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Abstract: Recent advancements have made two-dimensional (2D) clinical gait analysis
systems more accessible and portable than traditional three-dimensional (3D) clinical
systems. This study evaluates the reliability and validity of gait measurements using
monocular and composite camera setups with VisionPose, comparing them to the Vicon 3D
motion capture system as a reference. Key gait parameters—including hip and knee joint
angles, and time and distance factors—were assessed under normal, maximum speed, and
tandem gait conditions during level walking. The results show that the intraclass correlation
coefficient (ICC(1,k)) for the 2D model exceeded 0.969 for the monocular camera and 0.963
for the composite camera for gait parameters. Time–distance gait parameters demonstrated
excellent relative agreement across walking styles, while joint range of motion showed
overall strong agreement. However, accuracy was lower for measurements during tandem
walking. The Cronbach’s alpha coefficient for time–distance parameters ranged from 0.932
to 0.999 (monocular) and from 0.823 to 0.998 (composite). In contrast, for joint range
of motion, the coefficient varied more widely, ranging from 0.826 to 0.985 (monocular)
and from 0.314 to 0.974 (composite). The correlation coefficients for spatiotemporal gait
parameters were greater than 0.933 (monocular) and 0.837 (composite). However, for
joint angle parameters, the coefficients were lower during tandem walking. This study
underscores the potential of 2D models in clinical applications and highlights areas for
improvement to enhance their reliability and application scope.

Keywords: motion analysis; gait; validation; human pose estimation

1. Introduction
Aging often brings changes in joint range of motion (ROM) that can lead to noticeable

gait irregularities, especially in individuals with conditions such as osteoarthritis, stroke,
or Parkinson’s disease [1]. Consequently, clinical gait analysis has become essential for
effective rehabilitation, offering valuable insights into patient mobility and overall health.
Standard clinical assessments [2] commonly involve timed [3] and shuttle [4] walking tests,
during which a patient walks a distance of 10 m or less while parameters such as step length,
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step width, gait velocity, step count, cadence, gait cycle time, step duration, and kinematic
joint angles are measured. To ensure accuracy, clinicians often rely on high-cost motion
capture systems that apply a combination of machine learning and manual annotations.
However, these systems incur high costs, are complex, and require a level of operating
expertise, limiting accessibility for many patients. Those who do participate must endure
repetitive visits to specialized laboratories, the placement of anatomical markers, and, in
some cases, complex and repetitive imaging processes, which can alter gait mechanics
leading to inaccurate measurements and increased patient burden [5,6].

Current state-of-the-art clinical systems include Vicon (Vicon Nexus2; Vicon Motion
Systems Ltd., Oxford, UK) and Optitrak [7,8]. Vicon, the current gold standard for motion
capture, is widely regarded for its accuracy, producing a high level of reliability and internal
statistical validity. “Internal validity” is essentially a guarantee that the processes used to
make quantitative assessments are sound, repeatable, and confident at a very high level
(e.g., 95–98%, depending on the measure). For Vicon, this guarantee refers to its function of
making predictions based on three-dimensional (3D) video input. Therefore, it not only
handles stereoscopic image data well, but also keeps track of features across the sequential
frames of any given video. However, Vicon requires the placement of anatomical markers
on the patient.

Recently, markerless systems using accelerometers or wearable data collection units
have emerged as alternatives to traditional marker-based systems, and discussions have
been held regarding their reliability and validity [9,10]. However, these systems are gener-
ally less reliable when capturing detailed kinematic data and present significant operational
challenges. Despite these issues, markerless systems offer unique advantages. For exam-
ple, they have the potential to reduce the time and costs associated with marker-based
approaches [11]. Additionally, these systems capture motion directly from the subject’s
body surface, reducing errors caused by skin movement artifacts and are less susceptible
to inaccuracies resulting from marker misalignment or movement, which are common
drawbacks in marker-based methods [12–15]. A significant breakthrough in markerless
technology came with the release of Microsoft’s Kinect motion-sensing device in 2010. The
Kinect is known for its ease of use, portability, and affordability. Various studies investigat-
ing gait analysis with Kinect-based systems have, however, shown significant differences
in accuracy compared to Vicon. To address these discrepancies, researchers analyzed the
Kinect’s internal validity [12] by comparing its measurements of an 8-m walking test to
those obtained from Vicon. The findings revealed that the Kinect’s intraclass correlation
coefficients (ICCs) were reliable only at very low data acquisition rates, limiting its clini-
cal applicability. Subsequent studies with the Kinect V2, which uses an automated body
tracking algorithm, have shown promise in assessing temporal gait parameters. However,
while the Kinect V2 can track basic lower body movements, its reliability and validity for
detailed kinematic analysis remain low [16–18]. Therefore, although Kinect may struggle
with high-accuracy kinematic data, research suggests it could still be a valuable tool for
capturing broad spatial and temporal parameters of gait [19].

VisionPose is a markerless posture estimation engine powered by artificial intelligence
(AI) that can analyze human skeletal and posture information in both 2D and 3D. It can
detect skeletal data for multiple individuals from still images and video. By creating
training datasets and performing additional training, the accuracy of skeletal detection can
be improved. This system does not require markers or depth sensors, and VisionPose can
automatically identify up to twenty-five joints and five facial landmarks, totaling thirty
anatomical locations [20]. This capability suggests that it could provide versatile and
reliable assessments in clinical evaluation, as it has already demonstrated effectiveness
in estimating knee joint posture in the frontal plane, showing potential applicability in
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clinical practice [21]. Therefore, with appropriate adaptation, VisionPose could become an
accessible, affordable tool for widespread clinical use, providing effective motion analysis
and potentially transformative treatment options for patients.

There is also a system similar to VisionPose called OpenPose, and research is also
progressing in that area. Previous studies have compared the Vicon system with OpenPose
across different motion contexts, including squatting [1] and treadmill walking [5], demon-
strating high reliability and validity. Recent studies have further shown that joint position
tracking during walking yields minimal discrepancies in joint position measurements be-
tween the two systems [22,23]. Specifically, studies investigating the validity of OpenPose’s
2D gait analysis for tasks involving 3D gait recognition across various ranges of motion
(ROM) reported a significant correlation between the hip and knee joint angles measured
by OpenPose and those obtained using Vicon’s 3D system [24]. Despite these findings,
the reliability and validity of OpenPose for level ground walking assessments, especially
using fixed cameras [5], remain underexplored. One study examined the femorotibial angle
(FTA), the angle between the long axes of the femur and tibia, using VisionPose and a 3D
optical motion analysis device. The results revealed a significant correlation between the
FTA measurements obtained by the two systems, indicating the high validity of VisionPose
as a tool for estimating knee joint posture in the frontal plane [21]. However, because these
systems can only output the joint coordinates in a 2D image in pixel units [pix], previous
studies did not mention important walking parameters such as stride length or walking
speed, and the joint angles were simply calculated from the output coordinates [pix] ob-
tained from an image showing the subject’s sagittal plane. In addition, the joint angle was
not calculated from 3D coordinates, so there was a large error. In response to this, Imasen
developed two types of systems (monocular camera type and compound camera type)
that install cameras on the front and side of the subject, use VisionPose on the obtained
images, and output parameters necessary for gait analysis such as 3D coordinates [mm] and
joint angles from the output coordinates [pix]. The difference between the two developed
systems is the angle of view of the camera installed on the side of the subject, and the
two are used depending on the size of the measurement space. The reason for adopting
VisionPose instead of OpenPose is due to the cost benefits when used commercially.

