The angle between lateral mid-shank, lateral knee joint line 161 

and mid-lateral thigh throughout a gait cycle. 162 

• Foot strike location – The angle of the foot during contact with the ground during 163 

IC 164 

 165 

2.4 Proposed low-cost approach 166 

 Typically, OpenPose [17], has been used for 2D computer vision-based running gait 167 

assessment but requires a complex GPU configuration due to reliance on convolution pose 168 

machines [34] and part affinity fields [35], which may create a barrier of entry to typical 169 

users through high associated computational costs. Furthermore, through utilising part 170 

affinity fields, OpenPose performs multi-person pose detection, which creates additional 171 

complexities that are unnecessary within running gait assessment (for a single individual). 172 

Alternatively, Blazepose provides 33 anatomical keypoints for single-person videos, which 173 

includes hips, knees, ankles, heels and toes. That provides a suitable level of anatomical 174 

detail for understanding running gait biomechanics [36], while retaining a substantially 175 

lower computational cost by naively relying on identification of the head and its relative 176 

position to the body [27]. By utilizing the naïve approach, the BlazePose architecture could 177 

in turn augment gait assessment on low cost hardware such as a smartphone or within an 178 

edge computing context, especially when considered against e.g., OpenPose.  179 

 180 

2.4.1 Proposed infrastructure 181 

 To maximize the utility of the proposed 2D approach, a smartphone application was 182 

developed, interfacing with a Raspberry Pi server where pose estimation and analysis 183 

takes place. By utilizing a smartphone in combination with IoT-based edge processing, 184 

the system could in turn be adapted for full-scale development/release, lowering the bar- 185 

riers of entry to running gait assessment. An overview of the infrastructure can be found 186 

in Figure 1, detailing the flow from custom smartphone application to the Raspberry Pi- 187 

based server, where a cloud processing unit extract gait outcomes for display on the 188 

smartphone application. 189 
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 190 
Figure 1. The infrastructure of the smartphone application and its cloud interface. Here, (A) the 191 
smartphone application captures and uploads side-view videos, transmitting to (B) a cloud pro- 192 
cessing unit running on a Raspberry Pi 4 where a Python Django implementation of Blazepose esti- 193 
mates and (C) stores the location of anatomical locations/keypoints, wherein signals are analyzed for 194 
gait outcomes. (D) Outcomes are then returned to the user via JSON for interpretation in the 195 
smartphone application.  196 

 197 

2.4.2 Smartphone application and cloud infrastructure 198 

 Here, a cross-platform (iOS, Android) smartphone application was developed with 199 

the Flutter 2.0 software development kit (SDK) wherein users can capture and upload 1- 200 

minute (left) side-view videos of treadmill running. Selected videos are compressed using 201 

H.264 compression to optimise data transmission to a low-powered cloud infrastructure, 202 

wherein analysis takes place. 203 

 Despite Blazepose’s ability to perform on-device pose estimation, the approach still 204 

requires reasonably modern hardware (e.g., iOS version 12+). As such, a low-powered, 205 

low-cost cloud infrastructure was developed utilising a Raspberry Pi 4 (≈$35) and Python’s 206 

Django library in order to maximise the compatability with a larger number of smartphone 207 

devices, Figure 1. The cloud infrastructure firstly receives videos from the smartphone 208 

application and temporarily stores them. Then, the video is run through a BlazePose 209 

instance within a Django server, wherein the X and Y locations of relevant anatomical 210 

keypoints of each frame is stored in a .CSV file. The generated .CSV file is then analysed 211 

by the running gait feature extraction layer; wherein extracted outcomes are rendered as a 212 

JSON object for transmission to the smartphone application for interpretation i.e., running 213 

assessment. Following a successful analysis, the video is deleted from the cloud storage in 214 

an effort to maintain user privacy. 215 

 216 

2.5 Feature extraction 217 

 The feature extraction layer of the proposed system was performed using libraries 218 

that are commonplace within Python’s data science and computer vision capabilities, 219 

Figure 1. Particularly, OpenCV [37] handles the video stream playback and metadata, 220 

where SciPy, Pandas and NumPy [38, 39] were used in combination for data manipulation, 221 

signal analysis, statistics and other mathematical operations detailed throughout the 222 

paper. The following section details how running gait features are extracted from the X 223 

and Y locations of anatomical keypoints utilising signal analysis.  224 

 225 

2.5.1 Data preprocessing 226 
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 Occasionally, keypoints identified by BlazePose can behave erratically and may be 227 

subject to noise that is not indicative of the real position of the anatomical location. 228 

Consequently, applying a preprocessing layer to the signals is paramount for accurate 229 

analysis. Here, a 5-step moving average is applied to each signal stream, optimally selected 230 

by manual observation of the signal, ensuring noise is reduced while minimising loss of 231 

signal fidelity. 232 

 233 

2.5.2 Gait mechanics: Identifying key features 234 

 Initial contact and final contact are key biomarkers within gait as they inform a vast 235 

range of temporal and angle gait features. As such, quantifying IC and FC before other 236 

features will augment the rest of the gait feature extractions. Within a running stride, IC 237 

and FC typically proceed a maximum extension of the leg [40], wherein the angle between 238 

the hip, knee and ankle is at its maximum value (tending towards 180°), referred to here 239 

as leg extension angle. To calculate the leg extension angle, locations are converted to 240 

