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A B S T R A C T   

Background: We study dual-task performance with marker-free video recordings of Timed Up-and-Go tests (TUG) 
and TUG combined with a cognitive/verbal task (TUG dual-task, TUGdt). 
Research question: Can gait parameters be accurately estimated from video-recorded TUG tests by a new semi- 
automatic method aided by a technique for human 2D pose estimation based on deep learning? 
Methods: Thirty persons aged 60− 85 years participated in the study, conducted in a laboratory environment. 
Data were collected by two synchronous video-cameras and a marker-based optoelectronic motion capture 
system as gold standard, to evaluate the gait parameters step length (SL), step width (SW), step duration (SD), 
single-stance duration (SSD) and double-stance duration (DSD). For reliability evaluations, data processing aided 
by a deep neural network model, involved three raters who conducted three repetitions of identifying anatomical 
keypoints in recordings of one randomly selected step from each of the participants. Validity was analysed using 
95 % confidence intervals (CI) and p-values for method differences and Bland-Altman plots with limits of 
agreement. Inter- and intra-rater reliability were calculated as intraclass correlation coefficients (ICC) and 
standard errors of measurement. Smallest detectable change was calculated for inter-rater reliability. 
Results: Mean ddifferences between video and the motion capture system data for SW, DSD, and SSD were sig-
nificant (p < 0.001). However, mean differences for all parameters were small (-6.4%–13.0% of motion capture 
system) indicating good validity. Concerning reliability, almost all 95 % CI of the ICC estimates exceeded 0.90, 
indicating excellent reliability. Only inter-rater reliability for SW (95 % CI = 0.892;0.973) and one rater’s intra- 
rater reliability for SSD (95 % CI = 0.793;0.951) were lower, but still showed good to excellent reliability. 
Significance: The presented method for extraction of gait parameters from video appears suitable for valid and 
reliable quantification of gait. This opens up for analyses that may contribute to the knowledge of cognitive- 
motor interference in dual-task testing.   

1. Background 

In the ongoing Uppsala-Dalarna Dementia and Gait project (UDDG-
ait™) [1] we use marker-free video recordings to document Timed 
Up-and-Go test (TUG) [2] and TUG combined with a cognitive/verbal 
task (TUG dual-task TUGdt), which are studied as markers of early de-
mentia disorder. TUG is a well-established test of a one-movement 
sequence: starting from a sitting position in a chair, standing up and 

walking 3 m, turning around, walking back to the chair and sitting down 
again. Promising results have been shown concerning the TUGdt 
outcome “words per time unit” [3–5]. Since gait disturbance may pre-
cede and indicate cognitive decline [6,7], gait parameters extracted 
from the UDDGait™ videos may give additional valuable information. 

A recent systematic review and meta-analysis [8] indicated that gait 
analysis could contribute to the diagnosis and prognosis of dementia, 
since the results showed that several gait parameters are affected by the 
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progression of dementia disorder. Additionally, the use of assessments of 
the cognitive-motor interference by dual-task testing and standardised 
methods are urgently needed in both research and clinical settings [9]. 

In the current study we extracted gait parameters from video re-
cordings of TUG tests performed in a laboratory environment, in 
accordance with the UDDGait™study protocol [1], and evaluated their 
validity and reliability. Heel-strike and toe-off events are detected and a 
keypoint on each heel is located in the heel-strike images. This is done by 
visual inspection. The process is greatly aided by the identification of 
anatomical keypoints obtained from the deep neural network model 
OpenPose [10]. The keypoints obtained from OpenPose are not accurate 
enough for quantitative gait analysis [11]. Although, OpenPose has been 
used for quantitative movement analysis in several papers [12–15], the 
accuracy of the identified keypoints is not sufficient for detailed move-
ment analysis relevant for clinical purposes [16]. However, their tra-
jectories can be used to identify relevant parts of the video (gait), rough 
estimates of gait events, such as heel strike and toe off, and the location 
of the feet in the images. Still, marker-less techniques for video-based 
gait analysis are so far not well-established [17]. 