This study aimed to assess the reliability and validity of the Imasen system for gait
analysis on level ground. Specifically, it evaluated monocular and composite camera
configurations, referencing the Vicon system (the gold standard), to measure hip and knee
joint angles, as well as time and distance parameters under various gait conditions, such as
maximum speed and tandem walking. This study examined whether the Imasen system
could be useful for both clinical and research purposes in gait analysis. Additionally, it
hypothesized that the Imasen system would demonstrate comparable reliability to the
Vicon system, accurately analyzing hip and knee joint movements during gait patterns like
maximum speed and tandem walking. Furthermore, it anticipated that the Imasen system
could achieve similar accuracy to traditional motion capture systems, while remaining
simple and cost-effective.

2. Materials and Methods
2.1. Participants

Previous studies on internal validity with healthy individuals have shown that a
minimum of 20 participants is typically required for reliable results [6,16,25]. Therefore,
we included 11 participants in the monocular camera group (10 males and 1 females;
mean age: 44.3 ± 10.3 years, mean height: 166.1 ± 6.1 cm, mean weight: 63.7 ± 10.3 kg)
and 12 participants in the compound camera group (10 males and 2 females, mean age:
45.2 ± 11.3 years, mean height: 167.0 ± 6.9 cm, mean weight: 67.4 ± 14.3 kg), totaling
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23 healthy adults. The subjects wore tight leggings and a shirt for all trials. Individuals with
a history of severe injuries, such as ligament or musculoskeletal injuries, nerve damage, or
fractures, were excluded from this study. The study protocol was approved by the Juntendo
University Ethics Committee (#23-080), and all participants provided informed consent.
Although there was a large gender difference in the samples this time, it is not thought that
this would have a significant impact on the evaluation results.

The reason for this is that when Vicon affixes the markers, it is unavoidable that the
measurement values will vary significantly depending on the skill level of the person
applying the markers and the participant’s obesity level. However, it was thought that the
difference in detection levels caused by differences in physique between men and women
would be far smaller than this amount of change, and therefore the evaluation was based
on the gender ratio this time.

2.2. Motion Task

Participants were assigned to walk on flat ground in the following order: comfortable,
maximum speed, and tandem walking (walking with the toes of one foot in contact with
the heel of the other foot) trials. At least 12 trials of three walking cycles each were video-
recorded. No rest periods were provided, as all subjects were healthy and walking back
and forth along the walking path was unlikely to cause fatigue.

2.3. Data Collection and Processing

A baseline internal parametric analysis was conducted using an eight-camera 3D Vicon
configuration (Vantage Vero2.2 Camera, 2.2 MP resolution, 220 megapixels) (Figure 1).
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Figure 1. Vicon gait measurement environment.

Motion analysis was conducted using a Vicon motion capture system with a Plug-in
Gait full-body model. A total of 39 reflective markers were placed on anatomical landmarks
according to the standard Plug-in Gait protocol. These markers were used to capture
the kinematics of the entire body, providing detailed three-dimensional motion data for
subsequent analysis. The data were collected at a sampling frequency of [insert frequency,
e.g., 100 Hz], ensuring high temporal resolution. Marker placement and data acquisition
were performed by trained professionals to ensure accuracy and consistency throughout
this study.
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The Imasen Gait Evaluation System utilizes two types of cameras: a monocular
camera and a composite camera. While this evaluation system employs a unique method
for capturing gait data with cameras, the skeletal estimation process using VisionPose
remains consistent. Gait data were collected using both the Imasen Gait Evaluation System
and Vicon during the motion tasks, despite the differences in their systems.

A 2D Imasen camera configuration—a side camera (to record sagittal plane) and a front
camera positioned orthogonal to the side camera (to record frontal plane)—was also used to
simultaneously record the trials. The paired camera systems were prepared with different
angles of view of the side cameras, and trials were recorded with each. With respect to the
side cameras of the pair of camera systems, the camera with the low angle of view was
a single camera (Figure 2), while the high one was a composite camera (to combine the
images of four cameras placed close together to create a single image) (Figure 3). In the
recording of a trial using the system in Figure 2, when the side camera was recording the
right sagittal plane, the front camera was recording the frontal plane of the front; when the
side camera was recording the left sagittal plane, the front camera was recording the frontal
plane of the back. Both systems were calibrated using dedicated calibration software and a
calibration board, and the evaluation was performed with the camera posture adjusted so
that the images were vertical, horizontal, and parallel to the walking path.
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The VisionPose algorithm was then used to process the data obtained from the Imasen
cameras (version of VisionPose: V1.8.1).
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2.4. Data Analysis

Peak angles of hip flexion and extension, as well as knee flexion and extension, were
measured, including the ROM for each. Heel contact was identified via software analysis
of frame-by-frame images to establish the gait cycle.

A total of 39 reflective markers were placed on anatomical landmarks following Vicon
protocols. These markers were attached to the anterior and posterior superior iliac spines
(ASIS and PSIS), the outer thigh, the lower leg, the lateral malleolus, the metatarsal heads,
and the calcaneus. The coordinate system for the pelvic segment was defined using the
ASIS and PSIS markers, with the origin set at the midpoint of the ASIS markers. The y-axis
was aligned in the left–right direction, and the x-axis extended forward from the midpoint
of the PSIS markers to the midpoint of the ASIS markers. This coordinate system structure
was consistently applied to all segments.

Vicon software(NEXUS 2.0) was used to calculate pelvic angles and relative angles
between coordinate systems using Euler angles. The pelvic ascent and descent angles were
measured between the transverse axis (horizontal axis in the frontal plane) and the pelvic
y-axis, reflecting the motions of the hip, knee, and ankle joints.

With respect to VisionPose, segment and joint angles were measured based on the
estimated feature points of each joint. These angles were calculated using the coordinates
of the reflective markers (Figures 4–7).
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Figure 4. VisionPose nodes. (a) Nodes at each skeletal estimate location. (b) Center of walking path
and offset. Each coordinate from the front camera was converted to real-world coordinates, with the
offset calculated from the center of the walking path.

The range of motion (ROM) for each gait cycle was determined by measuring gait
parameters and the peak extension and flexion angles of the hip and knee joints. The
starting point of the gait cycle was defined as the moment when the ankle joint center of
the observed limb passed the hip joint center in the sagittal plane during the swing phase.
To ensure the accurate identification of the same gait cycle, comparative validation was
performed using the position of the floor reaction force meter linked to the Vicon system.

The calculation method for each gait parameter and joint angle during one trial with
the Imasen system is outlined as follows:

1. Record sagittal plane images with a side camera (lens distortion in images captured
by the side camera with low angle of view was corrected. Lens distortion in images
captured by the side composite cameras with high angle of view was corrected, and
images from the four cameras were combined).

2. Skeletal estimation using VisionPose was performed on images from both the side
and front cameras, recording the coordinates of each joint node.