vectors for vector scalar product analysis such that: 241 

 242 

𝐾𝐻⃗⃗⃗⃗⃗⃗ =  𝐾 − 𝐻 𝑎𝑛𝑑 𝐾𝐴⃗⃗ ⃗⃗  ⃗ =  𝐾 − 𝐴 243 

 244 

where K = the location of the knee, H = the location of the hip and A = the location of the 245 

ankle extracted by the pose estimation layer. 𝐾𝐻⃗⃗⃗⃗⃗⃗  refers to the vector between knee and 246 

hip, whereas 𝐾𝐴⃗⃗ ⃗⃗  ⃗ refers to the vector between knee and ankle, with K being the 247 

intersecting point of two vectors. Proceeding vector conversion, the scalar product of the 248 

two intersecting vectors can be represented as: 249 

 250 

𝐾𝐻⃗⃗⃗⃗⃗⃗ . 𝐾𝐴⃗⃗ ⃗⃗  ⃗ = |𝐾𝐴⃗⃗ ⃗⃗  ⃗||𝐾𝐻⃗⃗⃗⃗⃗⃗ |𝑐𝑜𝑠 (𝜃) 251 

 252 

Here, e.g., |𝐾𝐻⃗⃗⃗⃗⃗⃗ | refers to the magnitude of the vector between the knee and hip such that: 253 

 254 

|𝐾𝐻⃗⃗⃗⃗⃗⃗ | =  √(𝐾𝑥 − 𝐾𝑦)
2 + (𝐻𝑥 − 𝐻𝑦)

2 255 

 256 

and θ is the angle between the intersecting vectors. Consequently, the following 257 

expression can be solved for θ such that: 258 

 259 

𝜃 =  𝑐𝑜𝑠−1 (
𝐾𝐻⃗⃗⃗⃗⃗⃗ . 𝐾𝐴⃗⃗ ⃗⃗  ⃗

|𝐾𝐴⃗⃗ ⃗⃗  ⃗||𝐾𝐻⃗⃗⃗⃗⃗⃗ |
) 260 

 261 

 With the angle between the hip, knee and ankle calculated, IC and FC is calculated 262 

in the following manner: 263 

1. A dynamic threshold is set at the 90th percentile of maximum leg extension angle 264 

within the signal. 265 

2. A zero-crossing gradient maxima peak detection algorithm such as those found 266 

within other gait assessment applications, e.g., [41] detects two peaks above the 267 

dynamic threshold, IC and FC. 268 

3. IC and FC are then distinguished apart by observing the minima of the signal prior 269 

to the identified peak. Before an IC, the signal will dip significantly lower than the 270 

signal prior to FC due to minimum leg extension (i.e., lowest angle between hip, 271 

knee and ankle; highest flexion) during the swing phase of gait, opposed to a max- 272 

imum extension during contact [40], Figure 2. 273 

(1) 

(2) 

(3) 

(4) 
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 275 
Figure 2. The identification of IC and FC, quantified by observing peaks within the leg extension 276 
angle data stream. Here, the dynamic threshold has been set at 90% of the maximum observed angle, 277 
wherein peaks are detected above the threshold. As seen, there is a significant angle reduction before 278 
an IC, with a smaller reduction before FC; providing distinguishable features between the two. 279 
 280 

2.5.3 Temporal outcomes and cadence 281 

 Upon the identification of IC and FC; CT, ST and StT can be calculated such that: 282 

• CT = (𝐹𝐶𝑥 − 𝐼𝐶𝑥)/𝐹𝑃𝑆          (5) 283 

• ST = (𝐼𝐶𝑥+1 − 𝐹𝐶𝑥)/𝐹𝑃𝑆         (6) 284 

• StT = (𝐼𝐶𝑥+1 − 𝐼𝐶𝑥)/𝐹𝑃𝑆         (7) 285 

where x refers to the current observed stride (e.g., x+1 refers to next stride). Values are then 286 

normalized from frames (FPS) into seconds for user interpretable outcomes, Figure 3. Pro- 287 

ceeding this, cadence is then quantified through first calculating the average number of 288 

steps per second  60 seconds. 289 

 290 

 291 
Figure 3. The following figure shows a magnified view of Figure 2. Here, an illustration of the cal- 292 
culation of temporal running gait outcomes is presented. CT is shown as the time between an IC and 293 
proceeding FC, ST is shown as the time between FC and a proceeding IC; whereas StT is the time 294 
between two respective IC events. 295 
 296 

2.5.4 Knee flexion angle 297 

 Utilising the leg extension angle calculation detailed as part of 2.5.2, knee flexion 298 

angle can be calculated as a natural biproduct. Here, knee flexion angle is recorded during 299 

an identified IC event, during an identified FC event, as well as the minimum value within 300 

a single step (i.e., within two ICs). Knee flexion angle is also stored continually throughout 301 

strides for observational comparison between estimated and ground truth angles. 302 

 303 

2.5.5 Foot strike angle and location 304 
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 As previously described, foot strike location refers to the location of the foot that 305 

makes contact with the ground during IC, often referred to by rearfoot, midfoot and 306 

forefoot striking patterns [42]. As such, calculating the angle of the foot is necessary. The 307 

angle of the foot is calculated between the toe, heel and a point placed directly vertical 308 

from the heel (vH), where the angle is calculated using the vector scalar product as above 309 

(2.5.2), with hip, knee and ankle replaced with toe, heel and vH respectively. 310 

