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Abstract— Five different methods to scale 2D skeleton 

keypoint data as derived from pose estimation deep neural 

networks for freehand video recording of gait were evaluated. 

Scaling using the bounding box of left shoulder and right hip 

keypoints best maintained original angles and provided the 

expected stable distance between hips and between shoulders. 

 
Clinical Relevance— Quantifying gait features from freehand 

single camera video recordings will allow for more objective and 

easy-to-use clinical evaluation of abnormal gait. 

I. INTRODUCTION 

Gait can clinically be assessed semi-quantitatively using 
rating scales. However, such assessment requires extensive 
clinical knowledge and expertise, and is subjective and 
time-consuming. Therefore, wearable inertial sensors have 
been considered for objective and more accurate assessment. 
Yet, this approach still requires special hardware, preparation 
time and can by itself not be used to derive important 
distance-based features, such as step width. Recent advances 
in video-based pose estimation and the ubiquity of video 
cameras in outpatient clinics, have motivated us to design a 2D 
skeleton-based method for quantitative gait analysis using 
video images taken in the coronal plane. To allow calculation 
of (variability in) distance-based features, individual video 
frames need to be scaled first. Therefore, we evaluated 
different scaling methods to preprocess 2D skeleton keypoint 
data as derived from pose estimation deep neural networks.  

II. METHODS 

Six children  (2 ataxia, 2 developmental coordination 

disorder and 2 controls) walked in a straight line, with a single 

2D camera placed in front of them. A deep neural network 

model trained on the MSCOCO dataset based on Alphapose 

was first used to extract 17 skeleton keypoints[1]. Then a 

PoseFlow framework was used to match the skeleton to the 

same participant in a recording[2]. We analyzed five different 

scaling methods, that each used different distances to scale 

every video frame with, according to: 

x' = 
(x - x0)

w + e
,   y' = 

(y - y0)

h + e
        (1) 

Here (x,y) and (x’,y’) are the current and scaled coordinates, 

respectively, (x0,y0) are the coordinates of the top left corner 

of the bounding box of all keypoints, e =1 (pixel; used to 

avoid division by zero) and w and h are width and height 

defined by the specific scaling method. Four of the assessed 
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scaling methods used width and height of the bounding boxes 

of: 1) all keypoints (Box scale or BS method), 2) the two 

shoulder keypoints (S method), 3) the left shoulder and right 

hip (LS/RH method) and 4) the two hip keypoints (H 

method). The 5th method used the distance between left 

shoulder and right hip for both w and h (LS/RH-d method). 

Performance was assessed by the mean absolute angle error 

(MAAE; angles should remain the same after scaling) and 

mean variance of distance between certain keypoints. An 

example of scaling is at https://github.com/jiudaa/Scaling. 

III. RESULTS 

The mean likelihood for all keypoints was 0.82 (std=0.14), 
indicating high reliability. The MAAE was 4-5 times as high 
for the S and H compared to the other methods; these methods 
were therefore omitted from further consideration. Mean 
variance of distance between certain pairs of keypoints is 
illustrated in Fig. 1.     

Figure 1. Mean variance of distance between shoulder (green), wrist 
(purple), hip (orange) and ankle (yellow) keypoints for the original data and 
BS, LS/RH and LS/RH-d methods. 

The LS/RH method performed best because it maintained 
expected low variability in shoulder and hip distance, while 
allowing for expected variability in hands and ankle distance.  

IV. CONCLUSION 

This study is a first step towards quantitative analysis of 

clinically observed gait using single camera freehand video 

recording, that may be used to differentiate movement 

disorders with machine learning in the future. 
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