Validity and reliability are central characteristics that define the 
quality of measurement methods and the test results’ potential of 
application in research and clinical practice. Validity can be determined 
by comparisons with a gold standard, which in the current study was 
obtained by an optoelectronic motion capture system (Qualisys AB, 
Gothenburg Sweden). Since some stages in our method for gait param-
eter extraction are manual and thus involve rater judgement, analyses of 
both inter- and intra-rater reliability are crucial. We therefore performed 
reliability analyses comprising the degree of agreement between results 
of data-processing of the same steps from different raters (inter-rater), as 
well as from repeated data-processing by the same rater (intra-rater) 
[17]. Our primary goal was to evaluate the measurement properties of 
our novel approach to inform future utility within the UDDGait™ 
project. The main research question was: Can gait parameters be accu-
rately estimated from video-recorded TUG tests by a new 
semi-automatic method aided by OpenPose? 

2. Methods 

We conducted a study at the Biomechanics and Motor Control lab-
oratory (BMC), at The Swedish School of Sport and Health Sciences 
(GIH), Stockholm, to evaluate measurement properties of the gait pa-
rameters step length (SL), step width (SW), step duration (SD), single- 
stance duration (SSD) and double-stance duration (DSD) extracted 
from video recordings [18]. The Swedish Ethical Review Authority 
approved the study. 

2.1. Participants 

Thirty persons without any diagnosed cognitive impairment were 
recruited among participants in a health study at GIH (Table 1). 
Exclusion criteria were need of an interpreter, inability to rise from a 
sitting position, inability to walk three meters back and forth, and indoor 
use of a walker. 

2.2. Data collection 

For descriptive purposes some standard tests of motor and cognitive 
functioning were used, i.e. 10 m standing start usual walking speed [19], 
hand grip strength measured by a dynamometer, and Mini-Mental State 
Examination (MMSE) [20]. Experimental conditions were TUG [2] as a 
single task test, as well as TUG combined with cognitive/verbal tasks [1, 
3,4,21] constituting three different TUGdt tests. Reliability and validity 
results were not investigated separately for TUG/TUGdt, with the 
assumption that condition does not affect reliability and validity of the 
proposed method. The participants were instructed by an experienced 
physiotherapist to complete all tests at their own speed, and to complete 
the mobility sequence even if they did not know what to say. 

All TUG tests were documented by synchronous video recordings as 
well as by a marker-based opoelectronic motion capture system (Oqus4, 
Qualisys AB, Gothenburg, Sweden) as gold standard. For the video re-
cordings, two cameras (Sony NEX-5 T) on tripods were used. One was 
placed 2 m in front of the line where the participant turned (front-view) 
and the other 4 m to the side of the line (side-view). The cameras’ field of 
view was 61 degrees. Digital high-definition video (1080p) was recor-
ded at 25 Hz. Six reference marks were placed at known locations on the 
floor for calibration of the video cameras. The calibration involved 
determining the mapping of pixel coordinates in the video images to 
global coordinates on the floor, with the x-direction defined as the 
horizontal direction from the chair to the 3 m-line, and the y-direction 
perpendicular and pointing to the left as seen from the chair. For the 
optoelectronic motion capture analysis reflective markers were placed at 
specified landmarks on the right and left foot: 1–2) lateral malleolus, 
3–4) medial malleolus, 5–6) back of the shoe 7–8) front of the shoe, and 
9–12) the head of the first and fifth metatarsal. Data were synchronized 
by a ‘double clap’ audio- and visual signal using a clapboard at the 
beginning and the end of each collection. 