 During the calibration period in data capture, wherein participants stood still for a 311 

short time before running, a baseline reading of the foot angle is taken to account for any 312 

offset experienced during video capture (e.g., horizontal recording may not be perfectly 313 

aligned with treadmill, therefore it cannot be assumed that the resting foot lies at 90°). 314 

After calibration, the foot strike angle is then recorded during an identified IC event. An 315 

average angle is taken throughout all identified strikes and compared against the baseline 316 

reading. Foot strike location is then described as: >5° from baseline = forefoot; <-5° from 317 

baseline = rearfoot; and between -5° and 5° from baseline = midfoot strike patterns. 318 

 319 

2.6 Statistical analysis 320 

 The statistical analysis examining the performance of the proposed approach was 321 

performed in SPSS v27. Shapiro-Wilks tests indicated a parametric distribution for CT, ST, 322 

knee flexion angle and foot strike angle; and non-parametric distribution for StT. As such, 323 

a log10 transformation was applied to non-parametric data to allow for Pearson’s correla- 324 

tion scores to be used throughout the outcomes. Additionally, to examine reliability be- 325 

tween 3D motion tracking and pose estimation approaches, intra-class correlation (ICC(2,1)) 326 

was deployed, examining the absolute agreement between the measures. ICC(2,1) perfor- 327 

mance was defined in line with the accepted performance guideline such that the result 328 

can be described as poor (< 0.500), moderate (0.500 – 0.750), good (0.750-0.900) and excel- 329 

lent (>0.900) [43]. Additionally, mean error, Bland Altman and box plot analysis were used 330 

to provide a visual assessment of the performance of the system in comparison to ground 331 

truth 3D motion tracking data. 332 

 333 

3. Results 334 

 No data dropout or loss occurred throughout the data capture process, resulting in 335 

the full range (n=31) participants being utilized in results. In total, 148 running bouts were 336 

captured (between 4-5 running bouts per participant), observing 9327 unique strides dur- 337 

ing the proposed study. (Here accuracies for all runs are presented, see supplementary 338 

material for results breakdown across all running speeds.) 339 

3.1 Temporal outcomes 340 
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For all running speeds, intraclass correlation demonstrates good (ICC(2,1) ≥ 0.751) 341 

agreement across CT, ST and SwT features. This indicates results obtained from 2D pose 342 

estimation are strongly indicative of measures obtained from the gold standard 3D motion 343 

tracking approach. Additionally, the features observe relatively low mean error (left foot 344 

0.011 – 0.014s; right foot 0.014 – 0.033s) from 3D motion tracking-produced outcomes, 345 

Table 1. Figures 4 and 5 containing Bland-Altman and box plots (respectively) illustrate 346 

the performance of each measure. Accuracy of pose estimation outcomes are almost 347 

unaninmously higher within the left foot in opposition to the right, with right foot swing 348 

time and step time measures tending to overestimate outcomes.  349 

Figure 4. Bland-Altman plots illustrating the mean error between BlazePose estimation and reference 350 
standard 3D motion tracking data streams for contact time, swing time and step time between left 351 
and right feet. 352 
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Table 1. Merged intraclass correlations (ICC(2,1)), Pearson’s correlation, mean and mean error scores 353 
for the range of outcomes for all running speeds obtained from the proposed pose estimation (pre- 354 
dicted) approach in comparison with 3D motion tracking reference data. In addition, min/max pre- 355 
dicted and reference knee flexion angle and foot strike location are presented. 356 

 357 

 358 

 359 

Figure 5. Box plots illustrating the temporal difference between BlazePose predicted (P) and refer- 360 
ence (R) data streams for contact time, swing time and step time at all speeds, observing the differ- 361 
ences between left and right foot outcomes. 362 
 363 
 364 
3.2 Cadence 365 

 The proposed approach to cadence identification demonstrates excellent intraclass 366 

correlation scores (ICC(2,1) = 0.981) across the range of tested running bouts. With a mean 367 

error rate of 1.2 steps, pose estimation can accurately estimate cadence in comparison to 368 

reference tracking data. 369 

Left Foot   

Outcome 
Mean  

predicted 

Mean  

reference 

Mean  

error 
ICC(2,1) 

r   

Contact Time (s) 0.232 0.243 0.011 0.862 0.858   

Swing Time (s) 0.434 0.420 0.014 0.837 0.883   

Step Time (s) 0.682 0.671 0.010 0.811 0.845   

  Min  

predicted 

Max  

predicted 

Min  

reference 

Max  

reference ICC(2,1) r 

Knee Flexion (°) 19.9 98.9 1.4 103.1 0.961  0.975 

Foot Strike Loc. (°) -86.2 5.6 -96.7 20.3 0.981  0.980 

Right Foot   

Outcome 
Mean  

predicted 

Mean  

reference 

Mean  

error 
ICC(2,1) 

r   

Contact Time (s) 0.220 0.239 0.014 0.861 0.854   

Swing Time (s) 0.457 0.423 0.033 0.821 0.781   

Step Time (s) 0.689 0.665 0.024 0.751 0.769   

  Min  

predicted 

Max  

predicted 

Min  

reference 

Max  

reference ICC(2,1) r 

Knee Flexion (°) 30.4 91.1 12.5 97.1 0.979  0.982 

Foot Strike Loc. (°) -124.0 -51.0 -114.4 3.3 0.844  0.911 
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 370 

Figure 6. An illustration of the knee flexion angle of an average stride within the dataset between 371 
left and right legs. Here, it can be seen that pose estimation (orange) can closely match 3D motion 372 
tracking (blue) above ~40°; however, a maximum difference is exacerbated below ~40°, indicating 373 
pose estimation may overestimate knee flexion angles during maximum extension events (IC/FC). 374 

