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Abstract – Systematic collection of gait data directly affects the 
reliability of gait analysis. Therefore, the first step that should be 
given importance in gait analysis is to ensure that the data 
collected is of high quality and reliable. Optimising and 
standardising the data collection process is a critical requirement 
that increases the success of the analysis. This study proposes a 
systematic multi-camera placement strategy and data processing 
process to collect gait data in real time with RGB cameras for gait 
recognition and analysis applications. The proposed method 
provides an end-to-end framework from the physical setup of the 
data collection environment to the data processing steps. The 
camera placement strategy aims to maximise the visibility of all 
body parts by capturing the participant’s body from different 
directions during walking. The results of three different methods 
used for silhouette extraction from the acquired videos were 
compared. Furthermore, a video-based approach was used to 
calculate participants’ walking speeds. Theoretical and practical 
information provided regarding the data collection and analysis 
process is detailed to guide future studies. In this respect, the paper 
is aimed to be a guiding study for researchers working in the 
related field. 

 
Keywords – Computer vision, data collection, gait analysis, 

multi-camera systems, reliability of data. 

I. INTRODUCTION 
Gait can be defined as the walking way of a person, and 

research associated with this topic is called gait analysis. Every 
person has their own gait with different features; therefore, gait 
can contain discriminative information about people [1]. Hence, 
gait data has been used extensively in several application fields 
such as person recognition and identification [2]–[6], healthcare 
[7]–[11], biomechanics and sport science [12]–[14] and 
psychology [15]–[17]. 

Gait data is usually obtained sensor-based using floor sensors 
and wearable sensors such as accelerometers, gyroscopes, and 
light sensors, or vision-based using cameras [18]. Sensor-based 
gait analysis systems need a complex device configuration to 
collect data, while vision-based systems allow data to be 
collected without any physical interaction using cameras [19]. 
Improving the performance of these systems largely depends on 
the number of cameras and their positioning to collect data from 
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different angles throughout the participant’s gait. Considering 
gait analysis and gait recognition studies, appearance changes 
are quite common in the real world. Therefore, it is important 
to include gait videos obtained from different perspectives in 
the datasets to improve system performance [20]. Using data 
captured by multiple cameras and providing robustness to 
different viewpoints offers the possibility of evaluating a 
person’s 3D pose and dynamic features [21]. 

Most of the existing vision-based gait datasets [22]–[31] 
have been collected for clinical purposes or gait recognition and 
each has different features such as the number of subjects, 
number of cameras, environmental conditions, data type and 
variations in the appearance of the individual. Although RGB 
methods such as video are commonly used to record gait 
sequences, most of these datasets do not include the original 
RGB data due to challenges related to data storage and privacy 
concerns. Therefore, datasets usually comprise gait sequences 
represented in silhouette format, extracted from RGB video 
data [31]. This isolates individual movement patterns in the 
images, minimising variables related to lighting conditions or 
clothing, allowing the algorithms to focus solely on gait 
features. 

In practice, collecting gait data is extremely challenging, 
because the processes of selecting participants for data 
collection, obtaining the consent of participants, providing the 
data collection environment and system installation, and 
recording and processing gait videos can be time-consuming 
and costly [32], [33]. Therefore, the data collection 
environment must be well planned in the beginning and must 
be set up in accordance with the purpose of the study. A well-
designed data collection environment minimises errors, 
enabling costs to be managed effectively and reliable data to be 
obtained. In this context, it is critical to pay attention to factors 
such as camera placement and calibration and improving 
lighting conditions to increase data accuracy and save time and 
cost. 

This study presents a systematic approach to gait data 
collection by detailing how a data acquisition setup can be 
established within a specific physical environment. During 
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implementation, a customized setup was designed based on the 
spatial characteristics of the selected environment and the 
specifications of the equipment used (e.g., number and 
properties of cameras). The gait videos recorded in this 
environment were analysed, and silhouettes were extracted to 
obtain a processable data format. Additionally, walking speeds 
were computed from the recorded videos and the results were 
evaluated in terms of the system’s functionality. Note that this 
study emphasises the system for vision-based gait data 
collection rather than the database itself. 

This study provides a comprehensive framework for 
collecting video-based gait data, and its main contributions are 
as follows: 

• A systematic camera setup is proposed to capture 
participants from different directions. This layout, with six 
cameras, maximises body visibility across all gait phases 
and supports high-quality silhouette extraction. 

