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Abstract: In this study, we propose a solution for automatically measuring body circumferences by
utilizing the built-in LiDAR sensor in mobile devices. While traditional body measurement methods
primarily rely on 2D images or manual measurements, this research leverages 3D depth information
to enable more accurate and efficient measurements. By employing HRNet-based keypoint detection
and transfer learning through deep learning, the precise locations of body parts are identified and
combined with depth maps to automatically calculate body circumferences. Experimental results
demonstrate that the proposed method exhibits a relative error of up to 8% for major body parts such
as waist, chest, hip, and buttock circumferences, with waist and buttock measurements recording
low error rates below 4%. Although some models showed error rates of 7.8% and 7.4% in hip
circumference measurements, this was attributed to the complexity of 3D structures and the challenges
in selecting keypoint locations. Additionally, the use of depth map-based keypoint correction and
regression analysis significantly improved accuracy compared to conventional 2D-based measurement
methods. The real-time processing speed was also excellent, ensuring stable performance across
various body types.

Keywords: LiDAR; HRNet; Deep Learning; Keypoint

1. Introduction
The fourth industrial revolution is bringing about rapid changes across various industries through

the convergence of innovative technologies such as Artificial Intelligence (AI), Big Data, the Internet of
Things (IoT), and robotics. These technological advancements assist human tasks, create new business
models, and contribute to maximizing overall societal efficiency. In particular, the field of computer
vision, integrated with deep learning-based AI technologies, is opening up diverse application possibil-
ities by enabling computers to understand and interpret visual information through images or videos.
Computer vision is a technology that allows computers to analyze and recognize visual data similarly
to humans by utilizing advanced techniques such as machine learning, deep learning, and image
processing. This field is divided into various subfields, including object recognition, facial recognition,
image segmentation [8], and motion recognition, and is employed as a core technology in numerous
industries such as autonomous driving, security systems, medical image analysis [6], and sports ana-
lytics [10,15,17]. For example, object recognition technology [11] is essential for autonomous vehicles
to accurately recognize vehicles, pedestrians, and traffic lights on the road, while facial recognition
technology is used in security systems for identity verification and access control. Additionally, image
segmentation technology [21] is utilized to accurately identify and analyze tumors or other lesions in
medical imaging, and motion recognition technology is applied in analyzing the movements of athletes
or in human behavior recognition systems. However, these computer vision technologies are primarily
based on 2D images or video data as shown in the Figure 1, and accurate length measurement solutions
in 3D space have not yet been sufficiently developed. 3D length measurement can play a significant
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role in various fields such as architecture, manufacturing, healthcare, and fashion, and can greatly
enhance accuracy and efficiency in personalized services like body size measurement.

In recent years, LiDAR (Light Detection And Ranging) [3] technology has rapidly advanced by
expanding its range of applications. LiDAR is a technology that calculates distances by emitting
lasers and measuring the time it takes for the reflected light from objects to return, thereby generating
high-resolution 3D point clouds. This technology is utilized in various fields such as autonomous
vehicles, drones, robotics, and Geographic Information Systems (GIS), and it particularly excels in
precise data collection and analysis in 3D spaces. Additionally, LiDAR sensors embedded in mobile
devices provide high-resolution depth information in consumer-grade devices, enabling general users
to easily utilize 3D data. LiDAR sensors can operate in both vertical and horizontal directions and can
create precise 3D models of objects through multi-directional scanning. Thanks to these characteristics,
LiDAR is widely used in specialized fields such as surveying, geomorphology, archaeology, laser
guidance, and high-resolution map-making. In particular, high-resolution 3D scanning has established
itself as an essential tool for precisely analyzing complex terrains and structures. However, up to now,
LiDAR technology has been primarily used in specialized equipment or industrial settings, and its
utilization in everyday life has been limited. This is due to the high cost of equipment and complex
maintenance requirements, making it perceived as a technology that is difficult for general users
to access. Therefore, developing a more affordable and user-friendly 3D measurement solution by
leveraging LiDAR sensors embedded in mobile devices has become an important research task. One of
the application areas for this technology, body size measurement, plays a crucial role in various fields
such as the apparel industry, healthcare, and fitness. Traditionally, body measurements have been
carried out in a manual manner, which can be time-consuming and inconvenient for users. Especially
when purchasing clothing online, accurately measuring body sizes is essential, but until now, there has
been the inconvenience of users having to measure their dimensions using measuring tools themselves.
To address these issues, the development of automatic body size measurement technology is necessary.