2.3. Data processing 

Data processing was carried out by three raters: two researchers with 
expertise in motion capture and one physiotherapist, who met (virtually) 
on 22 occasions to discuss how to apply the definitions of the events and 
keypoints to be identified. The gait events heel-strike and toe-off [22] were 
identified in video recordings by visual inspection after approximate 
detection of the events using keypoints from OpenPose [10]. The video 
frame corresponding to the heel-strike event was defined as the first 
frame after the swing-phase for which there was a visible contact be-
tween the foot and the floor, and for which there was a visible decrease in 
the angle between the foot and the floor compared to the previous frame. 
The video frame corresponding to the toe-off event was the last frame of 
the stance phase before the toe lost contact with the floor, or the last 
frame before a visible reduction in the distance between the feet. To 
identify the heel-strike and toe-off events, the rater was first presented 
with a set of eight frames that were centered around an approximate 
event. The rater was then tasked with refining the approximated events 
by manually selecting the nearest frame that best matched the event 
definitions. Approximated heel-strike events were the frames where the 

Table 1 
Characteristics of study participants.   

Males Females Total 

N 14 16 30 
Age, years, median (min-max) 77 (69− 83) 69.5 (60− 85) 73 (60− 85) 
University educated, n 8 12 20 
Body length, cm, median (min-max) 180.3 (171− 185.5) 165.8 (151− 174.5) 171.3 (151− 185.5) 
Walking speed, m/s, median (min-max) 1.3 (1− 1.7) 1.2 (0.8− 1.9) 1.3 (0.8− 1.9) 
Hand grip, lb, median (min-max) 84 (54− 112) 58 (37− 75) 64.5 (37− 112) 
MMSE* score, median (min-max) 29 (24− 30) 29 (25− 30) 29 (24− 30)  

* Mini-Mental State Examination. 
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horizontal distance between the left and right foot keypoints in the 
x-direction attained a local maximum. Toe-off events were approximated 
as the frame at 28 % of the time interval between two subsequent 
heel-strike events. The value of 28 % was determined from event data 
obtained from the marker-data for the same sample population. Note that 
the approximate events use definitions different from the manually 
defined events, since they are estimated from the OpenPose keypoints. 
These keypoints are inaccurate and noisy, and require the use of simpler 
definitions that give more robust, albeit less accurate results. The 
heel-strike video frames for both the side-view camera and the 
frontal-view camera were automatically cropped to show the feet and 
shank only and then enlarged by a factor of three to improve the accuracy 
of manual marking. In the side-view video frame, the most 
posterior-inferior point of the heel was manually marked. Similarly, the 
most lateral-inferior point of the heel at heel-strike was marked in the 
frontal-view video frame. The coordinates of the heel point obtained from 
the side-view video was used to create visual guidelines for the approx-
imate heel location in the frontal-view video (Fig. 1). The primary pur-
pose of the guidelines was to aid the raters in locating the heel in video 
frames where the participant was walking towards the camera, where the 
heel was occluded by the forefoot. Image coordinates were transformed 
into 3D coordinates using the mapping calculated from known markings 
on the floor in the camera calculation step. Based on the identified events 
and heel point positions, the following gait parameters were determined: 
SL defined as the distance between posterior points on heels in the di-
rection from chair to 3 m-line marking (horizontal x-direction) (Fig. 1) 
and SW defined as the distance between lateral heel points in the hori-
zontal y-direction, calculated from the positions of markers on the heel 
and malleolus marker, and SD, SSD and DSD calculated from the times (s) 
of the identified gait events. For marker data the Foot velocity algorithm 
[18] was used to determine the gait events. 

For evaluation of inter- and intra-rater reliability of the manual parts 
of the data processing, a program was developed to randomly choose a 
single step (among the four different TUG tests) from each of the 30 
participants, resulting in 17 steps towards the 3 m-line and 13 steps back 
towards the chair. These steps were then processed (as described above), 
where each step required the rater to mark seven events: two sequential 
heel-strikes, the toe-off occurring in between them, and four heel events, 
i.e. two posterior in the side-view video frame and two lateral in the 
frontal-view video frame. This process was repeated three times by three 
different raters for all randomly selected steps. Processing of the rand-
omised steps was carried out in one sequence, with sufficient pause in- 
between so that at least 30 min separated the repeated analysis of the 
same step. A quality control following the data extraction showed that 
three steps from one rater had to be excluded due to errors occurring 

during the data processing. Two steps were excluded for not being the 
same as processed by the other two raters. One step was excluded 
because of clearly non-valid durations. The excluded steps were not 
processed again as the procedure would have differed from that of the 
other raters. Learning might also affect the outcome if the rater were to 
process the same steps again. 