3. Joint node coordinate information in each frame of the front camera was converted to
real space coordinates, considering height information and joint node coordinates.

4. Joint node coordinate information in each frame of the side camera was converted
to real space coordinates, accounting for the distance between the side camera and
walking path center plane.

5. Each joint angle for each frame were calculated considering the angles between specific
joint nodes in the sagittal plane.

6. The gait cycle was identified based on the timing of the ankle joint center passing
directly under the hip joint center.
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7. Each gait parameter, including stride time, stride length, and gait speed, was calculated.
8. Peak angles and ROMs for each joint during the identified gait cycle were calculated.
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Figure 5. Processing flow for combining images from the side composite camera.

Processes (1) and (2) were executed using a camera control program written in C++,
while processes (3) through (8) were automatically handled by a dedicated Python program.
Additionally, IBM SPSS v.24.0 (IBM, Tokyo, Japan) was used to compare and validate the
outputs of the Vicon and Imasen systems.
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In the image processing workflow (Figure 7), lens distortion correction and projection
transformation were carried out using OpenCV functions. For the combined camera with a
wide field of view, images were projectively transformed relative to the 1.34 m projection
plane (using OpenCV’s warpPerspective function), and the four transformed images were
merged into a sagittal plane image (using OpenCV’s matchTemplate function). For the
side camera with a narrow field of view, only lens distortion correction was performed as
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it involved a single camera. These adjustments were finalized by mounting the camera
on a highly rigid pedestal, eliminating the need for recalibration during system relocation
or reinstallation.

2.5. Statistical Analysis

ICCs and 95% confidence intervals (CIs) were used to assess test–retest, intra-rater,
and inter-rater reliabilities. To evaluate the agreement between the Imasen system and
Vicon, ICCs were calculated, with ICCs < 0.5 indicating poor agreement, 0.5–0.75 indicating
moderate agreement, 0.75–0.9 indicating good agreement, and >0.9 indicating excellent
agreement [23].

Linear regression was used to analyze the correlation between the Imasen system and
Vicon data. Linear regression was used to analyze correlations between the Imasen system
and Vicon data, with correlation coefficients (r) as follows: 0.1–0.3 (small correlation),
0.3–0.5 (medium correlation), and >0.5 (large correlation) [24]. The correlation coefficient
(r) was interpreted as follows: 0.2–0.4 (small correlation), 0.4–0.7 (medium correlation),
and values greater than 0.7 (large correlation). The coefficient of determination (R2) was
interpreted as follows: 0.04–0.16 (small correlation), 0.16–0.5 (medium correlation), and
values greater than 0.5 (large correlation). For Vicon vs. Imasen, internal consistency was
assessed using Cronbach’s alpha, where values ≥ 0.7 were deemed acceptable [25–27]. All
statistical analyses were performed using IBM SPSS v.24.0 (IBM, Tokyo, Japan), with a
significance level set at p < 0.05.

3. Results
3.1. Data Acquisition Rate

In this study, the data acquisition success rates were 97.3% for the Vicon system, 100.0%
for the monocular camera, and 97.5% for the composite camera (Table 1a,b). However,
none of the systems were able to consistently and accurately analyze all aspects of gait. The
Vicon system faced challenges in capturing certain movements due to inconsistencies in
calculated cadence values, missed markers during gait cycles, and errors in gait parameter
output. Nonetheless, successful analyses were documented.

Table 1. (a) The regression models and the intraclass correlation coefficients [ICC(2,k)] for gait item
using Vicon and a monocular camera gait measurement system. (b) The regression models and the
intraclass correlation coefficients [ICC(2,k)] for gait item using Vicon and a composite camera gait
measurement system.

(a) 1

Item Gait
Pattern

Unstandardized
Coefficients B Constant 95% CI for B (p Value) R2 ICC(2,k) Cronbach’s

Alpha

Step length

Com 0.960 50.510 0.918 to 1.002 (p < 0.001) 0.996 0.983 0.999

Max 0.999 54.037 0.958 to 1.041 (p < 0.001) 0.996 0.991 0.999

Tandem 1.031 17.321 0.898 to 1.163 (p < 0.001) 0.965 0.990 0.991

Gait speed

Com 0.933 36.376 0.876 to 0.990 (p < 0.001) 0.992 0.981 0.997

Max 0.971 12.855 0.802 to 1.139 (p < 0.001) 0.937 0.989 0.998

Tandem 1.052 39.057 0.992 to 1.112 (p < 0.001) 0.993 0.997 0.998

Stride time

Com 1.039 5.964 0.651 to 1.427 (p < 0.001) 0.759 0.933 0.932

Max 0.971 12.855 0.802 to 1.139 (p < 0.001) 0.937 0.986 0.985

Tandem 1.042 37.162 0.979 to 1.104 (p < 0.001) 0.992 0.998 0.998
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Table 1. Cont.

(a) 1

Item Gait
Pattern

Unstandardized
Coefficients B Constant 95% CI for B (p Value) R2 ICC(2,k) Cronbach’s

Alpha

Stride length

Com 0.969 40.839 0.916 to 1.021 (p < 0.001) 0.993 0.986 0.998

Max 1.008 49.703 0.963 to 1.054 (p < 0.001) 0.996 0.994 0.999

Tandem 1.017 25.353 0.927 to 1.106 (p < 0.001) 0.983 0.988 0.995

(b) 2

Item Gait
Pattern

Unstandardized
Coefficients B Constant 95% CI for B (p Value) R2 ICC(2,k) Cronbach’s

Alpha

Step length

Com 0.939 28.184 0.864 to 1.015 (p < 0.001) 0.988 0.984 0.996

Max 0.95 19.974 0.842 to 1.057 (p < 0.001) 0.975 0.981 0.994

Tandem 0.837 3.018 0.210 to 1.454 (p = 0.015) 0.448 0.837 0.823

Gait speed

Com 0.989 38.114 0.934 to 1.048 (p < 0.001) 0.993 0.994 0.998

Max 0.974 31.132 0.903 to 1.045 (p < 0.001) 0.990 0.994 0.998

Tandem 0.905 17.715 0.790 to 1.021 (p < 0.001) 0.969 0.991 0.991

Stride time

Com 1.128 11.166 0.899 to 1.356 (p < 0.001) 0.925 0.899 0.977

Max 0.936 18.261 0.820 to 1.052 (p < 0.001) 0.971 0.949 0.993

Tandem 0.996 55.667 0.955 to 1.036 (p < 0.001) 0.997 0.995 0.999

Stride length

Com 0.985 30.044 0.910 to 1.059 (p < 0.001) 0.989 0.991 0.997

Max 0.99 25.562 0.902 to 1.077 (p < 0.001) 0.985 0.991 0.997

Tandem 0.917 4.921 0.495 to 1.339 (p < 0.001) 0.699 0.927 0.920
1 Abbreviations: Com, comfortable gait speed; Max, maximum gait speed; Tandem, tandem gait; ICC, intraclass
correlation coefficient; CI, confidence intervals. The linear regression analyses were performed by using the data
obtained by Monocular camera gait measurement system as the independent variable and the data obtained by
Vicon as the dependent variable. Only statistically significant variables in regression analysis (p values < 0.05) are
shown in bold. Moreover, the variables exceed thresholds (R2 > 0.25, ICC > 0.5) are underlined. 2 Abbreviations:
Com, comfortable gait speed; Max, maximum gait speed; Tandem, tandem gait; ICC, intraclass correlation
coefficient; CI, confidence intervals. The linear regression analyses were performed by using the data obtained by
composite camera gait measurement system as the independent variable and the data obtained by Vicon as the
dependent variable. Only statistically significant variables in regression analysis (p values < 0.05) are shown in
bold. Moreover, the variables exceed thresholds (R2 > 0.25, ICC > 0.5) are underlined.