• The study presents a full data acquisition pipeline, 
including setup design tailored to environmental 
constraints, RGB video recording, distortion correction, 
silhouette generation, and walking speed computation 
from video sequences. 

• Three different methods are evaluated on the collected 
dataset. This allowed us to evaluate segmentation 
performance in a real gait data collection scenario. 

• A video analysis-based method used for estimating 
walking speed by tracking the temporal change in 
bounding box position within predefined spatial 
boundaries, supporting real-time motion assessment 
without additional sensors. 

The rest of the paper is organised as follows. Section II 
reviews related works focusing on gait data collection 
strategies. Section III extensively describes camera placement 
details and data collection protocol. Also, it explains the video 
preprocessing, silhouette extraction and walking speed 
calculation steps. Section IV gives a summary of the dataset and 
reports the research findings. Finally, Section V contains an 
overall assessment and presents our conclusions. 

II. RELATED WORK 
Despite the extensive literature on gait recognition and gait 

analysis, the determination of strategies for collecting such data 
has received limited attention. The effect of different camera 
angles on the accuracy of gait analysis has been examined in 
some studies. Baldinger et al. examined the validity of joint 
angle estimation from different camera angles, including front 
left, back left, front right, and back right [34]. The findings of 
the study revealed that knee and hip joints were measured more 
consistently when sagittal and frontal angles were used, and 
these measurements were made with fewer errors when 
alternative angles such as back left were used. Han et al. stated 
in their review that camera placement was a critical issue in gait 
analysis studies [35]. They pointed out the lack of comparative 
studies evaluating the effectiveness of different camera 
placement combinations and emphasised the need for 
systematic research on the effects of camera placement on the 
quality of gait data collection. There are some studies that 

emphasise the importance of camera placement for collecting 
reliable gait data [36], [37], as well as a system proposed for 
automatic gait data collection [33]. Riberto et al. [37] stated that 
the location where the cameras was positioned depended on 
some factors such as the type of the study, the size of the room 
where the study was conducted, the number of cameras 
available and the characteristics of the cameras. Takemura et al. 
[26] collected gait data for biometric identification based on the 
gait collection framework introduced by Makihara et al. [33]. 
In the study, a multi-camera setup is used to collect gait data 
from different angles. In this way, gait features are analysed 
from different perspectives. However, this study has some 
limitations in terms of the positioning of the cameras. The 
camera setup given in the paper allows images to be taken from 
14 viewing angles in the range of 0°–90°, 180°–270° (intervals 
of 15-degree). When the image was recorded in this way, it was 
observed that a portion of the subject’s left posterior and right 
anterior region was not visible, as no camera was placed at any 
angle between 90°–180° with respect to the centre of the 
walking path. Therefore, gait features from this perspective are 
not recorded. The inadequate positioning of the cameras, 
preventing coverage of all perspectives of the gait may limit the 
scope of the dataset. These studies provide important insights 
regarding camera setup techniques for gait data collection. 

III. METHODS 

A. Data Collection Setup and Acquisition 
Within the scope of this study, gait data collection was 

performed in a foyer area of approximately 60 square metres 
provided by Kocaeli University, Faculty of Medicine (see in 
Fig. 1). In the data collection area, artificial lighting was used 
in addition to ambient daylight and stable lighting conditions 
were provided. The area was cleared of distractions and 
cameras were positioned to provide optimal viewing angles. 
The setup of the gait data collection area and the methods used 
are described in detail below. 

 

Fig. 1. Data acquisition environment. 

In this study, attention has been paid to strategic placement 
of cameras for a complete visualization of the person’s gait 
movements and to record the gait from different angles. Six 
network cameras recording at 1920 × 1080 resolution and 25 
fps are placed at 30-degree intervals along half of a circle whose 
centre coincides with the centre of the walking path to cover a 
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wide field of view. An illustration of the camera placement is 
given in Fig. 2. Each camera in the figure is numbered from 
Cam1 to Cam6, and both ends of the walking path are labelled 
as points A and B. θ is the view angle that represents the 
position of the camera placements in relation to the centre of the 
walking path. This angle geometrically describes how the 
participant is seen by the cameras as they move along the 
walking path. Cam1 to Cam6 capture gait images from 12 view 
angles ranging 0°–150° while the person is walking from point 
A to point B, and ranging 180°–330° while the person is 
walking from point B to point A. The camera views for gait 
from point B to point A are shown virtually from Cam 1' to Cam 
6'. 