The goal is to develop 3D length measurement technology by utilizing the standard 2D RGB
camera and built-in LiDAR sensor of mobile devices to extract depth information alongside 2D images
of subjects. Through this, we seek to provide a platform that allows easy measurement of body
dimensions in everyday life without the need for specialized 3D equipment. Software utilizing mobile
devices can be implemented at a low cost and can significantly enhance user convenience by measuring
lengths in real time and providing immediate results. Additionally, an intuitive user interface increases
accessibility to the technology and efficiently uses energy and resources, thereby reducing time and
energy consumption. Specifically, body size is an important metric in clothing purchases. Previously,
users had to measure their dimensions themselves, but the automatic dimension measurement platform
proposed in this study supports users in easily measuring their body dimensions, thereby greatly
enhancing the convenience of online shopping. This is expected to improve user experience and have
positive effects such as reducing return rates.
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Figure 1. An Example of Human Pose Estimation Using 2D Images.

This study contributes to several important aspects. First, it developed a technology for accurately
measuring 3D lengths by utilizing the LiDAR sensor embedded in mobile devices without relying on
specialized 3D equipment. Second, it introduced a keypoint detection technique based on the HRNet
model and improved measurement accuracy by accurately identifying the positions of body parts
through transfer learning. Third, it developed an algorithm that effectively integrates 2D RGB images
and 3D depth maps, enabling accurate length measurements in three-dimensional space. Lastly, it
implemented an algorithm that automatically measures the circumferences of body parts based on
images captured from the front and side, and demonstrated high accuracy through experiments. This
paper is structured as follows. Section 2 reviews related studies and discusses the distinctions from the
current research. Section 3 provides a detailed explanation of the principles behind storing 3D depth
information using a mobile phone LiDAR Sensor. Section 4 introduces the proposed methodology,
detailing the processes of data collection, preprocessing, keypoint detection and merging, and the
body circumference measurement algorithm. Section 5 presents the experimental setup and results,
validating the effectiveness of the proposed method through result analysis. Finally, Section 6 discusses
the limitations of this study and outlines directions for future research.

2. Mobile Device 3D Measurement Technology
As shown in Figure 1, research on body measurement has primarily been based on 2D image

analysis. These studies have focused on methods that detect the positions of body parts using pose
estimation techniques and calculate circumferences based on them. In particular, high-resolution pose
estimation models like HRNet are effective in accurate keypoint detection, but due to the limitations
of 2D images, 3D depth information is not reflected, restricting the accuracy of measurements [16].
Research on 2D image-based body measurement has primarily relied on pose estimation and keypoint
detection. The HRNet model excels at accurately detecting keypoints of body parts while maintain-
ing high-resolution representations, allowing precise identification of the locations of various body
parts [16]. However, these methods have limitations in that they do not consider depth information,
thereby failing to accurately reflect the 3D structure of the body. For example, they may not account for
depth variations of the body or distortions due to various postures, which can reduce measurement
accuracy [5]. Additionally, [2] proposed a method to track body movements through real-time pose
estimation, but it is primarily focused on motion analysis and is not suitable for static body circum-
ference measurements [12]. Attempted 3D pose estimation, but still did not fully incorporate depth
information from 2D images, resulting in limitations in accuracy.
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2.1. 3D Measurement Technologies and Applications of LiDAR

