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Abstract. In health care and sports, gait analysis and the evaluation of its kinetic 
parameters are widely used tools. Among them, we evaluated an important 
parameter for the assessment of drop foot event: foot clearance. In this study, two 
video-based methods for estimating heel clearance were compared.  In the 
experiment, a healthy subject walked on a treadmill at 3.6 km/h while being recorded 
by two RGB cameras. One was positioned sagittal to the treadmill and the other at 
45°. Two video-based algorithms were used to extrapolate the 2D heel trajectories 
for each recording. The first algorithm uses a deep learning approach (TC-Former), 
and the other a passive marker approach (blob analysis). Subsequently, an algebraic 
triangulation was performed. A 6-camera optoelectronic system was used as the 
gold standard for comparing the results. TC -Former performed worse than blob 
analysis with a root mean square error of 32.1±13.0 mm, while blob analysis had 
Blob Analysis showed a root mean square error of 20.1±6.1 mm. In all gait cycles, 
the mean and standard deviation of the maximal foot clearance was 32.1±12.8 mm 
for TC -Former and 20.1±13.0 mm for Blob Analysis. 
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1 Introduction 

Human motion tracking, gait analysis and its kinetic parameters are one of the most commonly 
used indicators to determine the health status of a person, as any deviation from normal gait may 
indicate an underlying problem [1]. In particular, foot clearance assessment is an important tool 
for evaluating the risk of falls, especially in older people. Foot clearance is a key parameter in the 
assessment of the drop foot event in stroke survivors [2]. Several studies focused on new affordable 
and reliable clinical solutions for human motion tracking and gait analysis, but it is still quite a 
challenging task. 

2 Background and Motivation 

For motion tracking and estimation of human kinematic parameters, infrared marker-based 
motion capture (MoCap) systems are considered the gold standard. However, these systems can 
be costly and occasionally intrusive, require skilled personnel and need to be placed in a limited 
and controlled space [3]. Nowadays, wearable inertial sensors are validated tools for estimating 
human kinematic parameters and can be a cost-effective alternative to Mocap systems, including 
outdoor assessment. However, in recent years, there has been increasing interest in developing 
methods for measuring human kinematics based on vision systems. The clinical potential of video-
based systems for gait analysis is promising because they are non-invasive, low-cost, and can be 
used in a variety of environments. One of the simpler approaches to assess the 2D trajectory of 
key human points based on an RGB camera is blob analysis [4]. However, no studies have yet 
been conducted to compare the measurement accuracy of gait analysis methods based on blob 
analysis with methods based on Deep Learning. This study aims to evaluate the accuracy of two 
video-based methods for analysing 3D heel trajectories to measure foot clearance. Specifically, a 
metrological comparison was performed to evaluate the performance of a markerless algorithm 
based on a Deep Learning neural network for pose estimation (TC -Former) [5] with a marker-
based method based on a colour threshold filter and blob analysis [4]. 

3 Materials, Methods and Preliminary Results 

A healthy adult (age: 26 years, weight: 72 kg, height: 172 mm) participated in the experiment, 
walking on a treadmill at 3.6 km/h while being recorded by two RGB cameras. As shown in 
Figure 1c, the first camera was pointed at the subject's sagittal plane, which was at (-2000, 0) 
mm with respect to the origin. The second camera was positioned at an angle of 45° behind the 
subject at (-1500, -1500) mm with respect to the origin s0. Using a Vicon optoelectronic system 
as the gold standard, we placed 39 markers on the participant according to the plug-in gait model. 
For the marker technique, we implemented a colour threshold filter in HSV colour space, which 
allowed us to identify the centres of six green passive markers positioned on the joint centres of 
the left limb using blob analysis. In this study, we only used the passive marker of P4 and reflective 
markers on the heel. 
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Figure 1. a) Sagittal camera view of the subject displaying the reflective and six green passive markers, b) 

45° Posterior camera view, c) Camera positioning 

 Matlab (v.2022b, The Mathworks Inc., Natwick, USA) and the Stereo Camera Calibration 
app were used to calibrate the stereo camera and calculate the intrinsic and extrinsic camera 
parameters. The Matlab Stereo Camera Calibrator toolbox implements the calibration algorithm 
developed by Zhang Z [6]. To calibrate the desired volume, an 8x10 chessboard with 20 mm 
squares was taken by the two cameras during the calibration process. The chosen markerless 
algorithm uses a hierarchical strategy and is composed of two different neural networks. The first 
neural network acts as a detector and has the task of surrounding the object with an anchor box. 
The second neural network then acts as a pose estimator and determines the keypoints based on 
the image that is inside the anchor box. We used a faster R-CNN model [7] as the detector and 
the TC -former [5] as the pose estimator. After extrapolating the 2D heel trajectories using the 
two video-based methods, we performed an algebraic triangulation to determine the 3D heel pose. 
To calculate the heel clearance, we first segmented the trials into the gait cycle and considered 
the heel contact from OS. 

  

Figure 2. a) Foot clearance from Blob Analysis (BA); b) Foot clearance from TC-Former (TC); c) Foot 

clearance from Optoelectronic system (OS). The red dashed line represents the mean along the gait cycle, 

while the standard deviation is represented by the grey-shaded areas. 
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To compare the three systems, the offset above the heel height was removed for each heel 
contact. TC -Former performed worse than Blob Analysis with a root mean square error of 
32.1±13.0 mm, while Blob Analysis had a root mean square error of 20.1±6.1 mm. The average 
mean and standard deviation of the extracted maximal foot clearance in all gait cycles was 
32.1±12.8 mm for TC -Former and 20.1±13.0 mm for Blob Analysis. 

4 Conclusions 

Two video-based algorithms were used to extrapolate the 2D heel trajectories for each recording. 
Algebraic triangulation was then performed for 3D heel pose estimation. According to the 
literature [8], the marker-based algorithm provides an affordable and cost-effective clinical tool 
for estimating foot clearance. In contrast, the video-based method based on TC -Former does not 
provide reliable results and proves that the markerless algorithm for 3D estimation of the 
keypoints of the foot needs further research and investigation. 
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