3.3 Knee flexion angle 375 

 Here, performance score is derived from the average measure experienced across an 376 

accumulation of all strides. ICC(2,1) scores indicate excellent (left leg ICC(2,1) = 0.961; right 377 

leg ICC(2,1) = 0.979) correlation between data streams obtained between pose estimation and 378 

3D motion tracking outcomes, with no significant deviation between left and right legs. 379 

However, when observing the average obtained waveforms (Figure 6) there is a widening 380 

distance between the measures surrounding IC and FC events, wherein the pose 381 

estimation approach over-estimates the knee angle at point of maximum extension. 382 

3.4 Foot angle and foot strike location 383 

 Assessment of foot angle and strike location are seperated to assess the performance 384 

of the pose estimation approach throughout both (i) the entire stride and (ii) at impact (i.e., 385 

providing foot strike location), providing a rearfoot, midfoot or forefoot strike 386 

classification. 387 

 388 

3.4.1 Foot angle  389 

 Throughout the stride, outcomes demonstrate excellent (ICC(2,1) = 0.981) and good 390 

(ICC(2,1)  = 0.844) correlation between pose estimation and 3D motion capture outcomes for 391 

left and right feet respectively. Observing waveforms obtained from pose estimation and 392 

3D motion capture systems and min/max values (Figure 7 and Table 1), the pose estimation 393 

approach consistently under-estimates foot angle in both left and right feet. In both, and 394 

particularly within the right foot, a significant under-estimation of foot angle is experi- 395 

enced as the angle tends towards positive. However, foot angle is significantly closer sur- 396 

rounding the location of a typical IC event, where foot angle primarily affects gait. 397 

 398 
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 399 

Figure 7. An illustration of the foot angle of an average stride within the dataset between left and 400 
right feet. Here, there is a significant deviation between left and right feet. In the left foot, signals are 401 
closely associated surrounding initial contact events and begin to slightly deviate during the mid- 402 
stride. Alternatively, the right foot demonstrates a further deviance between pose estimation and 3D 403 
motion tracking signals, exacerbated during the mid-stride.  404 

3.4.2 Foot strike location 405 

 Classifications were measured based on each participant’s baseline resting foot an- 406 

gle, measured within video stream calibration. Accuracy of the foot strike location (i.e., 407 

forefoot, rearfoot and midfoot) demonstrated 95.2% and 89.8% in left and right feet respec- 408 

tively. This indicates that despite deviance in foot angle throughout the stride, foot strike 409 

location can be accurately assessed utilizing BlazePose estimation. 410 

 411 

4. Discussion 412 

 Understanding running gait is crucial in performance optimization and providing 413 

mechanisms for injury prevention and rehabilitation [4]. Providing low-cost mechanisms 414 

to measure running gait beyond bespoke settings is important to enable accessibility and 415 

assessments for a wider range of individuals. This study has demonstrated the viability of 416 

a lightweight pose estimation, smartphone camera-based approach to provide running 417 

gait assessment.  418 

 419 

4.1 Pose estimation performance 420 

 The single-camera BlazePose approach demonstrates high performance in both an- 421 

gle and temporal running gait outcomes in comparison to a Vicon 3D motion tracking ref- 422 

erence system. Particularly, ICC(2,1) scores throughout the range of extracted outcomes in- 423 

dicate good to excellent agreement with reference streams; whereas temporal outcomes 424 

maintain a low mean error.  425 

 426 

4.1.1 Temporal outcomes 427 

 In comparison to similar studies within the field utilizing computer vision tech- 428 

niques, the proposed approach performs comparably within temporal gait outcomes, de- 429 

spite operating from a smartphone camera. For example, Garcia-Pinillos et al. [44] utilized 430 

the Microsoft Kinect system to extract contact and swing time, compared against both the 431 

OptoGait and high-speed video reference streams. In the study, the Kinect-based approach 432 

can extract temporal running gait features with an ICC of 0.712 and 0.894 in comparison 433 

to OptoGait; and 0.667 and 0.838 in comparison to high-speed video streams for contact 434 

and swing time respectively. In comparison to the proposed approach exhibiting ICC 435 

scores of 0.862/0.861 (Left/Right) and 0.837/0.821 (Left/Right) for contact and swing time, 436 

2D pose estimation can extract temporal gait outcomes comparably to approaches using 437 

dedicated hardware such as the Kinect. 438 
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 There is a small effect on the performance of the temporal feature extraction layer 439 

between slow (8 km/h) and fast (14km/h+) running speeds, with a slightly observably 440 

lower agreement and higher mean error experienced in higher speeds in comparison to 441 

those in lower speeds, Supplementary Material 1. The higher mean error in faster speeds 442 

could be attributed to the video frame rate provided by the smartphone camera (60 FPS) 443 

not providing a suitable resolution to distinguish the naturally shorter temporal outcomes 444 

associated with faster running [45]. In fact, it has been shown that producing reliable gait 445 

outcomes at higher speeds (14.4km/h+) will require up to 100FPS video capture streams 446 

[46]. Consequently, further investigation into the effects of frame rate (e.g., 120/240 FPS) 447 

on the pose estimation approach may be necessary to move into e.g., elite running speeds, 448 

where the likes of contact time could be significantly shorter than those observed within 449 

this study. 450 

 Although the approach generally exhibits a low mean-error from reference streams, 451 

there is an observably lower agreement in comparison to studies utilizing wearable tech- 452 

nology such as IMU sensors. For example, a foot-mounted IMU has demonstrated an abil- 453 

ity to extract contact and swing time with excellent (>0.9) agreement with reference streams 454 