3D measurement technologies overcome the limitations of 2D images and enable more accurate
body measurements. Representative 3D measurement technologies include Structured Light [4], Stereo
Vision [1], and LiDAR [3]. Among these, LiDAR is a technology that can generate high-resolution
3D point clouds by measuring distances to objects using lasers, and is widely utilized in various
fields such as autonomous vehicles, robotics, and Geographic Information Systems (GIS). LiDAR
technology has several advantages. It allows for highly accurate distance measurements through laser
emission and reflection, can generate a large number of point clouds at high speeds enabling real-time
data processing, and can be utilized in various fields such as construction, surveying, archaeology,
and environmental monitoring [13]. However, in the field of body measurement, the application of
LiDAR is relatively insufficient. This is mainly due to the need for specialized equipment, high costs,
and complex data processing requirements, making it perceived as a technology that is difficult for
general users to access [14,19]. Although some recent studies have proposed body recognition and
measurement methods using LiDAR data, these studies remain mostly at the research stage, and
implementation as practical solutions is limited [7].

2.2. LiDAR-Based Body Measurement Technology

Recently, research on body measurement utilizing LiDAR sensors has been increasing. For
example, [7] proposed a method to automatically recognize and measure human body parts using
LiDAR data. In this study, 3D point clouds from LiDAR were used to accurately identify various body
parts and measure body circumferences based on them. However, this method primarily assumes
measurements in a fixed environment, limiting its applicability in various everyday situations. Another
study [20] proposed a method to predict the locations of body parts based on LiDAR data using a
deep learning model. This study effectively utilized depth information from LiDAR to create a 3D
body model, showing higher accuracy than conventional 2D image-based methods, but research on
real-time processing and user-friendly interface implementation is still lacking.

2.3. Data Collection for 3D Measurement

In this study, uniform 3D data, such as cylindrical object and mannequin, were used to create
initial datasets and later expanded to actual human body measurements. The experiments began
with relatively simple models that resemble specific human body parts to minimize deformation,
enhance the accuracy of the measurement algorithm, and enable a systematic evaluation across various
body parts. Notably, previous studies such as [7] and [20] primarily conducted experiments on real
human subjects. In contrast, this study verified the performance of the algorithm in the early stages
using uniform 3D objects. This approach helped secure fundamental accuracy and minimize variables
that could arise when measuring different body parts. Additionally, the use of cylindrical object
and mannequin ensured data consistency, which played a critical role in the training and evaluation
processes of the deep learning model.

2.4. Limitations of Existing Studies and Differentiation of This Study

Existing LiDAR-based body measurement studies have primarily aimed at applications in special-
ized environments, limiting the development of practical mobile application solutions. Additionally,
these studies have mostly focused on body recognition and basic measurements, with many short-
comings remaining in precise measurements such as body circumferences. In particular, research
utilizing LiDAR sensors embedded in mobile devices is very limited, resulting in a lack of specific
implementation methods and evaluations necessary for developing body measurement solutions for
everyday life.

This study proposes a solution for automatically measuring body circumferences by utilizing
LiDAR sensors embedded in mobile devices to overcome these limitations. While existing studies
primarily assume specialized equipment and environments, this research focuses on developing a
body measurement platform that can be easily accessed in everyday life by leveraging low-cost mobile
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devices. Additionally, by combining HRNet-based keypoint detection with transfer learning through
deep learning, the precise locations of body parts were identified and integrated with 3D depth infor-
mation, enabling more accurate body circumference measurements. This approach was experimentally
demonstrated to achieve both higher accuracy and practicality compared to conventional 2D image-
based methods. This study overcame the limitations of existing 2D image-based body measurement
research and 3D measurement technologies using LiDAR by developing a practical body measurement
solution utilizing mobile devices, using uniform 3D data such as cylinder and mannequin. Through
this, the accuracy of the body circumference measurement algorithm was enhanced, and a foundation
was established for systematically evaluating measurements of various body parts. Furthermore,
by integrating HRNet-based keypoint detection with transfer learning through deep learning and
combining it with 3D depth information, higher accuracy, and practicality were achieved compared to
existing methods.