3.2. Test–Retest and Intra-Rater Reliability Analysis

Figures 8 and 9 display hip and knee joint angle changes during one gait cycle
across three gait patterns, as recorded by the Vicon and monocular camera systems.
Figures 10 and 11 show similar data using the Vicon and composite camera systems. Key
points include:

• Summary of joint angle changes across three gait patterns.
• Gait cycle normalization, where 0% represents the point at which the hip joint’s central

axis crosses over the ankle joint’s central axis, with 100% representing one complete
gait cycle.

• Solid lines represent the mean values for monocular and composite camera systems,
while dashed lines denote Vicon system values, with standard deviation (SD) values
also provided.
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Figure 8. Hip joint angle change in one gait cycle (monocular camera). The changes in joint angles 
for each of the three gait patterns are summarized. The identification of one gait cycle was normal-
ized, so that 0 was the time when the central axis of the hip joint crossed over the central axis of 
the ankle joint, and 100% of one gait cycle was identified. The solid line indicates the mean value 

Figure 8. Hip joint angle change in one gait cycle (monocular camera). The changes in joint angles for
each of the three gait patterns are summarized. The identification of one gait cycle was normalized,
so that 0 was the time when the central axis of the hip joint crossed over the central axis of the ankle
joint, and 100% of one gait cycle was identified. The solid line indicates the mean value for all subjects
in the Imasen gait system, and the dashed line indicates the mean value for all subjects in the VICON
system. The SD is also described.
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Figure 9. Knee joint angle change in one gait cycle (monocular camera). The changes in joint an-
gles for each of the three gait patterns are summarized. The identification of one gait cycle was 
normalized, so that 0 was the time when the central axis of the hip joint crossed over the central 
axis of the ankle joint, and 100% of one gait cycle was identified. The solid line indicates the mean 
value for all subjects in the Imasen gait system, and the dashed line indicates the mean value for 
all subjects in the VICON system. The SD is also described. 

Figure 9. Knee joint angle change in one gait cycle (monocular camera). The changes in joint angles
for each of the three gait patterns are summarized. The identification of one gait cycle was normalized,
so that 0 was the time when the central axis of the hip joint crossed over the central axis of the ankle
joint, and 100% of one gait cycle was identified. The solid line indicates the mean value for all subjects
in the Imasen gait system, and the dashed line indicates the mean value for all subjects in the VICON
system. The SD is also described.
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Figure 10. Hip joint angle change in one gait cycle (composite camera). The changes in joint angles 
for each of the three gait patterns are summarized. The identification of one gait cycle was normal-
ized, so that 0 was the time when the central axis of the hip joint crossed over the central axis of 

Figure 10. Hip joint angle change in one gait cycle (composite camera). The changes in joint angles for
each of the three gait patterns are summarized. The identification of one gait cycle was normalized,
so that 0 was the time when the central axis of the hip joint crossed over the central axis of the ankle
joint, and 100% of one gait cycle was identified. The solid line indicates the mean value for all subjects
in the Imasen gait system, and the dashed line indicates the mean value for all subjects in the VICON
system. The SD is also described.
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Figure 11. Knee joint angle change in one gait cycle (composite camera). The changes in joint angles
for each of the three gait patterns are summarized. The identification of one gait cycle was normalized,
so that 0 was the time when the central axis of the hip joint crossed over the central axis of the ankle
joint, and 100% of one gait cycle was identified. The solid line indicates the mean value for all subjects
in the Imasen gait system, and the dashed line indicates the mean value for all subjects in the VICON
system. The SD is also described.
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The data calculated separately by Vicon and the Imasen Gait Evaluation System were
compared. The differences in hip joint flexion angles between Vicon and the Imasen
Gait Evaluation System were 7.9◦ during comfortable walking, 9.1◦ during maximum
walking, and 4.8◦ during tandem walking (monocular), and 7.5◦, 8.0◦, and 5.4◦ (composite),
respectively, with the composite method showing smaller errors. For hip joint extension
angles, the differences were −7.1◦ during comfortable walking, −6.2◦ during maximum
walking, and −7.2◦ during tandem walking (monocular), and −5.3◦, −4.5◦, and −6.6◦

(composite), respectively, with the composite method, again showing smaller errors. In
knee joint flexion angles, the differences were 9.5◦ during comfortable walking, 7.7◦ during
maximum walking, and 6.4◦ during tandem walking (monocular), and 8.8◦, 7.8◦, and
7.2◦ (composite), respectively, with similar results for both the monocular and composite
methods. For knee joint extension angles, the differences during comfortable walking were
7.3◦, 6.4◦, and 6.0◦ for the monocular method, and 5.0◦, 2.6◦, and 4.2◦ for the composite
method, with the composite method demonstrating smaller errors.

The changes in joint angles for each of the three gait patterns are summarized. The
identification of one gait cycle was normalized, so that zero was the time when the central
axis of the hip joint crossed over the central axis of the ankle joint, and 100% of one gait cycle
was identified. The solid line indicates the mean value for all subjects in the monocular
camera gait system, and the dashed line indicates the mean value for all subjects in the
Vicon system. The SD is also described.

Tables 2a and 3a show the comparison results between the monocular camera,
Tables 2b and 3b show the comparison results between the combined camera and the
Vicon system, with ICC (intraclass correlation coefficient), mean and standard deviation
(SD) of the gait parameters for the three ground walking sessions. parameters exceeded
0.936, and monocular and combined cameras showed similarly high ICC values. Test-retest
reliability was very high for all items.

Table 2. (a) The mean ± standard deviations for time–distance factor using Vicon and a monocular
camera gait measurement system. (b) The mean ± standard deviations for time–distance factor using
Vicon and a composite camera gait measurement system.

(a) 1

Measurement

Mean Data Test-Retest ICC(1,k)

Vicon Monocular Camera
Diff Vicon Monocular

CameraMean SD Mean SD

Step length (mm)

Com 694.8 74.0 714.4 76.9 19.6 0.997 0.997

Max 799.7 102.6 818.9 102.5 19.2 0.997 0.997

Tandem 328.8 32.0 332.0 30.5 3.2 0.986 0.985

Gait speed (m/s)

Com 1.33 0.16 1.37 0.17 0.04 0.996 0.996

Max 1.87 0.30 1.93 0.31 0.06 0.997 0.997

Tandem 0.58 0.14 0.59 0.13 0.01 0.997 0.996

Stride time (s)

Com 1.04 0.04 1.05 0.04 0.00 0.960 0.982

Max 0.86 0.05 0.86 0.05 0.00 0.984 0.990

Tandem 1.18 0.21 1.17 0.20 −0.01 0.994 0.997

Stride length (mm)

Com 1382.9 142.4 1416.2 146.6 33.3 0.998 0.998

Max 1587.2 198.0 1617.6 195.9 30.5 0.998 0.999

Tandem 658.0 63.2 670.2 61.7 12.2 0.990 0.990
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Table 2. Cont.