 

Fig. 2. Illustration of the camera placement. 

The cameras were mounted on tripods 2 m above the ground, 
and each positioned approximately 5.4 m from the centre of the 
walking path. The participant walks from point A to point B and 
from point B to point A (once forward and once backward) on 
a straight 6.5 m long walking path. As a result, a total of 12 (2 
gait sequences, forward and backward, and 6 camera) gait 
sequences are captured per participant. A gait sequence 
contains a varying number of images depending on the walking 

speed of the person and the frames per second captured by the 
camera. The cameras are placed at equal angular intervals 
following a semicircle with a radius of 5.4 m, allowing each 
camera to symmetrically observe both the participant’s gait 
from point A to point B and from point B to point A. 

In brief, six cameras were physically placed on one side of 
the walking path. By having the participant walk forward and 
backward along the walking path, it was possible for each 
camera to capture images of the person from different angles. 
This strategy ensures that the front, back, right, left and 
diagonal (front right, back right, front left, back left) directions 
are covered in a single walking session as shown in Fig. 3. As 
illustrated in the figure, the diagonal-view cameras Cam 2 and 
Cam 3 capture the subject from front-right and back-left 
directions, while cameras Cam 5 and Cam 6 observe back right 
and front left perspectives. Although these cameras target 
similar orientations, the differences in their angular placement 
result in distinct visual perspectives. This difference affects the 
body orientation and limb visibility throughout the gait cycle. 
Hence, each camera contributes visual information, enhancing 
the completeness and quality of the collected gait data. 

In the study, gait images were collected from 30 willing 
participants to test the data collection setup. Participants walked 
in both directions with their shoes on a 6.5 m long 
(approximately 10–12 steps) walking path. To make accurate 
measurements in the following stages, we need to consider the 
speeding up and slowing down processes that may occur at the 
beginning and end of the walk [38]. To maintain a constant 
speed during the measurement, participants were allowed to 
start their walk one or two steps before the walking path and 
end it one or two steps after the path. This enabled the 
participants to reach a constant speed. In this way, it was aimed 
to obtain more reliable results by excluding the beginning and 
end parts of the walk. While participants walk, a total of 12 gait 
sequences are obtained from six cameras placed in the data 
collection environment. Six of these gait sequences contain the 
gait from point A to point B, and the other six contain the gait 
from point B to point A. 

Camera Cam 1 Cam 2 Cam 3 Cam 4 Cam 5 Cam 6 

A to B 
walking 

(0°– 
150°) 

 
      

front front right front right right back right back right 

B to A 
walking 
(180°– 
330°) 

      
back back left back left left front left front left 

Fig. 3. Illustration of the camera placement.
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B. Preprocessing and Silhouette Extraction 
Real-Time Streaming Protocol (RTSP) [39], which provides 

real-time data transmission, is used to ensure simultaneous 
video recording from the cameras. In this way, video streams 
are recorded without interruption. The low latency and flexible 
structure provided by RTSP play an important role in the 
sensitive data collection processes required in the study. Data 
received simultaneously from multiple camera sources can be 
processed in a synchronized manner to produce high quality 
video recordings. This process ensures data integrity. In order 
to focus on the details of the gait dynamics, the focal points of 
the cameras are set to the centre point of the walking path. This 
is done by automatically marking the centre of the camera’s 
field of view in the preview program written to monitor camera 
snapshots (see Fig. 4). In this way, the camera is directed to the 
desired focus. This process is carried out by physically moving 
each camera and aligning the point marked in the preview 
program with the centre of the walking path. 

 

Fig. 4. Adjusted focus point of the camera. 

Gait data of 1920 × 1080 pixels at 25 fps was collected in this 
way; some deformations occurred due to a lens distortion 
problem in the cameras. To solve this problem, CCD Camera 
Calibration method based on OpenCV was used [40]. This 
method provides a highly accurate calibration based on the 
pinhole camera model. Camera calibration is performed on a 
specific pattern such as a chessboard plane. In this paper, in 
order to detect all lens distortions, pictures were taken with the 
camera at different angles and positions from a chessboard 
plane image. The corner points of the pattern were identified in 
the captured images and these points were associated with real 
world coordinates. With this information, lens parameters such 
as focal length and lens distortion were calculated and used to 
correct the distortions in the videos. 