[47]. The reduction in performance could be dependent on lighting. Particularly, fluctua- 455 

tions of light within a scene can greatly affect the pixel values, effectively creating noise 456 

within an image [48], which may hinder the performance of pose estimation frameworks. 457 

Additionally, wearable sensors can be configured to capture at a faster rate (e.g., 100 Hz – 458 

200 Hz [49]) which would provide considerably higher resolution for temporal gait out- 459 

comes, which can be relevant within 1/100 thousands of a second. 460 

 461 

4.1.2 Knee flexion and foot strike angle 462 

 Observing waveforms and agreement measures of knee flexion and foot angle, the 463 

pose estimation approach closely follows the 3D motion tracking reference stream. Within 464 

foot angle, the pose estimation approach tends to under-estimate the angle, whereas within 465 

knee flexion angle the inverse is true, with the pose estimation approach over-estimating 466 

the angle during maximum extension periods. This is likely due to the camera placement 467 

relative to the treadmill. For example, within Figure 8 it is evident that the treadmill is not 468 

always straight within the sagittal plane i.e., at 90° to the treadmill. As such, the angles 469 

obtained will naturally deviate in comparison to 3D motion tracking, of which uses multi- 470 

ple infrared cameras to provide a more accurate angle estimation. 471 

 Prevalently within foot angle measures, there is a noticeable reduction in perfor- 472 

mance experienced between left and right measures, Table 1, Figure 7. Upon investigation, 473 

there were bouts of noise experienced from the pose estimation output where the left leg 474 

(facing towards the camera) occludes the right leg (always facing away from the camera), 475 

an issue commonly found within pose estimation accuracy and validity measures [50]. 476 

Particularly, this provides explanation for the significant deviance in right foot angle sur- 477 

rounding the mid stride, with the left and right legs intersecting throughout the mid stride, 478 

Figure 8. Some studies have begun to address occlusion within the wider pose estimation 479 

domain with varying rates of accuracy [51-53]. However, the approaches generally rely on 480 

expensive computations (requiring complex hardware), which may limit the routine de- 481 

ployment of the system. As such, within the constraints of the study, higher accuracy may 482 

be achieved pragmatically by capturing videos from both sides (i.e., right leg at front) and 483 

running separate inference, rather than inclusion of a potentially expensive occlusion 484 

dampening approach. 485 

 Despite deviance between left and right feet, the pose estimation approach performs 486 

comparably with IMU-based approaches for foot strike location. For example, Young et al. 487 

[54] validates an IoT-enabled foot-mounted IMU polling at 60 Hz for the extraction of foot 488 

strike location during running gait at 94.3% accuracy. These results are comparable to 489 

those obtained within the proposed study, with 95.2% and 89.8% accuracy obtained 490 
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through analyzing pose estimation data streams. The foot strike location accuracy is 491 

largely unaffected by deviation in angle between estimated and reference streams due to 492 

simply observing the angular change surrounding impact. For example, rather than meas- 493 

uring the angle of the foot during impact (which may be inaccurate compared to reference 494 

streams), it is more pragmatic to assess the angular change between heel and toe, e.g., if 495 

the toe is moving down in comparison to the heel during impact, it is assumed a heel strike 496 

has occurred. 497 

  498 

 499 

Figure 8. An example of pose estimation output at three different stages of the gait cycle, (i) initial 500 
contact, (ii) final contact and (iii) mid stride. As shown, during non-occluded segments of the gait 501 
cycle (IC/FC), estimated anatomical locations closely resemble their expected positions. However, 502 
observing mid stride (during occlusion between left/right legs) one can begin to see the estimated 503 
anatomical locations deviate from expected positions on the right leg (e.g., knee), providing insight 504 
behind lower accuracy experienced by right leg gait outcomes. 505 

5. Limitations and future work 506 

 Currently, there is some discrepancy between left and right footed outcomes due to 507 

stationary camera location (left side only). This resulted in occlusion experienced when the 508 

left leg (front) obstructs the right leg (back). Future work will assess the approach utilizing 509 

combined videos from both sides (left and right foot forward) or a moving camera to ex- 510 

amine whether a multi or panning video-based approach would improve the occluded 511 

discrepancies. 512 

 The data capture sessions took place in a well-lit, tailored laboratory which isn’t nec- 513 

essarily indicative of habitual environments that may have e.g., dimmer lighting or lower- 514 

quality smartphone camera equipment. As such, evaluating the systems performance in a 515 

range of low-resource environments (including outside) in comparison to e.g., IMU-based 516 

outcomes will help to validate the approach as a habitual running gait assessment tool. 517 

 Finally, spatial outcomes could be incorporated within the proposed system to pro- 518 

vide greater utility within running gait assessment. For example, stride length has been 519 

shown to effect oxygen uptake [55] and shock attenuation [56] during running, and as 520 

such, can be optimized for running performance and injury mechanisms. Measuring stride 521 

length will require testing the system on an instrumented treadmill and during over- 522 

ground runs to assess the step/stride and total distance. Consequently, future work will 523 

aim to expand the functionality of the approach through use in overground settings, while 524 

expanding the suite of gait outcomes.  525 

 526 

6. Conclusions 527 
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The proposed work demonstrates the efficacy of a low-powered pose estimation frame- 528 

work (BlazePose) to provide running gait outcomes within an IoT context. By operating 529 

from a smartphone interfacing with an edge device (Raspberry Pi-based server), the ap- 530 

proach could contribute towards moving running gait assessment out of bespoke environ- 531 

ments and into everyday/habitual settings. The approach exhibits good to excellent (ICC(2,1) 532 