(b) 2

Measurement

Mean Data Test-Retest ICC(1,k)

Vicon Composite Camera
Diff Vicon Composite

CameraMean SD Mean SD

Step length (mm)

Com 724.8 104.2 750.3 110.3 25.5 0.994 0.995

Max 833.4 116.3 862.7 121.1 29.3 0.997 0.997

Tandem 371.5 54.0 379.5 54.8 8.0 0.984 0.978

Gait speed (m/s)

Com 1.37 0.23 1.40 0.23 0.03 0.996 0.996

Max 1.88 0.32 1.92 0.33 0.04 0.998 0.998

Tandem 0.62 0.16 0.64 0.17 0.02 0.995 0.995

Stride time (s)

Com 1.09 0.05 1.06 0.04 −0.03 0.953 0.982

Max 0.91 0.05 0.89 0.06 −0.02 0.978 0.990

Tandem 1.21 0.23 1.18 0.23 −0.03 0.991 0.996

Stride length (mm)

Com 1446.9 206.6 1481.9 208.8 35.0 0.998 0.997

Max 1662.5 229.2 1699.9 230.0 37.4 0.999 0.998

Tandem 737.3 102.8 749.2 105.6 11.9 0.989 0.987
1 This table shows the means, standard deviations and ICCs of the time factors from the Vicon and monocular
camera instruments. Abbreviations: Com, comfortable gait speed; Max, maximum gait speed; Tandem, tandem
gait; SD, standard deviation; Diff, difference; Monocular camera, monocular camera gait measurement system.
2 This table shows the means, standard deviations and ICCs of the time factors from the Vicon and composite
camera instruments. Abbreviations: Com, comfortable gait speed; Max, maximum gait speed; Tandem, tandem
gait; SD, standard deviation; Diff, difference; Composite camera, composite camera gait measurement system.

Table 3. (a) Mean values ± standard deviation (degree) for each peak angle and peak phase using
Vicon and a monocular camera gait measure system. (b) Mean values ± standard deviation (degree)
for each peak angle and peak phase using Vicon and a composite camera gait measurement system.

(a) 1

Item

Mean Data Test-Retest ICC(1,k)

Vicon Monocular Camera
Diff Vicon Monocular

CameraMean SD Mean SD

Hip joint

Flexion angle (◦)

Com 22.5 1.9 30.3 2.3 7.9 0.976 0.983

Max 26.3 3.8 35.4 5.5 9.1 0.991 0.995

Tandem 20.3 4.8 25.2 4.7 4.8 0.990 0.994

Extension angle (◦)

Com 25.9 2.3 18.8 2.1 −7.12 0.985 0.980

Max 28.8 2.2 22.6 2.7 −6.23 0.981 0.985

Tandem 13.4 2.1 6.1 1.8 −7.24 0.936 0.969

Knee joint

Flexion angle (◦)

Com 56.2 4.1 65.7 2.5 9.53 0.974 0.976

Max 58.2 5.0 65.9 2.9 7.68 0.979 0.976

Tandem 54.3 10.2 60.8 9.3 6.43 0.994 0.995

Extension angle (◦)

Com −4.8 3.2 2.5 3.2 7.3 0.987 0.991

Max −3.1 3.7 3.3 3.9 6.4 0.987 0.988

Tandem −1.2 3.4 4.9 2.6 6.0 0.953 0.969
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Table 3. Cont.

(b) 2

Item

Mean Data Test-Retest ICC(1,k)

VICON Composite Camera
Diff Vicon Composite

CameraMean SD Mean SD

Hip joint

Flexion angle (◦)

Com 24.0 2.6 31.5 3.7 7.5 0.981 0.983

Max 28.3 3.6 36.3 4.8 8.0 0.979 0.988

Tandem 20.0 1.7 25.5 2.4 5.4 0.948 0.966

Extension angle (◦)

Com 25.4 3.0 20.1 2.7 −5.3 0.980 0.971

Max 28.8 3.4 24.2 3.4 −4.5 0.978 0.984

Tandem 15.5 2.5 8.9 1.8 −6.6 0.941 0.963

Knee joint

Flexion angle (◦)

Com 56.7 3.7 65.5 3.4 8.8 0.975 0.968

Max 58.7 3.6 66.5 2.7 7.8 0.967 0.988

Tandem 52.8 5.8 60.0 6.2 7.2 0.986 0.978

Extension angle (◦)

Com −5.6 3.1 −0.5 3.7 5.0 0.986 0.973

Max −3.7 3.2 −1.1 4.0 2.6 0.982 0.984

Tandem −4.4 4.5 −0.2 3.7 4.2 0.968 0.974
1 This table shows the means, standard deviations and ICCs of the time factors from the Vicon and monocular
camera instruments. Abbreviations: Com, comfortable gait speed; Max, maximum gait speed; Tandem, tandem
gait; SD, standard deviation; Diff, difference; Monocular camera, monocular camera gait measurement system.
2 This table shows the means, standard deviations and ICCs of the time factors from the Vicon and composite
camera instruments. Abbreviations: Com, comfortable gait speed; Max, maximum gait speed; Tandem, tandem
gait; SD, standard deviation; Diff, difference; Composite camera, composite camera gait measurement system.

3.3. Criterion Validity

The ICC for time–distance gait parameters was very high for the monocular cam-
era (ICC ≥ 0.933, p < 0.001, Table 1a) and good to very high for the composite camera
(ICC ≥ 0.837, p < 0.05, Table 1b). Regarding ROM, except for the hip extension angle during
tandem walking with the composite camera (ICC: 0.314, p = 0.571), results were good
to very high across all conditions for both the monocular camera (ICC ≥ 0.826, p < 0.02,
Table 4a) and the composite camera (ICC ≥ 0.86, p < 0.005, Table 4b).

Table 4. (a) The regression models and the intraclass correlation coefficients [ICC(3,k)] for each peak
angle and peak phase using Vicon and a monocular camera gait. (b) The regression models and the
intraclass correlation coefficients [ICC(3,k)] for each peak angle and peak phase using Vicon and a
composite camera gait measurement system.

(a) 1

Item Gait Pattern Unstandardized
Coefficients B Constant 95% CI for B (p Value) R2 ICC(3,k) Cronbach’s

Alpha

Hip

Com Flexion 0.695 4.363 0.340 to 1.050 (p = 0.001) 0.621 0.889 0.889

Extension 1.045 8.126 0.759 to 1.333 (p < 0.001) 0.855 0.961 0.961

Max Flexion 0.652 8.634 0.484 to 0.820 (p < 0.001) 0.870 0.936 0.936

Extension 0.734 5.913 0.457 to 1.010 (p < 0.001) 0.755 0.929 0.929

Tandem Flexion 0.979 10.558 0.772 to 1.185 (p < 0.001) 0.909 0.978 0.978

Extension 0.800 3.175 0.238 to 1.361 (p = 0.010) 0.452 0.826 0.826
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Table 4. Cont.