3. Proposed Method
3.1. Merging Keypoints and 3D Data

Body circumference measurement in this study is divided into three main stages. The first
stage involves detecting the endpoints of the body parts to be measured from photographs taken
from the front and side. The second stage is calculating the circumference between the detected
endpoints, and the third stage is estimating the total circumference of the desired body part based on
the measurements taken from the front and side. In this section, we describe the detailed methodology
and implementation process for each stage and discuss the technical improvements introduced to
overcome existing limitations.

First, in the initial stage of body circumference measurement, accurately detecting the end-
points of body parts is essential. To achieve this, we utilized the Human Pose Estimation using the
High-Resolution Representations (HRNet) model [16]. HRNet excels at maintaining high-resolution
representations while precisely detecting keypoints of the body, allowing for accurate identification of
various body parts’ locations. However, the basic HRNet model provides only a limited number of
keypoints necessary for standard pose estimation, which restricts its ability to sufficiently cover all the
endpoints required for body circumference measurement.

To overcome these limitations, we applied Transfer Learning in this study. Specifically, we labeled
1,000 images of people by categorizing them into two groups: upper body and lower body. In the
upper body category, we labeled the endpoints of the chest and waist, and in the lower body category,
we labeled the hip and buttock as keypoints. By further training the HRNet model using this labeled
dataset, we aimed to expand the model’s limited keypoint detection capabilities. The transfer learning
process involved collecting 1,000 images of people divided into upper and lower body categories,
manually labeling the keypoints for the chest, waist, buttock, hips, and femoral condyles in each image,
and setting up based on the pre-trained HRNet model. We then retrained the last few layers of the
HRNet model using the labeled dataset to accurately detect the new keypoints, evaluated the model’s
performance with a validation dataset, and adjusted hyperparameters as necessary.

In the second stage, we calculate the circumference between the detected endpoints from the front
and side views. This calculation is primarily based on the Euclidean distance. Specifically, we define
two keypoints as k1 = (x1, y1) and k1 = (x2, y2), and represent the distance between the two points as
d(k1, k2). The Euclidean distance formula is as follows Equation (1):

d(k1, k2) =
√
(x2 − x1)2 + (y2 − y1)2 (1)

Under the assumption that the y-axis positions of the two points are identical, the straight-line
distances in the x-axis direction are summed to approximate the circumference between the two points.
Represents this calculation follows Equation (2):
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circum(x1, x2) =

d(x1, x1 + 1)+

d(x1 + 1, x1 + 2)+

d(x1 + 2, x1 + 3) + . . .+

d(x2 − 1, x2) (2)

However, as mentioned earlier, the keypoints detected in 2D images do not correspond to their
actual positions in 3D space, so simply doubling the circumference of the front part introduces errors.
This is because the boundary surfaces of the object from the camera’s viewpoint do not coincide with
the actual boundary surfaces. Considering the angle between the camera’s line of sight and the object’s
boundary surface, the distance from the camera to the center of the object, the distance from the center
of the object to the boundary surface, and the actual length of the object’s boundary surface, the error
can be calculated as follow Equation (3):

sinθ =
r
d

θ = arcsin
r
d

l = rθ = r × arcsin
r
l

(3)

Therefore, the error resulting from the difference between the 2D keypoints and the 3D keypoints
is represented by a length of r × arcsin

( r
d
)
. For this reason, simply multiplying the circumference of

the front part by two to estimate the total circumference leads to inaccurate results. Additionally, to
correct the positions of the keypoints detected in 2D images to their accurate locations in 3D space,
this study introduced a correction process utilizing a depth map. First, a depth map of the same scene
as the RGB image captured using the iPhone’s LiDAR sensor is generated. A depth map indicates that
lower values are closer to the object and higher values are further away from the object. Next, the
Canny edge algorithm is applied to the depth map to detect points where the depth value changes
abruptly [18]. This is useful for accurately identifying the object’s boundary surfaces. Then, the
coordinates of the keypoints detected in the 2D RGB image are transformed to match the scale of
the depth map and moved to the nearest edge point. This process includes the following two steps:
matching the resolution of the RGB image with that of the depth map.