0.751 - 0.981) agreement for temporal outcomes, cadence and knee angles compared with 533 

reference standard 3D motion tracking. Foot strike angle accuracy was %. Furthermore, 534 

the approach demonstrates low mean error with < 0.014s and < 0.033s for left and right 535 

streams respectively. The approach may help routine running gait assessment in a low- 536 

resource environment. 537 

 538 
Author Contributions:  Conceptualization, F.Y. and A.G.; methodology, F.Y.; software, F.Y.; valida- 539 
tion, F.Y. and R.M.; data curation, F.Y. R.M, S.S. A.G.; writing - original draft preparation, F.Y., A.G.; 540 
writing - review and editing, F.Y., S.S., R.Mo., R.M., A.G.; visualization, F.Y., A.G., R.M.; supervision, 541 
A.G., S.S., R.Mo. All authors have read and agreed to the published version of the manuscript. 542 
Funding: This work was supported by the European Regional Development Intensive Industrial 543 
Innovation Programme (IIIP) as part of doctoral research, Grant Number: 25R17P01847. Rachel Ma- 544 
son is co-funded by DANU sports and the faculty of health and life sciences, Northumbria Univer- 545 
sity. Dr Stuart is supported, in part, by funding from the Parkinson’s Foundation (PF-FBS-1898, PF- 546 
CRA-2073).  547 
Institutional Review Board Statement: This study was conducted in accordance with ethical guide- 548 
lines approved by Northumbria University’s Research Ethics Committee (reference: 21603). 549 
Informed Consent Statement: Informed and written consent was obtained from all subjects in- 550 
volved in the study. 551 
Data Availability Statement: The dataset used within the study is not available for use by the public 552 
due to identifiable features within video and data streams. 553 
Conflicts of Interest: The authors declare no conflict of interest. 554 

 555 

References 556 

[1] R. Shipway and I. Holloway, "Running free: Embracing a healthy lifestyle through distance running," Perspectives in public 557 

health, vol. 130, no. 6, pp. 270-276, 2010. 558 

[2] S. A. Dugan and K. P. Bhat, "Biomechanics and analysis of running gait," Physical Medicine and Rehabilitation Clinics, vol. 16, 559 

no. 3, pp. 603-621, 2005. 560 

[3] C. Agresta, "Running Gait Assessment," in Clinical Care of the Runner: Elsevier, 2020, pp. 61-73. 561 

[4] A. I. Daoud, G. J. Geissler, F. Wang, J. Saretsky, Y. A. Daoud, and D. E. Lieberman, "Foot strike and injury rates in endurance 562 

runners: a retrospective study," Med Sci Sports Exerc, vol. 44, no. 7, pp. 1325-1334, 2012. 563 

[5] P. Hayes and N. Caplan, "Foot strike patterns and ground contact times during high-calibre middle-distance races," Journal 564 

of sports sciences, vol. 30, no. 12, pp. 1275-1283, 2012. 565 

[6] L. ARDIGO', C. Lafortuna, A. Minetti, P. Mognoni, and F. Saibene, "Metabolic and mechanical aspects of foot landing type, 566 

forefoot and rearfoot strike, in human running," Acta Physiologica Scandinavica, vol. 155, no. 1, pp. 17-22, 1995. 567 

[7] M. F. Reinking et al., "Reliability of two-dimensional video-based running gait analysis," International Journal of Sports 568 

Physical Therapy, vol. 13, no. 3, p. 453, 2018. 569 

[8] B. K. Higginson, "Methods of running gait analysis," Current sports medicine reports, vol. 8, no. 3, pp. 136-141, 2009. 570 

[9] L. C. Benson, A. M. Räisänen, C. A. Clermont, and R. Ferber, "Is This the Real Life, or Is This Just Laboratory? A Scoping 571 

Review of IMU-Based Running Gait Analysis," Sensors, vol. 22, no. 5, p. 1722, 2022. 572 

[10] G. Bailey and R. Harle, "Assessment of foot kinematics during steady state running using a foot-mounted IMU," Procedia 573 

Engineering, vol. 72, pp. 32-37, 2014. 574 

[11] M. Zrenner, S. Gradl, U. Jensen, M. Ullrich, and B. M. Eskofier, "Comparison of different algorithms for calculating velocity 575 

and stride length in running using inertial measurement units," Sensors, vol. 18, no. 12, p. 4194, 2018. 576 



Sensors 2022, 22, x FOR PEER REVIEW 7 of 18 
 

 

[12] J. A. Albert, V. Owolabi, A. Gebel, C. M. Brahms, U. Granacher, and B. Arnrich, "Evaluation of the pose tracking performance 577 

of the azure kinect and kinect v2 for gait analysis in comparison with a gold standard: A pilot study," Sensors, vol. 20, no. 578 

18, p. 5104, 2020. 579 

[13] M. Ye, C. Yang, V. Stankovic, L. Stankovic, and S. Cheng, "Gait phase classification for in-home gait assessment," in 2017 580 

IEEE International Conference on Multimedia and Expo (ICME), 2017: IEEE, pp. 1524-1529.  581 