For tasks such as gait recognition, precise human silhouette 
extraction from videos is required. The use of silhouette 
extraction is quite common in computer vision fields such as 
motion analysis, video surveillance, and human or object 
detection [41]. Silhouette extraction can be defined as the 
process of separating the target object from the background. A 
silhouette is usually in the form of a binary image where the 
object is represented in white and the background in black [42]. 
In this paper, distortion corrected videos are divided into 
frames, and deep learning-based silhouette extraction is 
performed on each frame. The pipeline is shown in Fig. 5. 

For this purpose, first, person detection was performed using 
the latest version of YOLO (You Only Look Once), which is a 
popular deep learning model used for real-time object 
detection [43]. Considering object detection as a regression 
problem, YOLO divides the image into grids and estimates the 
bounding boxes of possible objects and the class probabilities 
of these objects for each grid. Among these predictions, objects 
marked with the person label are identified with their respective 
bounding boxes, and person detection is performed. YOLO11 
offers improvements over previous versions, especially in terms 
of performance and flexibility [44]. After person detection, the 
images are resized to a fixed size to create normalized 
silhouettes. For this purpose, a new image of size 600 × 600 is 
created by taking the bounding box as the centre. This fixed size 
is chosen to ensure that the person stays inside the box when 
moving. Second, segmentation is performed to extract the 
silhouettes of the detected people from the image. Segmentation 
is the process of dividing an image into objects or regions called 
segments. This process is carried out by assigning a label to 
each pixel in the image that represents the class to which that 
pixel belongs, and in such a way that pixels in the same class 
have similar properties [45]. In this study, three different 
segmentation methods (SAM 2 [46], YOLO11 [44], 
DeepLabv3 [47]) were applied to generate silhouettes from 
video frames, and their performances were analysed. 

SAM 2 [46], an improved version of the Segment Anything 
Model (SAM) [48] developed by Meta AI, generates 
segmentation masks of the corresponding object for a given 
frame. It conditions the segmentation prediction based on 
memories of previous predictions stored in its memory. It is 
known that this model is more accurate and six times faster than 
SAM in image segmentation [48]. The result of the person 
detection performed in the first step is given as input to the 
segmentation model. This limits the segmentation area of the 
model. Instead of working on the entire image, the model 
processes only a specific region.

 

Fig. 5. Silhouette extraction pipeline.
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This method improves accuracy and reduces the time required 
for image segmentation. 

In this study, YOLO11 [44] was used not only for bounding 
box detection of the walking person but also extended with a 
post-processing step to extract the silhouette by masking the 
detected region. While offering low latency in real-time 
applications, advanced attention mechanisms ensure that 
accurate masks are produced even in complex scenes. 
DeepLabv3 [47] is widely used in human segmentation tasks 
due to its strong boundary refinement capabilities. Its semantic 
approach makes it effective when the walking subject is well 
separated from the background. 

After segmentation, each frame was converted into a binary 
silhouette image, where the subject’s region was highlighted 
and the background suppressed to facilitate further analysis. 

C. Walking Speed Computation 
In this study, an important metric, walking speed, was 

calculated to analyse the gait dynamics of the participants by 
processing the data collected. This metric can be addressed in 
areas such as monitoring rehabilitation processes, evaluating 
mobility and neurological conditions, as well as sports 
performance analysis and stress level detection. 

At this point, a video analysis-based method was preferred to 
measure walking speed. For this purpose, the starting and 
ending points of the walking path are represented by two 
separate bounding boxes. In order to track the change of the 
person’s position over time, the previously mentioned YOLO11 
[44] model is used for person detection. With this model, the 
bounding box coordinates of the walking person are obtained 
for each frame throughout the video. The walking speed 
detection from video performed within the scope of this article 
can be formulated as follows. The first time the person enters 
the bounding box at the start point, ts, and the first time the 
person enters the bounding box at the end point, te, are 
determined in video frames according to (1) and (2), 
respectively. In these equations, Bs represents the bounding box 
coordinates at the start point, Be represents the bounding box 
coordinates at the end point, and Bp(t) represents the bounding 
box coordinates of the person at time t. 

 ( ){ }min    :   .s p st t B t B= ∈  (1) 

 ( ){ }min    :   .e p et t B t B= ∈  (2) 

The time that the person walks on the walking path is indicated 
by T (walking time) and is calculated according to the frames 
per second (fps) information of the camera as in (3). 