First, a depth map of the same scene as the RGB image captured using the iPhone’s LiDAR sensor
is generated. A depth map indicates that lower values are closer to the object and higher values
are further away from the object. Next, the Canny edge algorithm is applied to the depth map to
detect points where the depth value changes abruptly. This is useful for accurately identifying the
object’s boundary surfaces. Then, the coordinates of the keypoints detected in the 2D RGB image
are transformed to match the scale of the depth map and moved to the nearest edge point. This
process includes the following two steps: matching the resolution of the RGB image with that of the
depth map.

For example, if the RGB image size is (1440 × 1920) and the depth map size is (192 × 256), the
keypoint coordinates of the RGB image are divided by 7.5 to convert them to the depth map coordinates.
Then, the nearest edge point is searched from the transformed keypoint coordinates, and the keypoint
is moved to that point. Finally, to verify that the corrected keypoints coincide with the actual boundary
surfaces of the object, the positions on the depth map and the visual positions on the RGB image are
compared and analyzed. Through this correction process, the keypoints detected in the 2D image were
adjusted to match their actual positions in 3D space. This significantly improved the accuracy of body
circumference measurements. In the keypoints correction stage, the circumferences measured from

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 January 2025 doi:10.20944/preprints202501.0652.v1

https://doi.org/10.20944/preprints202501.0652.v1


7 of 17

the front and side are integrated to estimate the total circumference of the body part. To do this, a
regression equation was derived by multiplying the circumference values measured from the front
and side by a certain constant to calculate the total circumference. This equation was applied only
when measuring the dimensions of actual people, and experiments were conducted to find the optimal
constant for each body part. The results are as follows Equation (4):

Waist Circumference : (4)

(Front Circumference + Side Circumference)× 1.32

Chest Circumference :

(Front Circumference + Side Circumference)× 1.427

Hip Circumference :

(Front Circumference + Side Circumference)× 1.322

Pelvis Circumference :

(Front Circumference + Side Circumference)× 1.53

These constants were derived through regression analysis by comparing the actual circumferences
of various body parts with the measured values. This allowed for the accurate estimation of the total
circumference based on the measurements taken from the front and side. Additionally, regression
analysis is a statistical method that derives constants based on measured data and actual data. In
this study, measurement data for various body parts were collected, and constant values were de-
rived based on this data. This enabled the identification of optimal constant values that minimize
measurement errors.

3.2. Utilization of Uniform 3D Data

In this study, to enhance the accuracy and consistency of the body measurement algorithm, exper-
iments were conducted using uniform 3D data such as cylinder and mannequin. These standardized
3D objects, which closely resemble the human body while exhibiting minimal deformation, were useful
for systematically verifying the performance of the algorithm in its initial stages. Cylinders, with
their simple structure, are ideal objects for evaluating whether the algorithm can accurately measure
complex body structures. Additionally, mannequin, which mimic the shape of the human body, were
used to test the measurement accuracy of various body parts. Through this approach, it was confirmed
that the algorithm could accurately measure body parts of different shapes and sizes. The experimental
procedure involved first capturing RGB images and depth maps of the cylinder and mannequin from
various angles using an iPhone’s LiDAR sensor. Using an HRNet-based keypoint detection model,
the endpoints of the major parts of each object were detected. The detected keypoints were then
adjusted to their accurate positions in 3D space through the aforementioned correction process. Based
on the corrected keypoints, circumferences were calculated, and the total circumference was estimated
by integrating the measurements taken from the front and side views. The measured circumference
values were compared with the actual values to evaluate the accuracy of the algorithm. Through
these experiments, the accuracy and consistency of the proposed body circumference measurement
algorithmwere systematically validated, and methods to minimize errors in measuring various body
parts were established.