2.4. Statistical analyses 

Statistical analyses based on video results from 30 unique steps 
(processed by two raters and 27 processed by one rater) were carried out 
using Statistica® 13.4 (TIBCO Software Inc. CA, USA) and SAS® version 
9.4 (SAS Institute Inc., Cary, NC, USA). The normality assumption of the 
gait parameters was evaluated using the Shapiro-Wilks test where values 
of the test statistic w>0.95 indicated normality. In case of w<0.95 a 
logarithmic transformation was performed. 

Criterion validity data was calculated as the mean of all available 
gait parameters for each step compared to the value from the motion 
capture system. These data were analysed with Bland-Altman plots with 
limits of agreement [23], and 95 % confidence interval (CI) for differ-
ences with p values. A p-value less than 0.05 was deemed as statistically 
significant. 

Inter- and intra-rater agreements were calculated as intraclass cor-
relation coefficient (ICC) and standard error of measurement (SEM). For 
inter-rater reliability, smallest detectable change (SDC) was calculated 
as 1.96 * √2 * SEM. SDC can be regarded as the smallest change be-
tween any two steps that cannot be attributed to measurement errors. 

Raters and analysed steps were regarded as random samples from the 
corresponding populations. Our aim was to measure absolute agree-
ment. The intended measurement protocol will be based on a single 
rater. Thus, for inter-rater reliability, ICC estimates with 95 % CI were 
calculated using a single-rating, absolute-agreement, 2-way random- 
effects model, and for intra-rater reliability, ICC estimates with 95 % 
CI were calculated using a single rating, absolute agreement, one-way 
random-effect model for each rater [24]. Furthermore, inter- and 
intra-rater reliability were illustrated in Bland-Altman plots. In these 
plots, intra-rater reliability for each rater and step was presented as 
intra-rater standard deviations versus mean of all measurements and 
inter-rater reliability for each step was presented as standard deviations 
between the raters’ mean values versus mean of all measurements. 

3. Results 

Sixteen women and 14 men, aged 60− 85 years (median = 73 years) 
participated in the study (Table 1). The participants had an MMSE score 

Fig. 1. Examples of identification of step length (A) and step width (B) from video recordings. Marking the heel points in the frontal-view video is guided by lines 
that show where the heel point was previously marked in the corresponding side-view video (C). 
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Fig. 2. Inter- and intra-rater standard deviations versus mean values of step length (A) and step width (B) extracted from video by the three raters. Comparison with results from an optoelectronic motion capture system 
as gold standard (C and D). Results were based on data from 30 steps for rater 1 and 3, and 27 steps for rater 2. 
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of at least 24, which is a common cut-off for cognitive impairment [25], 
a walking speed of at least 0.8 m/s, and a hand-grip strength of above 53 
lb for men and 36 lb for women, respectively. 

All gait parameters were normally distributed without trans-
formation according to the Shapiro-Wilks test statistic (w>0.95). 

Criterion validity, analysed by comparisons of gait parameter results 
extracted from video recordings and results generated by the motion 
capture system, are illustrated by plots of SL and SW (Fig. 2C and D) as 
well as SD, SSD, and DSD (Fig. 3D–F). These plots show the difference 
between gait parameter values from each of the three raters and corre-
sponding values from the motions capture system versus the motions 
capture value itself, as well as 95 % limits of agreement. The mean 
differences of these comparisons (and the mean differences in percent-
age of the gold standard means values) including the 95 % CI for mean 

differences are shown in Table 2. Mean differences for SL (-0.1 %) and 
SD (-1.1 %) were not statistically significant while SW (-6.0 %), SSD 
(-6.4 %) and DSd (13.0 %) showed significant differences. 