[14] A. R. Anwary, H. Yu, and M. Vassallo, "Optimal foot location for placing wearable IMU sensors and automatic feature 582 

extraction for gait analysis," IEEE Sensors Journal, vol. 18, no. 6, pp. 2555-2567, 2018. 583 

[15] T. Tan, Z. A. Strout, and P. B. Shull, "Accurate impact loading rate estimation during running via a subject-independent 584 

convolutional neural network model and optimal IMU placement," IEEE Journal of Biomedical and Health Informatics, vol. 25, 585 

no. 4, pp. 1215-1222, 2020. 586 

[16] F. Young, R. Mason, C. Wall, R. Morris, S. Stuart, and A. Godfrey, "Examination of a Foot Mounted IMU-based Methodology 587 

for Running Gait Assessment," Frontiers in Sports and Active Living, p. 345. 588 

[17] Z. Cao, T. Simon, S.-E. Wei, and Y. Sheikh, "Realtime multi-person 2d pose estimation using part affinity fields," in 589 

Proceedings of the IEEE conference on computer vision and pattern recognition, 2017, pp. 7291-7299.  590 

[18] J. Preis, M. Kessel, M. Werner, and C. Linnhoff-Popien, "Gait recognition with kinect," in 1st international workshop on kinect 591 

in pervasive computing, 2012: New Castle, UK, pp. 1-4.  592 

[19] S. Springer and G. Yogev Seligmann, "Validity of the kinect for gait assessment: A focused review," Sensors, vol. 16, no. 2, p. 593 

194, 2016. 594 

[20] E. D’Antonio, J. Taborri, E. Palermo, S. Rossi, and F. Patane, "A markerless system for gait analysis based on OpenPose 595 

library," in 2020 IEEE International Instrumentation and Measurement Technology Conference (I2MTC), 2020: IEEE, pp. 1-6.  596 

[21] J. Stenum, C. Rossi, and R. T. Roemmich, "Two-dimensional video-based analysis of human gait using pose estimation," 597 

PLoS computational biology, vol. 17, no. 4, p. e1008935, 2021. 598 

[22] A. Viswakumar, V. Rajagopalan, T. Ray, and C. Parimi, "Human gait analysis using OpenPose," in 2019 fifth international 599 

conference on image information processing (ICIIP), 2019: IEEE, pp. 310-314.  600 

[23] C. Z. Tay, K. H. Lim, and J. T. S. Phang, "Markerless gait estimation and tracking for postural assessment," Multimedia Tools 601 

and Applications, vol. 81, no. 9, pp. 12777-12794, 2022. 602 

[24] D. J. McCann and B. K. Higginson, "Training to maximize economy of motion in running gait," Current sports medicine reports, 603 

vol. 7, no. 3, pp. 158-162, 2008. 604 

[25] I. S. Moore, A. M. Jones, and S. J. Dixon, "Mechanisms for improved running economy in beginner runners," Med Sci Sports 605 

Exerc, vol. 44, no. 9, pp. 1756-1763, 2012. 606 

[26] R. Mason et al., "Wearables for Running Gait Analysis: A Systematic Review," Sports Medicine, pp. 1-28, 2022. 607 

[27] V. Bazarevsky, I. Grishchenko, K. Raveendran, T. Zhu, F. Zhang, and M. Grundmann, "Blazepose: On-device real-time body 608 

pose tracking," arXiv preprint arXiv:2006.10204, 2020. 609 

[28] S. Mroz et al., "Comparing the Quality of Human Pose Estimation with BlazePose or OpenPose," in 2021 4th International 610 

Conference on Bio-Engineering for Smart Technologies (BioSMART), 2021: IEEE, pp. 1-4.  611 

[29] Deloitte. "Digital Consumer Trends: The UK cut." Deloitte. https://www2.deloitte.com/uk/en/pages/technology-media-and- 612 

telecommunications/articles/digital-consumer-trends.html (accessed. 613 

[30] A. Gupta, C. Chakraborty, and B. Gupta, "Medical information processing using smartphone under IoT framework," in 614 

Energy conservation for IoT devices: Springer, 2019, pp. 283-308. 615 

[31] A. Roca-Dols et al., "Effect of the cushioning running shoes in ground contact time of phases of gait," Journal of the mechanical 616 

behavior of biomedical materials, vol. 88, pp. 196-200, 2018. 617 

https://www2.deloitte.com/uk/en/pages/technology-media-and-telecommunications/articles/digital-consumer-trends.html
https://www2.deloitte.com/uk/en/pages/technology-media-and-telecommunications/articles/digital-consumer-trends.html


Sensors 2022, 22, x FOR PEER REVIEW 8 of 18 
 

 

[32] A. Pfister, A. M. West, S. Bronner, and J. A. Noah, "Comparative abilities of Microsoft Kinect and Vicon 3D motion capture 618 

for gait analysis," Journal of medical engineering & technology, vol. 38, no. 5, pp. 274-280, 2014. 619 

[33] M. A. Simoes, Feasibility of wearable sensors to determine gait parameters. University of South Florida, 2011. 620 

[34] S.-E. Wei, V. Ramakrishna, T. Kanade, and Y. Sheikh, "Convolutional pose machines," in Proceedings of the IEEE conference 621 

on Computer Vision and Pattern Recognition, 2016, pp. 4724-4732.  622 

[35] Z. Cao, G. H. Martinez, T. Simon, S. Wei, and Y. Sheikh, "OpenPose: Realtime Multi-Person 2D Pose Estimation Using Part 623 