  
  .e st t

T
fps

−
=  

(3) 

Finally, given the distance between the bounding boxes of the 
start and end points, i.e., the length of the walking path is 
denoted by d, the walking speed (v) of the person can be 
calculated in m/s by (4). 

   .
d

v
T

=  
(4) 

Figure 6 shows the video-based speed computation process of a 
participant. In the figure, the start and the end areas of the 
walking path are indicated by bounding boxes, and the times the 
participant entered these areas were tracked frame by frame. 

IV. RESULTS 
This section presents the analysis results of gait videos 

obtained using the proposed camera placement strategy. The 
findings enable evaluations regarding the applicability of the 
data collection process and the processability of the images 
obtained. 

A.  Collected Data Overview 
As of this publication, gait images (1920 × 1080 pixels at 

25 fps) were collected from 30 participants in order to test the 
camera setup. Participants consist of 10 females and 20 males 
aged between 19 and 29. For participant statistics, see Fig. 7. 

Participants walked on a fixed 6.5 m long walking path to the 
endpoint and returned to the starting point. During the data 
collection process, six cameras were used, which were placed 
in the data collection environment as described in Section II-A. 
During each participant’s walk, a total of 12 gait sequences in 
two different directions were recorded (from six cameras in two 
different directions). A table summarising key dataset statistics 
is shown in Table I. 

 

Fig. 6. Walking speed computation process.
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Fig. 7. Distribution of participants by age ranges and genders. 

TABLE I 
DATASET SUMMARY 

Metric Value 

Number of participants 30 

Number of cameras 6 

Total gait sequences 360 

Average frames per gait sequence 133 

Frame rate 25 

Video resolution 1920 × 1080 

 
This approach allowed for a comprehensive assessment of 

gait in different aspects, as shown in Fig. 8. In the figure, the 
images in the blue frame show the person walking from point 
A to point B; the images in the orange frame show the same 
person returning from point B to point A. When all these images 
are combined in sequence and in succession, a 360-degree 
sequence of images of the person is created. These procedures 
were completed for 30 participants, and a total of 360 gait 
sequences were obtained. 

Table II summarises the directional viewpoint coverage of 
popular gait datasets in comparison with the proposed multi-
camera setup. The participant’s body is viewed from the front, 
back, right, left and diagonal (front right, front left, back right, 
back left) directions along the walking path, enabling a detailed 
observation of posture and limb movements from multiple 
perspectives. 

 

Fig. 8. Illustration of camera placement and data collection. 

B. Data Quality and Usability Evaluation 
The collected images were processed, and silhouettes were 

extracted as gait features using the techniques described in 
Section II-B. In the second part of the silhouette extraction, to 
find the most appropriate method, in addition to the SAM 2 
[46], YOLO11 [44] and DeepLabv3 [47] models were also 
evaluated for segmentation within the scope of the study. 
Figure 9 shows silhouette examples of these models. For each 
model, the first two images show silhouette examples of images 
taken from a distance, and the last two images show silhouette 
examples of close-up images of the person. In this figure, it is 
seen that SAM 2 is the best-performing model in terms of 
accurate background separation and detailed representation of 
person boundaries. Particularly, this performance advantage 
becomes more pronounced when the person is distant. 

One of the most important factors directly affecting 
silhouette quality is the camera placement strategy employed 
during data collection. The multi-camera placement, which 
allows for the participant’s body to be viewed from the front, 
back, right, left, and diagonal directions along the walking path, 
not only contributed to segmentation algorithms producing 
clearer human silhouettes but also enabled the observation of 
posture and limb movements from different angles. Notable 
evidence of this effect is that body parts appear more evenly and 
balanced in images of the same scene taken from different 
angles.  

TABLE II 
COMPARISON OF VIEWPOINT COVERAGE IN POPULAR GAIT DATASETS AND THE PROPOSED SETUP 

Camera setup Number of 
cameras Front Back Right Left Front-

Right Front-Left Back-
Right Back-Left 

Yu et al. (2006) [24] 11         

Takemura et al. (2018) [26] 7         

Song et al. (2023) [20] 8         

Proposed method 6         
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Fig. 9. Silhouette examples of different segmentation models. 