Inter- and intra-rater standard deviation for gait parameters extrac-
ted from video by the three raters are illustrated by plots of SL and SW 
(Fig. 2A and B) as well as SD, SSD, and DSD (Fig. 3A, B, C). Inter- and 
intra-rater agreements concerning these parameters are presented as ICC 
and SEM in Table 3, with the addition of SDC for inter-rater reliability. 
According to 95 % CIs all ICC estimates were good or excellent with 
estimated inter-rater ICCs ranging between 0.889 and 0.996 and intra- 
rater ICCs ranging between 0.898 and 0.999. 

Fig. 3. Inter and intra-rater standard deviations versus mean values of durations of step (A), single stance (B) and double stance (C) extracded from video by three 
raters. Comparison with results from an optoelectronic motion capture system as gold standard (D, E and F). Results were based on data from 30 steps for rater 1, and 
3 and 27 steps for rater 2. 
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4. Discussion 

The findings show that the presented method for extraction of gait 
parameters possesses good to excellent validity and inter-, and intra- 
rater reliability. There was a span in the agreement between the pro-
posed method and the gold-standard as expressed in the % absolute 
mean difference, ranging from less than 1.1 % (SL and SD) to around 6% 
(SW and SSD) to 13.6 % (DSD). The validity must therefore be judged 
individually for the different step parameters. The limits of agreement 
for SL are better by a factor three, but for SW worse by a factor 2, 
compared to a recent validation of a marker-less video-based system 
[26]. For SD and DSD the results are similar. A recent study uses 
OpenPose keypoints directly to estimate gait parameters [27]. This 
method does not use a human rater to refine gait events and to manually 
mark the contact points between the heel and surface, but instead relies 
on manually cleaning the trajectories of OpenPose keypoints. In com-
parisons with a gold standard similar to our study, they report a % ab-
solute mean difference greater than 7.8 % for SL, 3.3 % for SD and 14.2 
% for DSD [27]. This is substantially poorer accuracy compared to our 
results (except for DSD which is on par) and it shows the potential gain 
of including human raters in the process. 

Concerning reliability, almost all 95 % CI of the ICC estimates 
exceeded 0.90, indicating excellent reliability [24]. Only inter-rater reli-
ability for SW (95 % CI = 0.892;0.973) and one rater’s intra-rater reli-
ability for SSD (95 % CI = 0.793;0.951) were lower, but still on a level of 
good to excellent reliability. The SEM, which allows for differentiating 
between real differences and random errors [28] showed overall small 

values, with ranges between 0.001− 0.018 m for spatial, and 0.006− 0.18 
s for temporal measurements. The SDC, presented for inter-rater vari-
ability and regarded as the smallest change between any two steps/ratings 
that cannot be attributed to measurement errors [28] were also small. 
Hence, the small SEM and SDC values in this study indicate that small real 
differences between steps could be detected by our method [28]. 

Some limitations should be considered when interpreting the results. 
We used no markers, which may have improved measurement quality 
even more [17], but were judged as clinically inconvenient particularly 
for the target population of UDDGait™ i.e. people undergoing memory 
assessment. The accuracy may be different for steps at different locations 
in space due to differences in distance to the cameras. The reported 
results represent average accuracy. Furthermore, we did not perform a 
power calculation to determine the sample size. However, it exceeded 
what is commonly required for reliability studies [24], since three raters 
processed thirty samples/steps (from 30 individuals), three times each. 
This study design resulted in a high precision of the estimated ICCs, 
which was shown in the narrow CIs in the reliability analyses. Addi-
tionally, the validity analyses resulted in precise estimates of differences 
between video recordings and the motion capture system. Nevertheless, 
more assessor pre-training might have improved the inter-rater reli-
ability, since manually determining events and keypoints in videos im-
plies decision making by individuals, and is therefore susceptible to 
subjective bias. For a team working together with data processing for a 
laboratory, it is advised to train together on the identification of gait 
events and keypoints to improve the inter-rater reliability. The results 
showed that reliability is better within the same rater, which makes it 

Table 2 
Means of raters’ measurements and means of motion capture system measurements (gold standard) and mean differences (and mean differences in percentage of the 
gold standard mean values) between them with 95 % confidence intervals and p-values. Results were based on data from 30 steps for motion capture, rater 1 and 3 and 
27 steps for rater 2.  