(a) 1

Item Gait Pattern Unstandardized
Coefficients B Constant 95% CI for B (p Value) R2 ICC(3,k) Cronbach’s

Alpha

Knee

Com Flexion 1.405 5.776 0.863 to 1.947 (p < 0.001) 0.746 0.881 0.881

Extension 0.806 4.110 0.369 to 1.242 (p = 0.002) 0.806 0.884 0.884

Max Flexion 1.499 5.933 0.936 to 2.062 (p < 0.001) 0.757 0.871 0.871

Extension 0.814 5.393 0.478 to 1.151 (p < 0.001) 0.719 0.925 0.925

Tandem Flexion 1.063 13.724 0.890 to 1.235 (p < 0.001) 0.945 0.985 0.985

Extension 1.184 8.003 0.854 to 1.514 (p < 0.001) 0.851 0.949 0.949

(b) 2

Item Gait Pattern Unstandardized
Coefficients B Constant 95% CI for B (p Value) R2 ICC(3,k) Cronbach’s

Alpha

Hip

Com Flexion 0.628 6.567 0.412 to 0.845 (p < 0.001) 0.808 0.919 0.919

Extension 0.943 4.772 0.496 to 1.390 (p = 0.001) 0.685 0.914 0.914

Max Flexion 0.688 7.631 0.484 to 0.892 (p < 0.001) 0.851 0.942 0.942

Extension 0.856 4.850 0.457 to 1.256 (p < 0.001) 0.692 0.919 0.919

Tandem Flexion 0.625 4.687 0.323 to 0.926 (p = 0.001) 0.677 0.893 0.893

Extension 0.250 0.589 −0.710 to 1.210 (p = 0.571) −0.070 0.314 0.314

Knee

Com Flexion 1.040 9.369 0.789 to 1.292 (p < 0.001) 0.897 0.974 0.974

Extension 0.611 3.316 0.194 to 1.028 (p = 0.009) 0.500 0.925 0.925

Max Flexion 1.070 4.275 0.504 to 1.636 (p < 0.002) 0.633 0.883 0.883

Extension 0.623 3.637 0.235 to 1.010 (p = 0.005) 0.550 0.86 0.86

Tandem Flexion 0.880 8.033 0.632 to 1.128 (p < 0.001) 0.864 0.966 0.966

Extension 0.757 2.589 0.096 to 1.418 (p = 0.029) 0.363 0.785 0.785
1 Abbreviations: Com, comfortable gait speed; Max, maximum gait speed; Tandem, tandem gait; ICC, intraclass
correlation coefficient; CI, confidence intervals. The linear regression analyses were performed by using the data
obtained by monocular camera gait measurement system as the independent variable and the data obtained by
Vicon as the dependent variable. Only statistically significant variables in regression analysis (p values < 0.05) are
shown in bold. Moreover, the variables exceed thresholds (R2 > 0.25, ICC > 0.5) are underlined. 2 Abbreviations:
Com, comfortable gait speed; Max, maximum gait speed; Tandem, tandem gait; ICC, intraclass correlation
coefficient; CI, confidence intervals. The linear regression analyses were performed by using the data obtained by
a composite camera gait measurement system as the independent variable and the data obtained by Vicon as the
dependent variable. Only statistically significant variables in regression analysis (p values < 0.05) are shown in
bold. Moreover, the variables exceed thresholds (R2 > 0.25, ICC > 0.5) are underlined.

4. Discussion
The ICC(1,k) indicated strong test–retest reliability between the markerless and marker-

based systems. ICC(2,k) and ICC(3,k) demonstrated high reliability for time and distance
parameters, confirming minimal differences between the devices. Measurements showed
high reliability and validity, with low error rates. Most hip flexion-extension ROM and knee
joint parameters exhibited high coefficients of determination (R2) without proportional
biases, supporting the accuracy of the Imasen system. However, the hip extension angle
during tandem walking had significantly reduced reliability (monocular and composite
cameras), likely due to the Imasen system’s limitation as a 2D analysis system, which strug-
gled with transverse plane rotations of the knee, pelvis, and trunk. For tasks not involving
such rotations, results remained valid. Differences in hip joint angle measurements between
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Vicon and the Imasen system were attributed to variations in pelvis and spine movement
tracking. Overall, the Imasen system showed good to excellent ICCs for most lower-limb
ROM parameters, with narrow 95% CIs.

There were high coefficients of determination between the data obtained by Vicon
and the Imasen system for the hip flexion-extension ROM and most knee parameters.
Furthermore, no proportional biases were observed. The ICCs for most ROM parameters in
the sagittal plane of the lower extremity ranged from good to excellent, with a narrow 95%
CI. Therefore, the validity of the Imasen system for lower-limb ROM is supported. However,
the reliability of the hip extension angle during tandem walking was significantly reduced
when using monocular and composite camera systems. This indicates that movements
involving the lateral rotation of the knee and the rotation of the pelvis and trunk cannot
be measured using monocular and composite camera systems. This is because the Imasen
system is inherently a 2D image analysis system, making it unable to accurately track
transverse plane rotations across multiple frames. However, valid results were obtained
for tasks that did not involve transverse plane rotations. Additionally, differences in the
methods of measuring hip joint angles were observed between Vicon and the Imasen
system due to the movements of the pelvis and spine.

Several previous studies have analyzed gait and other movement patterns using
markerless analysis [1,23]. The minimum detectable change in temporal gait parameters
obtained during intersession and test–retest experiments on healthy human gait using 3D
motion capture has been reported to range from 0.02 to 0.08 s [28,29]. The results of this
study are consistent with previous reports on 3D markerless gait evaluation using a fixed
camera, and the Imasen system provides promising quantitative information. This system is
expected to enable low-cost, simplified motion analysis. Further verification of the reliability
and validity of the device should be a focus of future research. Furthermore, the system
requires only a small number of cameras, and its accuracy has been widely verified [30].
Typically, the number of cameras and other factors also affect measurement accuracy,
making it suitable for clinical use but somewhat limited for research purposes. Skeletal
estimation has demonstrated very high accuracy and can be used clinically. However, it
is important to understand that Vicon and the Imasen system have different joint angle
settings. Additionally, using these images for clinical evaluation (e.g., the Edinburgh
Visual Gait Score) [31] may reduce the therapist’s evaluation burden. Simplified movement
acquisition would also allow for data accumulation from many individuals. A recent
study showed that teaching running to students using a feature extraction algorithm to
analyze movement features from KinectV2 significantly improved their running speed [32].
The development of systems that facilitate the easy capture of routine clinical data using
markerless analysis, extract this data using feature extraction algorithms or other methods,
and provide feedback to patients is expected to aid in planning treatment programs. This
study has several limitations. First, the monocular and composite camera setups used here
were limited to detecting movements within the sagittal plane, specifically tracking hip
and knee joints.

This study has another limitation. The study sample was restricted to healthy adults,
which limited the generalizability of the findings regarding the reliability and validity of
the 2D systems for 3D tasks. However, this study also demonstrated the system’s capacity
to analyze various gait types on flat ground, rather than the treadmill-based analysis, which
was significant for future research.