The body circumference measurement algorithm proposed in this study consists of the following
key components. First, RGB images and depth maps are extracted at the same scale to facilitate subse-
quent data merging and analysis. Second, the keypoints detected by the HRNet model are adjusted
to accurate 3D positions through a depth map-based correction process. Third, the circumferences of
body parts are calculated using the corrected keypoints, and the total circumference is estimated by
integrating the measurements taken from the front and side views. Finally, a regression equation was
derived to estimate the total circumference based on the measured circumferences from the front and
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side views, enabling accurate measurements. Additionally, to enhance the efficiency of the algorithm,
the following optimization techniques were introduced. First, model lightweighting and parallel
processing were employed to enable real-time body circumference measurements. Data captured
from various angles and lighting conditions were utilized to improve the model’s generalization
performance. Furthermore, filtering techniques were applied to minimize noise in the depth maps.

3.3. Experimental Environment and Dataset

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 January 2025 doi:10.20944/preprints202501.0652.v1

https://doi.org/10.20944/preprints202501.0652.v1


9 of 17

0 250 500 750 1000 1250

0

250

500

750

1000

1250

1500

1750

(a)
0 50 100 150

0

50

100

150

200

250

(b)
0 50 100 150

0

50

100

150

200

250

(c)
0 50 100 150

0

50

100

150

200

250

(d)

Figure 2. It shows the mannequin’s RGB photo (a), depth map (b), edge detection using the Canny algorithm (c), and keypoint detection in the depth map photo (d).
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Figure 3. It shows Cylinder’s RGB photo (a), depth map (b), edge detection using the Canny algorithm (c), and keypoint detection in the depth map photo (d).
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Table 1. Body measurements of the mannequin by body part. The sizes obtained from the LiDAR sensor are
compared with the actual sizes.

Actual (cm) Estimated (cm) Error (%)

Mannequin

Waist 55 46.7 18
Chest 60 61.2 2
Hip 62 57.19 5

Buttock 63 67.18 1.08

Cylinder 17.27 17,68 3

As shown in Figures 2 and 3, uniform 3D data such as cylinder and mannequin were used
to ensure the consistency and reproducibility of the experiments. In Figures 2 and 3, (b) in each
figure is a depth map visualizing the distance between the camera and the object. Lower depth
values are represented by darker colors, while higher depth values are represented by brighter colors,
visually depicting the three-dimensional structure of the object. The actual circumference of the
cylinder is 17.27cm, and the estimated circumference measured by LiDAR is 17.68cm, demonstrating
an accuracy within a 3% error margin. The results for the cylinder and mannequin are shown in Table
11, respectively. The regression equation is tailored to humans, and the Mannequin has a different
shape compared to an actual person, resulting in slightly larger errors. The experimental environment
involved using a model equipped with an iPhone’s LiDAR sensor to simultaneously collect RGB
images and depth maps, maintaining data consistency by photographing objects under the same
lighting conditions and fixed distances. Through such standardized datasets, the performance of the
algorithm could be systematically evaluated, and errors that could occur in measuring various body
parts could be analyzed.
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Figure 4. These graphs display the cylinder’s uncorrected keypoints (a) and corrected keypoints (b), as well as
the mannequin chest’s uncorrected keypoints (c) and corrected keypoints (d). In the corrected graphs, the y-axis
automatically adjusts its maximum value as the pixel distance decreases.

Figures (a) and (c) in Figure 4 visualize the distance measurements before correction for the
cylinder and mannequin, respectively. Distance values exceeding 12cm between adjacent pixels were
observed, which can be interpreted as the distance between the object and the background rather
than within the object itself. Points where the values suddenly increase indicate locations beyond the
object’s boundary. In contrast, Figures (b) and (d) show the distance measurements after correction for
the cylinder and mannequin, respectively, with the maximum value not exceeding 1cm. This suggests
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that by detecting edges using depth values and correcting the keypoints, the lengths to the object’s
boundary surfaces were accurately measured.