Affinity Fields. In IEEE Transactions on Pattern Analysis and Machine Intelligence," 2019. 624 

[36] T. L. Nicola and D. J. Jewison, "The anatomy and biomechanics of running," Clinics in sports medicine, vol. 31, no. 2, pp. 187- 625 

201, 2012. 626 

[37] G. Bradski and A. Kaehler, "OpenCV," Dr. Dobb’s journal of software tools, vol. 3, p. 120, 2000. 627 

[38] E. Bressert, "SciPy and NumPy: an overview for developers," 2012. 628 

[39] W. McKinney, "pandas: a foundational Python library for data analysis and statistics," Python for high performance and 629 

scientific computing, vol. 14, no. 9, pp. 1-9, 2011. 630 

[40] J. Dicharry, "Kinematics and kinetics of gait: from lab to clinic," Clinics in sports medicine, vol. 29, no. 3, pp. 347-364, 2010. 631 

[41] D. Trojaniello, A. Ravaschio, J. M. Hausdorff, and A. Cereatti, "Comparative assessment of different methods for the 632 

estimation of gait temporal parameters using a single inertial sensor: application to elderly, post-stroke, Parkinson's disease 633 

and Huntington's disease subjects," Gait & posture, vol. 42, no. 3, pp. 310-316, 2015. 634 

[42] P. Larson et al., "Foot strike patterns of recreational and sub-elite runners in a long-distance road race," Journal of sports 635 

sciences, vol. 29, no. 15, pp. 1665-1673, 2011. 636 

[43] T. K. Koo and M. Y. Li, "A guideline of selecting and reporting intraclass correlation coefficients for reliability research," 637 

Journal of chiropractic medicine, vol. 15, no. 2, pp. 155-163, 2016. 638 

[44] F. García-Pinillos et al., "Agreement Between Spatiotemporal Gait Parameters Measured by a Markerless Motion Capture 639 

System and Two Reference Systems—A Treadmill-Based Photoelectric Cell and High-Speed Video Analyses: Comparative 640 

Study," JMIR mHealth and uHealth, vol. 8, no. 10, p. e19498, 2020. 641 

[45] R. Di Michele and F. Merni, "The concurrent effects of strike pattern and ground-contact time on running economy," Journal 642 

of science and medicine in sport, vol. 17, no. 4, pp. 414-418, 2014. 643 

[46] J. Padulo, K. Chamari, and L. P. Ardigò, "Walking and running on treadmill: the standard criteria for kinematics studies," 644 

Muscles, Ligaments and Tendons Journal, vol. 4, no. 2, p. 159, 2014. 645 

[47] F. Young, S. Stuart, R. Morris, C. Downs, M. Coleman, and A. Godfrey, "Validation of an inertial-based contact and swing 646 

time algorithm for running analysis from a foot mounted IoT enabled wearable," in 2021 43rd Annual International Conference 647 

of the IEEE Engineering in Medicine & Biology Society (EMBC), 2021: IEEE, pp. 6818-6821.  648 

[48] S. Shirmohammadi and A. Ferrero, "Camera as the instrument: The rising trend of vision based measurement," IEEE 649 

Instrumentation & Measurement Magazine, vol. 17, no. 3, pp. 41-47, 2014. 650 

[49] D. Powell, S. Stuart, and A. Godfrey, "Investigating the use of an open source wearable as a tool to assess sports related 651 

concussion (SRC)," Physiotherapy, vol. 113, pp. e141-e142, 2021. 652 

[50] I. Sárándi, T. Linder, K. O. Arras, and B. Leibe, "How robust is 3D human pose estimation to occlusion?," arXiv preprint 653 

arXiv:1808.09316, 2018. 654 

[51] Y.-S. Tsai, L.-H. Hsu, Y.-Z. Hsieh, and S.-S. Lin, "The real-time depth estimation for an occluded person based on a single 655 

image and OpenPose method," Mathematics, vol. 8, no. 8, p. 1333, 2020. 656 

[52] F. Angelini, Z. Fu, Y. Long, L. Shao, and S. M. Naqvi, "2D pose-based real-time human action recognition with occlusion- 657 

handling," IEEE Transactions on Multimedia, vol. 22, no. 6, pp. 1433-1446, 2019. 658 



Sensors 2022, 22, x FOR PEER REVIEW 9 of 18 
 

 

[53] Y. Cheng, B. Yang, B. Wang, and R. T. Tan, "3d human pose estimation using spatio-temporal networks with explicit 659 

occlusion training," in Proceedings of the AAAI Conference on Artificial Intelligence, 2020, vol. 34, no. 07, pp. 10631-10638.  660 

[54] F. Young, G. Coulby, I. Watson, C. Downs, S. Stuart, and A. Godfrey, "Just find it: The Mymo approach to recommend 661 

running shoes," IEEE Access, vol. 8, pp. 109791-109800, 2020. 662 

[55] P. R. Cavanagh and K. R. Williams, "The effect of stride length variation on oxygen uptake during distance running," 663 

Medicine and science in sports and exercise, vol. 14, no. 1, pp. 30-35, 1982. 664 

[56] J. A. Mercer, J. Vance, A. Hreljac, and J. Hamill, "Relationship between shock attenuation and stride length during running 665 

at different velocities," European journal of applied physiology, vol. 87, no. 4, pp. 403-408, 2002. 666 

 667 