5. Conclusions
This study confirms the effectiveness of the Imasen system AI engine for posture

estimation in 3D gait analysis. Specifically, the Imasen system showed significant correlation
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with Vicon’s 3D measurements for hip and knee flexion-extension angles, presenting only
a fixed bias but no proportional bias, and displaying high coefficients of determination
and robust ICCs for most lower extremity sagittal plane parameters. While gait speed
variations did not significantly impact time–distance ICCs, certain complex movements
such as hip joint angles during tandem walking revealed reduced reliability and validity.
This suggests that the Imasen system may be less effective than 3D motion analysis systems.
Nevertheless, the Imasen system remains a promising alternative to traditional 3D motion
analysis systems and could potentially be utilized for specific gait recognition tasks. Future
research will evaluate the potential cost and time savings of the Imasen system, as well as its
robustness to include people with body shape and skeletal characteristics such as hunched
backs and obesity. The huge benefits it brings to society need to be thoroughly investigated.

Author Contributions: Conceptualization, T.M. (Tadamitsu Matsuda) and H.D.; methodology, T.M.
(Tadamitsu Matsuda) and T.M. (Tomoyuki Morisawa); software, T.K. and T.M. (Takanari Matsumoto);
validation, T.M. (Tadamitsu Matsuda), Y.F., H.F. and K.K.; formal analysis, T.M. (Tadamitsu Matsuda),
M.H. and Y.F.; investigation, T.M. (Tadamitsu Matsuda), Y.F. and K.K.; resources, H.D.; data curation,
T.M. (Tadamitsu Matsuda), T.K. and T.M. (Takanari Matsumoto); writing—original draft preparation,
T.M. (Tadamitsu Matsuda); writing—review and editing, T.M. (Tomoyuki Morisawa) and T.T.; visual-
ization, T.M. (Takanari Matsumoto) and T.K.; supervision, T.T., T.F. and H.D.; project administration,
Y.T., T.F., M.M. and H.D.; funding acquisition, T.M. (Tadamitsu Matsuda) and H.D. All authors have
read and agreed to the published version of the manuscript.

Funding: This research was funded by the joint research fund from Imasen Electric Industrial Co.
Ltd., no grant number.

Institutional Review Board Statement: This study was approved by the Ethics Committee of
Juntendo University (#23-080).

Informed Consent Statement: Written informed consent was obtained from all subjects involved in
this study.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author. The data are not publicly available due to ethical restrictions.

Acknowledgments: We extend our sincere gratitude to all study participants.

Conflicts of Interest: The authors belong to a collaborative research laboratory at Juntendo University
that is supported by Imasen Electric Industrial Co.

References
1. Ota, M.; Tateuchi, H.; Hashiguchi, T.; Kato, T.; Ogino, Y.; Yamagata, M.; Ichihashi, N. Verification of reliability and validity of

motion analysis systems during bilateral squat using human pose tracking algorithm. Gait Posture 2020, 80, 62–67. [CrossRef]
2. Brodie, M.A.; Coppens, M.J.; Ejupi, A.; Gschwind, Y.J.; Annegarn, J.; Schoene, D.; Wieching, R.; Lord, S.R.; Delbaere, K.

Comparison between clinical gait and daily-life gait assessments of fall risk in older people. Geriatr. Gerontol. Int. 2017, 17,
2274–2282. [CrossRef] [PubMed]

3. Winter, D.A. Biomechanics and Motor Control of Human Movement, 2nd ed.; John Wiley & Sons, Inc.: New York, NY, USA, 1990;
ISBN 978-0-4703-9818-0.

4. Cappozzo, A.; Della Croce, U.; Leardini, A.; Chiari, L. Human movement analysis using stereophotogrammetry. Part 1: Theoretical
background. Gait Posture 2005, 21, 186–196. [CrossRef]

5. Ota, M.; Tateuchi, H.; Hashiguchi, T.; Ichihashi, N. Verification of validity of gait analysis systems during treadmill walking and
running using human pose tracking algorithm. Gait Posture 2021, 85, 290–297. [CrossRef] [PubMed]

6. Pfister, A.; West, A.M.; Bronner, S.; Noah, J.A. Comparative abilities of Microsoft Kinect and Vicon 3D motion capture for gait
analysis. J. Med. Eng. Technol. 2014, 38, 274–280. [CrossRef] [PubMed]

https://doi.org/10.1016/j.gaitpost.2020.05.027
https://doi.org/10.1111/ggi.12979
https://www.ncbi.nlm.nih.gov/pubmed/28176431
https://doi.org/10.1016/j.gaitpost.2004.01.010
https://doi.org/10.1016/j.gaitpost.2021.02.006
https://www.ncbi.nlm.nih.gov/pubmed/33636458
https://doi.org/10.3109/03091902.2014.909540
https://www.ncbi.nlm.nih.gov/pubmed/24878252


Sensors 2025, 25, 1076 22 of 23

7. Asogwa, C.O.; Nagano, H.; Wang, K.; Begg, R. Using deep learning to predict minimum foot-ground clearance event from toe-off
kinematics. Sensors 2022, 22, 6960. [CrossRef]

8. Vishnoi, N.; Duric, Z.; Gerber, N.L. Markerless identification of key events in gait cycle using image flow. In Proceedings of
the 2012 Annual International Conference of the IEEE Engineering in Medicine and Biology Society, San Diego, CA, USA, 28
August–1 September 2012; pp. 4839–4842. [CrossRef]

9. Liang, S.; Zhang, Y.; Diao, Y.; Li, G.; Zhao, G. The reliability and validity of gait analysis system using 3D markerless pose
estimation algorithms. Bioeng. Biotechnol. 2022, 8, 10. [CrossRef] [PubMed]

10. Fan, J.; Gu, F.; Lv, L.; Zhang, Z.; Zhu, C.; Qi, J.; Wang, H.; Liu, X.; Yang, J.; Zhu, Q. Reliability of a human pose tracking algorithm
for measuring upper limb joints: Comparison with photography-based goniometry. BMC Musculoskelet Disord. 2022, 23, 877.
[CrossRef]

11. Baker, R.; Esquenazi, A.; Benedetti, M.G.; Desloovere, K. Gait analysis: Clinical facts. Eur. J. Phys. Rehabil. Med. 2016, 52, 560–574.
12. Colyer, S.L.; Evans, M.; Cosker, D.P.; Salo, A.I.T. A Review of the Evolution of Vision-Based Motion Analysis and the Integration

of Advanced Computer Vision Methods Towards Developing a Markerless System. Sports Med. Open 2018, 4, 24. [CrossRef]
[PubMed]

13. De Rosario, H.; Scataglini, S.; Basso, F.; Alemany, S.; Saeys, W.; Truijen, S. Applications of Using 4D Scanning Technologies in
Biomechanics; Springer Nature: Cham, Switzerland, 2023; pp. 98–105. [CrossRef]

14. Desmarais, Y.; Mottet, D.; Slangen, P.; Montesinos, P. A review of 3D human pose estimation algorithms for markerless motion
capture. Comput. Vis. Image Underst. 2021, 212, 103275. [CrossRef]