4. Actual Model Measurement
Figure 5 shows photos taken to capture images of the upper and lower body parts of a person,

respectively. Due to the characteristics of the iPhone’s LiDAR sensor, the depth map size is (192 × 256),
so it was extracted from the RGB image at the same scale. This maintains consistency between images,
ensuring accuracy in subsequent data merging and correction processes.
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Figure 5. The figure shows the model’s RGB capture (a), depth map conversion (b), and Canny edge detection (c).
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Figure 5 (c) shows the edge image obtained by applying the Canny Edge algorithm to the depth
image. Canny Edge Detection is an algorithm used to find edges in images, effectively detecting points
where depth values change sharply. This algorithm not only identifies points with sudden changes
in depth values but also helps to accurately detect the actual boundary surfaces of objects. By first
identifying areas with significant depth changes and then connecting points with high depth change
intensity, the algorithm can more precisely detect the actual boundary surfaces of the object, rather
than meaningless edges. Figure 6 shows arbitrary keypoints manually detected from the RGB image.
The process involves manually selecting keypoints first and then automatically correcting them using
deep learning. To make the correction effect more apparent, the manually selected keypoints were
marked slightly offset from the boundary. The size of the RGB image is (1440 × 1920), and the size
of the depth map is (192 × 256). Since the ratio between the RGB image and the depth map is 7.5,
the keypoint coordinates detected in the RGB image were divided by 7.5 to convert them into depth
map coordinates. The transformed keypoints were adjusted to match the resolution of the depth map,
which plays an important role in maintaining the accurate alignment between the two datasets.
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Figure 6. Keypoints were placed at both endpoints of the waist, Chest, hips, and buttocks in the front and side
views to measure the length of each body part. Person 1 is depicted in (a), Person 2 in (b), Person 3 in (c), and
Person 4 in (d).

Figures 7 and 8 illustrate the keypoint correction process before and after applying the edge
algorithm. Figure 7 shows the coordinates of the keypoints manually identified, while Figure 8
presents the results corrected based on the edge algorithm. In Figures 7 and 8, the y-axis represents the
distance between the subject’s pixels and the background, and the x-axis represents the pixel index.
In Figure 7, when a keypoint is located outside the subject, the distance between the subject and the
wall behind exceeds 10cm. In contrast, when a keypoint is located inside the subject, it shows a short
distance within a few centimeters. The keypoint correction was performed by moving the keypoints
to the coordinates of the nearest edges to align them with their actual positions in 3D space. After
correction, the keypoints coincide with the edges detected in the depth map, enabling a more accurate
representation of the object’s actual boundary surfaces.
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Figure 7. Graphs showing the data before keypoint correction, with the y-axis representing the distance between
the subject’s pixels and the background. Person 1 is depicted in (a), Person 2 in (b), Person 3 in (c), and Person 4
in (d).
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Figure 8. Graphs showing the data after keypoint correction. The y-axis automatically adjusts its maximum value
as the distance between pixels decreases. Person 1 is depicted in (a), Person 2 in (b), Person 3 in (c), and Person 4
in (d).

5. Results
To evaluate the performance of the 3D landmark measurement algorithm developed in this

study, experiments were conducted on four body parts: waist circumference, chest circumference,
buttock circumference, and hip circumference. For each body part, the total circumference was
estimated based on front and side measurements of a total of four models, and the errors compared to
actual measurements were analyzed. Tables 3, 2, 4, and 5 shows the results comparing the estimated
circumferences with the actual measurements for each body part.
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Table 2. The results of the waist circumference measurements from the camera’s perspective are presented. The
total circumference was calculated by multiplying the sum of the front and side lengths by a factor of 1.32.

Front (cm) Side (cm) Estimated (cm) Actual (cm) Error (%)

Person 1 34 25 77.98 78 0
Person 2 39.06 30 91.218 95 4.2
Person 3 34 28 81.964 82 0
Person 4 54 43 128.253 121 5.9

Table 3. The results of the chest circumference measurements from the camera’s perspective are presented. The
total circumference was calculated by multiplying the sum of the front and side lengths by a factor of 1.427.

Front (cm) Side (cm) Estimated (cm) Actual (cm) Error (%)

Person 1 34 22 81.2 83 2
Person 2 36 34 101.5 102 4
Person 3 32 30 89.94 90 0
Person 4 50 39 127 121 4.9

Table 4. The results of the buttock circumference measurements from the camera’s perspective are presented. The
total circumference was calculated by multiplying the sum of the front and side lengths by a factor of 1.322.