When viewed from different angles, the visibility of each 
limb increases. In addition, since the overlap between limbs is 
reduced in images obtained from diagonal directions, contour 
lines become more distinct, allowing for clearer and 
unobstructed silhouettes. It has been observed that dynamics 
such as body sway and stride length during gait are better 
reflected in images taken from diagonal angles. This 
observation is supported by the improvement in contour 
sharpness and shape integrity observed in the example 
silhouette outputs presented in Fig. 10. The sample images were 
selected from images obtained from various angles (0°, 30°, 
60°, 90°, 120°, 150°) while the participants were walking in a 
single direction (A to B). 

 

Fig. 10. Different viewpoint silhouettes from the same gait instance (for a gait 
sequence). 

To evaluate the dynamic usability of the dataset, the walking 
speeds of the participants were computed and analysed. For this 
purpose, first, the walking times of the participants on the 6.5 m 
walking path were calculated as described in Section II-C. To 
verify the calculated walking time of a participant, the start and 
end times of the video recordings were adjusted to cover the 
participant’s walk from the beginning to the end of the walking 
path. The video durations were compared with the calculated 
walking times and a high level of consistency was observed 
between them. This result demonstrated the reliability of the 
video analysis-based speed computation method used in this 
study. 

As a result of the analysis, it has been determined that the 
average walking speed of the participants is 1.24 m/s, and the 
standard deviation is 0.12 m/s (Table III). This result indicates 
that walking speeds are concentrated close to the average. 
Previous studies indicate that the comfortable walking speed for 
healthy individuals is generally between 1.20 m/s and 1.40 m/s 
[49], [50]. The results obtained in this study have been found to 
be consistent with this range. The data obtained reveal that 
walking speed in healthy individuals shows a regular 
distribution and that these measurements can be used as a 
reference in clinical or physical assessments. 

TABLE III 
DESCRIPTIVE STATISTICS OF PARTICIPANT WALKING SPEEDS 

Walking speed parameter Measured value (m/s) 

Average 1.24 

Standard deviation 0.12 

Minimum 0.92 

Maximum 1.42 

 
The camera placement strategy proposed in this study 

enables the acquisition of gait images from multiple angles, 
providing significant gains in terms of silhouette production 
quality and the quantitative analysis of gait data. The results 
demonstrate the high usability of both the proposed approach 
for gait data collection and the processing methods used. 

V. LIMITATIONS  
In this study, gait data were collected under stable lighting 

and obstacle-free conditions. These controlled conditions 
ensured consistency across trials and repeatability of 
measurements. While this approach is appropriate for 
demonstrating that the data collection framework design 
performs as intended, it does not reflect the diversity of the real 
world, such as variable lighting conditions and obstructed 
environments. Future studies testing the proposed approach 
under a wider range of environmental conditions by addressing 
these limitations will provide a more comprehensive 
evaluation. 

VI. CONCLUSION 
This paper provides detailed descriptions of the setup 

required for the efficient collection of gait data, which can be 
used in different fields such as health, sports, biometric 
identification, and the processing and analysing of the data 
obtained. Setting up the data collection environment correctly 
ensures that data is collected completely and accurately, 
increasing both the reliability of the processed data and the 
accuracy of the results obtained from the analysis. Therefore, 
the accuracy of camera positioning plays a critical role in the 
quality and reliability of the collected data in studies that aim to 
create a dataset of video images. In addition, the performance 
of the algorithms used to convert the data into silhouette format 
is critical for accurate and fast analysis. Precise measurement of 
metrics such as walking speed offers a wide range of potential 
applications in areas such as health and sports. In this study, a 
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real-time multi-camera system has been used to obtain images 
from different angles and increase data diversity. The proposed 
framework enhances data reliability by balancing limb visibility 
across perspectives, providing a replicable methodology for 
future gait research. The placement of the cameras has been 
carried out carefully to increase the data quality. In addition, it 
is aimed to create a reliable basis for studies to be performed in 
this field by converting the data into silhouette format and 
calculating walking speed. The results of the study contribute 
to improving quality in gait data collection and emphasise the 
importance of systematic approaches in creating reliable 
datasets. The paper aims to ensure the reproducibility of the 
data collection process by addressing the dimensions of the 
special area provided for data collection, the features of the 
materials used, the camera placement details and processing 
details of the collected data. In this respect, our study is a guide 
for researchers who aim to create a unique data set on gait. 
Future research should extend this framework by including 
diverse environmental conditions and advanced data processing 
techniques. 
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