Parameter Mean of raters’ measurements Mean of gold standard Mean difference 
(% of gold standard) 

95 % confidence interval p-value 

Step length (m) 0.574 0.575 − 0.001 (− 0.1 %) − 0.003; 0.002 0.699 
Step width(m) 0.199 0.211 − 0.013 (− 6,0%) − 0.016; − 0.009 <0.001 
Step duration (s) 0.685 0.693 − 0.008 (− 1.1 %) − 0.016; 0.000 0.096 
Single stance duration (s) 0.470 0.502 − 0.032 (− 6.4 %) − 0.040; − 0.025 <0.001 
Double stance duration (s) 0.215 0.190 0.025 (13.0 %) 0.017; 0.032 <0.001  

Table 3 
Intraclass correlation coefficients (ICC) with 95 % confidence intervals, standard error of measurements (SEM) for inter-rater and intra-rater variability, and smallest 
detectable change (SDC) for inter-rater variability. Results were based on data from 30 steps from rater 1 and 3, and 27 steps for rater 2.  

Parameter Variability ICC 95 % confidence interval ICC SEM SDC 

Step length (m) Inter-rater 0.998 0.996;0.999 0.001 0.003  
Intra-rater, rater 1 0.998 0.995;0.999 0.004   
Intra-rater, rater 2 0.993 0.985;0.997 0.008   
Intra-rater, rater 3 0.996 0.992;0.998 0.006   

Step width (m) Inter-rater 0.946 0.892;0.973 0.018 0.050  
Intra-rater, rater 1 0.992 0.984;0.996 0.005   
Intra-rater, rater 2 0.978 0.953;0.989 0.009   
Intra-rater, rater 3 0.987 0.974;0.994 0.007   

Step duration (s) Inter-rater 0.995 0.989;0.997 0.006 0.016  
Intra-rater, rater 1 0.982 0.964;0.991 0.024   
Intra-rater, rater 2 0.980 0.959;0.991 0.027   
Intra-rater, rater 3 0.988 0.976;0.994 0.019   

Single stance Inter-rater 0.944 0.889;0.973 0.013 0.037 
duration (s) Intra-rater, rater 1 0.950 0.899;0.975 0.016   

Intra-rater, rater 2 0.898 0.793;0.951 0.024   
Intra-rater, rater 3 0.953 0.905;0.977 0.015   

Double stance Inter-rater 0.985 0.97;0.993 0.020 0.055 
duration (s) Intra-rater, rater 1 0.978 0.955;0.989 0.023   

Intra-rater, rater 2 0.964 0.924;0.983 0.032   
Intra-rater, rater 3 0.988 0.976;0.994 0.017   
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advantageous, but not critical, that the same individual processes the 
data for any repeated visits/trials of the same participant. 

The current results are promising for future applications of our 
method that include the deep learning model OpenPose, to speed up and 
guide analysis of video data. Such methods can successfully classify 
different types of gait [29] and novel attempts to automatically extract 
quantitative information on gait from video are encouraging, but require 
large data sets [13]. Our method involves manual tasks (labelling events 
and keypoints) which we register in order to accumulate a database of 
training data that will enable training of deep learning networks for fully 
automatic analysis in the future. 

5. Conclusions and significance 

The presented method for extraction of gait parameters from video 
appear suitable for valid and reliable quantification of gait, which is 
more available and affordable than laboratory-based motion capture 
systems and easier to accomplish in a clinical context compared to 
marker-based video recordings [17,30]. 

Extraction and quantification of gait parameters from video facilitate 
analyses that may contribute to the knowledge of cognitive-motor 
interference in dual-task testing. We are further developing our meth-
odology to make it more automatic, faster and hence, useful for analysis 
of our extensive UDDGait™ video-data. For these purposes, we use deep 
neural networks trained specifically for detecting the keypoints on the 
heel. The performance of such networks trained on image data labelled 
by humans depends on the quality of the training data, i.e. the validity 
and reliability. The results of this study establish the quality of such 
training data. 
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