Front (cm) Side (cm) Estimated (cm) Actual (cm) Error (%)

Person 1 34 28 82 76 7.8
Person 2 36 30 87 94 7.4
Person 3 34 28 82 82 0
Person 4 51 41 120.32 118 1.96

Table 5. The results of the hip circumference measurements from the camera’s perspective are presented. The
total circumference was calculated by multiplying the sum of the front and side lengths by a factor of 1.53.

Front (cm) Side (cm) Estimated (cm) Actual (cm) Error (%)

Person 1 35 25 91.8 91 0.8
Person 2 38 30 104 104 0
Person 3 35 26 98 97 1
Person 4 45 32 117.81 121 2.6

Overall, the algorithm recorded relative errors within 8% for most body parts, and particularly
showed low error rates below 4% for waist and hip circumferences. This indicates that the algorithm
effectively applied keypoint correction and regression analysis methods to enhance the accuracy of
body circumference measurements. In measuring the buttock circumference of actual human models,
the error rates for Person 1 and Person 2 were relatively high at 7.8% and 7.4%, respectively. This can
be attributed to the complex 3D structure of the buttock area and the difficulty in selecting keypoint
positions. On the other hand, in measuring hip circumference, all subjects recorded low error rates
within 2.6%, confirming the stability of the algorithm.

Additionally, as shown in Figures 7 and 8, keypoint correction utilizing the depth map overcame
the limitations of 2D image-based measurements and enabled more precise 3D measurements. Ex-
perimental results confirmed that the correction process through the depth map contributed to the
accuracy improvement for each body part. Moreover, the real-time processing speed in actual experi-
mental environments was sufficiently fast, suggesting practical application possibilities. The overall
performance of the algorithm proposed in this study holds significant meaning for the transition from
professional equipment to lightweight mobile devices. The conventional 2D length measurement
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methods were limited in measurement accuracy due to the inability to reflect depth information of the
body, but this algorithm overcomes such limitations by effectively utilizing 3D information.

6. Conclusions
Measurement errors primarily occur when the HRNet model fails to accurately detect keypoints,

when the resolution and precision of the depth map are low, when the constants derived through
regression analysis do not exactly match the actual circumference of body parts, when shooting
conditions are inconsistent, and when there is poor alignment between the depth map and the
RGB image.

In Section 5, the process of merging keypoints and 3D data for body circumference measure-
ments is described in detail. Accurate locations of body parts were determined through keypoint
detection based on the HRNet model and transfer learning, and the limitations of 2D images were
overcome through keypoints correction using the depth map. Additionally, the accuracy and consis-
tency of the algorithm were systematically evaluated using uniform 3D data such as cylinder and
mannequin. Through this approach, this study was able to achieve higher accuracy and practicality
compared to existing 2D image-based body measurement methods, suggesting potential applications
in various fields.

In this study, a 3D measurement algorithm was developed to enable precise measurements of
key body parts such as waist circumference, chest circumference, hip circumference, and others.
Experimental results demonstrated the high accuracy of the algorithm by recording low relative errors
within 8% for most body parts. In particular, the keypoint correction technique using the depth
map contributed to overcoming the limitations of 2D-based measurement methods and realizing
more precise 3D measurements. This study provides a foundation that can be effectively utilized
for real-time body measurement and analysis in various fields, including fitness, healthcare, and the
clothing industry. Furthermore, the excellent real-time processing speed of the algorithm confirmed in
the experiments serves as a significant advantage for practical applications. However, this study was
conducted on a limited number of models and has several limitations, such as somewhat higher error
rates for certain body parts. To overcome these limitations, future research needs to involve large-scale
experiments with more diverse subjects and the development of additional correction techniques. In
summary, the 3D landmark measurement algorithm proposed in this study offers higher accuracy
and practicality compared to existing 2D methods, suggesting potential applications in various fields.
Through continuous improvement and expansion of the algorithm, the establishment of a more precise
and reliable body measurement system is anticipated.
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