15. Scataglini, S.; Abts, E.; Van Bocxlaer, C.; Van den Bussche, M.; Meletani, S.; Truijen, S. Accuracy, Validity, and Reliability of
Markerless Camera-Based 3D Motion Capture Systems versus Marker-Based 3D Motion Capture Systems in Gait Analysis:
A Systematic Review and Meta-Analysis. Sensors 2024, 24, 3686. [CrossRef] [PubMed]

16. Mentiplay, B.F.; Perraton, L.G.; Bower, K.J.; Pua, Y.H.; McGaw, R.; Heywood, S.; Clark, R.A. Gait assessment using the Microsoft
Xbox One Kinect: Concurrent validity and inter-day reliability of spatiotemporal and kinematic variables. J. Biomech. 2015, 48,
2166–2170. [CrossRef] [PubMed]

17. Xu, X.; McGorry, R.W.; Chou, L.S.; Lin, J.H.; Chang, C.C. Accuracy of the Microsoft Kinect for measuring gait parameters during
treadmill walking. Gait Posture 2015, 42, 145–151. [CrossRef] [PubMed]

18. Geerse, D.J.; Coolen, B.H.; Roerdink, M. Kinematic Validation of a Multi-Kinect v2 Instrumented 10-m Walkway for Quantitative
Gait Assessments. PLoS ONE 2015, 10, e0139913. [CrossRef]

19. Springer, S.; Yogev Seligmann, G. Validity of the Kinect for Gait Assessment: A Focused Review. Sensors 2016, 4, 194. [CrossRef]
20. Next-System: VisionPose. Available online: https://www.next-system.com/visionpose (accessed on 15 November 2024).
21. Todoriki, K.; Kai, Y.; Terao, Z.; Nishio, T.; Mochiduki, H.; Murata, S. Reproducibility and validity of knee joint position estimation

using markerless motion capture. Jpn. J. Health Promot. Phys. Therapy. 2023, 13, 7–11. [CrossRef]
22. Zago, M.; Luzzago, M.; Marangoni, T.; De Cecco, M.; Tarabini, M.; Galli, M. 3D tracking of human motion using visual

skeletonization and stereoscopic vision. Front. Bioeng. Biotechnol. 2020, 8, 181. [CrossRef]
23. Nakano, N.; Sakura, T.; Ueda, K.; Omura, L.; Kimura, A.; Iino, Y.; Fukashiro, S.; Yoshioka, S. Evaluation of 3D markerless motion

capture accuracy using OpenPose with multiple video cameras. Front. Sports Act. Living 2020, 2, 50. [CrossRef] [PubMed]
24. Matsuda, T.; Fujino, Y.; Makabe, H.; Morisawa, T.; Takahashi, T.; Kakegawa, K.; Matsumoto, T.; Kiyohara, T.; Torimoto, Y.;

Miwa, M.; et al. Validity verification of human pose-tracking algorithms for their gait analysis capability. Sensors 2024, 24, 2516.
[CrossRef]

25. Clark, R.A.; Bower, K.J.; Mentiplay, B.F.; Paterson, K.; Pua, Y.H. Concurrent validity of the Microsoft Kinect for assessment of
spatiotemporal gait variables. J. Biomech. 2013, 46, 2722–2725. [CrossRef] [PubMed]

26. Koo, T.K.; Li, M.Y. A guideline of selecting and reporting intraclass correlation coefficients for reliability research. J. Chiropr. Med.
2016, 15, 155–163. [CrossRef]

27. Cohen, J. Statistical Power Analysis for the Behavioral Science, 2nd ed.; Phycology Press: New York, NY, USA, 1988.
28. Meldrum, D.; Shouldice, C.; Conroy, R.; Jones, K.; Forward, M. Test–retest reliability of three dimensional gait analysis: Including

a novel approach to visualising agreement of gait cycle waveforms with Bland and Altman plots. Gait Posture 2014, 39, 265–271.
[CrossRef] [PubMed]

29. Fernandes, R.; Armada-da-Silva, P.; Pool-Goudzwaard, A.L.; Moniz-Pereira, V.; Veloso, A.P. Three dimensional multi-segmental
trunk kinematics and kinetics during gait: Test–retest reliability and minimal detectable change. Gait Posture 2016, 46, 18–25.
[CrossRef]

30. Ino, T.; Samukawa, M.; Ishida, T.; Wada, N.; Koshino, Y.; Kasahara, S.; Tohyama, H. Validity of AI-based gait analysis for
simultaneous measurement of bilateral lower limb kinematics using a single video camera. Sensors 2023, 23, 9799. [CrossRef]
[PubMed]

https://doi.org/10.3390/s22186960
https://doi.org/10.1109/EMBC.2012.6347077
https://doi.org/10.3389/fbioe.2022.857975
https://www.ncbi.nlm.nih.gov/pubmed/36032709
https://doi.org/10.1186/s12891-022-05826-4
https://doi.org/10.1186/s40798-018-0139-y
https://www.ncbi.nlm.nih.gov/pubmed/29869300
https://doi.org/10.1007/978-3-031-37848-5_11
https://doi.org/10.1016/j.cviu.2021.103275
https://doi.org/10.3390/s24113686
https://www.ncbi.nlm.nih.gov/pubmed/38894476
https://doi.org/10.1016/j.jbiomech.2015.05.021
https://www.ncbi.nlm.nih.gov/pubmed/26065332
https://doi.org/10.1016/j.gaitpost.2015.05.002
https://www.ncbi.nlm.nih.gov/pubmed/26002604
https://doi.org/10.1371/journal.pone.0139913
https://doi.org/10.3390/s16020194
https://www.next-system.com/visionpose
https://doi.org/10.9759/hppt.13.7
https://doi.org/10.3389/fbioe.2020.00181
https://doi.org/10.3389/fspor.2020.00050
https://www.ncbi.nlm.nih.gov/pubmed/33345042
https://doi.org/10.3390/s24082516
https://doi.org/10.1016/j.jbiomech.2013.08.011
https://www.ncbi.nlm.nih.gov/pubmed/24016679
https://doi.org/10.1016/j.jcm.2016.02.012
https://doi.org/10.1016/j.gaitpost.2013.07.130
https://www.ncbi.nlm.nih.gov/pubmed/24139682
https://doi.org/10.1016/j.gaitpost.2016.02.007
https://doi.org/10.3390/s23249799
https://www.ncbi.nlm.nih.gov/pubmed/38139644


Sensors 2025, 25, 1076 23 of 23

31. Ramesh, S.H.; Lemaire, E.D.; Tu, A.; Cheung, K.; Baddour, N. Automated implementation of the Edinburgh Visual Gait Score
(EVGS) using OpenPose and handheld smartphone video. Sensors 2023, 23, 4839. [CrossRef]

32. He, Q.; Chen, H.; Mo, X. Practical application of interactive AI technology based on visual analysis in professional system of
physical education in universities. Heliyon 2024, 10, e24627. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/s23104839
https://doi.org/10.1016/j.heliyon.2024.e24627
https://www.ncbi.nlm.nih.gov/pubmed/38318015

	Introduction 
	Materials and Methods 
	Participants 
	Motion Task 
	Data Collection and Processing 
	Data Analysis 
	Statistical Analysis 

	Results 
	Data Acquisition Rate 
	Test–Retest and Intra-Rater Reliability Analysis 
	Criterion Validity 

	Discussion 
	Conclusions 
	References

