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Abstract
This paper presents AInBody, a novel deep learning-based

body shape measurement solution. We have devised a user-
centered design that automatically tracks the progress of the body
by adequately integrating various methods, including instance
segmentation, human parsing, and image matting. Our system
guides a user’s pose when taking photos by displaying the out-
line of the latest picture of the user, divides the human body into
several parts, and compares before and after photos based on the
body part-level segmentation results. The parsing performance
has been improved through an ensemble approach and a denois-
ing phase in our main module, called Advanced Human Parser. In
evaluations, the proposed method was 0.1% to 4.8% better than
the second best models in average precision in 3 out of 5 parts,
and was 1.4% and 2.4% superior in mAP and mean IoU, respec-
tively. Furthermore, the inference time of our framework takes ap-
proximately three seconds to process one HD image on an ordi-
nary single GPU server, demonstrating that our structure can be
applied to real-time applications.

Introduction
There are several ways to measure the human body. For ex-

ample, scales can measure a person’s weight, and BMI machines
can measure their body mass index. In addition, people can save
pictures of their bodies by taking photos to see their progress
over time. When we compare a one-dimensional scalar’s repre-
sentation of the weight or BMI, it has less information present
than a two-dimensional array’s representation of a photo which
is capable of providing more details(e.g., muscle shape, the vi-
sual balance of the full body) making it more suitable for an ap-
proximation of the human body. Thus, people, especially those
who frequently exercise, track their progress by constantly taking
pictures. However, some limitations make it challenging to take
pictures while maintaining a consistent and repeatable pose, po-
tentially leading to inconsistent comparisons.

We have subdivided these problems and attempted to find
a solution that provides a more convenient and accurate way of
tracking body shapes. As a result, we have identified three tech-
nical fields that are necessary to solve the problems i.e. Instance
Segmentation, Human Parsing, and Image Matting. These meth-
ods have been incorporated into our system as key components.

Recently, as artificial intelligence-based research has been
rapidly advancing, deep learning-based research in the field of
computer vision has also been extensively developed, to the point
where it could be considered saturated compared to when only
conventional approaches were available. Therefore, we have nat-
urally incorporated deep learning approaches into the design of
our overall system architecture.

Figure 1. The Comparison between the current method and the proposed

approach (AInBody). AInBody automates the process of comparing body

changes, which was previously done manually by humans.

In short, in this paper, we suggest AInBody, a body shape
tracking solution that guides the human pose into the pose of a
previously taken picture, pixel-wisely segments the human body
into several parts, and automatically compares the before and after
photos. Fig 1 illustrates the advantages of our approach compared
to the current method. Under our AInBody schema, people do not
have to get into their nerves tracking photos of their body shapes.

First of all, we have developed a module for real-time pose
guidance by using an instance segmentation model to identify and
segment human figures in an image at the pixel level. This al-
lows users to compare the pose being taken in real-time to previ-
ously stored poses. Moreover, to segment each body part, pix-
els, the smallest unit of an image, must be dealt with, so the
two-dimensional human part segmentation method that has sev-
eral publicly available datasets and is being actively studied has
been chosen to be the basis. While three-dimensional human pars-
ing may be more accurate, it is not practical for general users as
it requires special cameras and specific environments to capture
the necessary data. Using a network that receives a single two-
dimensional image and spits out a three-dimensional body shape
is also not ideal because the depth information should be pre-
dicted using 3D shape estimation methods like S. Saito et al. [1]
which may result in aggravated error. Furthermore, to overcome



the drawback of the segmentation model’s inherent shortcomings
that do not detect the contour precisely, we use an image matting
method to accurately separate the background and foreground ob-
jects. The matting result is then merged into the parsing result to
not only accurately detect the contour but also remove unneces-
sary noise or artifacts added from the human parsing model.

To sum up, our research has two main contributions. The
first is the development of a real-time body progress tracking sys-
tem that enables users to continuously measure their bodies. The
second is the suggestion of an ensemble approach and a denois-
ing phase to improve the performance of segmentation results,
thereby contributing to the diversification of measuring tools.

Related Works
Instance Segmentation

Upon the arrival of deep learning era, research in the im-
age segmentation field has been done rigorously. Instance seg-
mentation is one of the most challenging tasks in segmentation
since it predicts the class pixel by pixel in images and classifies
each object individually. Compared to the quality of semantic seg-
mentation models, obviously, the quality of instance segmenta-
tion marginally drops. Nevertheless, many instance segmentation
models show reasonable results.

Mask-RCNN[2] model combines Faster R-CNN model and
FCN to conduct instance segmentation. PANet[3] further de-
veloped Mask-RCNN model by suggesting new frameworks
like bottom-up path augmentation. These frameworks enable the
model to sustain low-level features in order to make the local-
ization process more precise. These models are two-step models
where it takes a great time in the feature localization process to
create detailed masks.

Yolact[4] omits the localization process and creates proto-
type masks for the whole image. For every instance, this model
predicts linear combination coefficients to make detailed segmen-
tation of the human body. Unlike the two-step models mentioned
above, it is more suitable for real-time inference because it per-
forms major tasks in parallel. Consequently, Yolact was the best
fit for our task because it is faster, thus, making real-time infer-
ence possible, which is indispensable for our task.

Human Parsing
Human parsing is a task that segments a human picture into

various parts, including human body parts and clothes. Segment-
ing the human body accurately is a challenging and important task
in this field. SCHP [5] proposed an iterative correction process to
solve this challenge.

OSHP [6] pointed out that most human parsing models have
difficulty discriminating the unseen classes and attempted to over-
come this limitation using the 3-stage progressive model. Though
the performance has improved, the confusion between unseen
classes still exists as a shortage.

Since we are focusing on measuring human body parts and
figuring out the change in each body part’s shape, accurate seg-
mentation of human body parts is the most crucial point. Even
when models have the same structure but are trained on different
datasets, the segmentation results can vary depending on the train-
ing data. This means that some models may be better at recogniz-
ing certain body parts than others. We take advantage of this char-
acteristic by developing an ensemble model that combines mul-

Figure 2. Comparing the segmentation and matting results. The matting

method is better at accurately identifying the contour of the object compared

to the segmentation method.

tiple models and drops more accurate human part segmentation
results.

Image Matting
Image matting is a task that separates the foreground and

background by estimating the opacity of each pixel in the image.
It is commonly used in pre/post-processing for photo and video
editing. Compared to the segmentation approach that separates the
binary mask (0, 1) without considering the opacity, image matting
computes the level of opacity (between 0 and 1) for pixels around
the edges of the foreground, resulting in more detailed and low-
artifact images at the pixel level. Fig 2 clearly shows how the two
are different.

Traditionally, the user have had to provide additional infor-
mation, such as trimaps or hand-annotated hints, to support the
estimation of opacity in image matting [7, 8]. However, there have
been recent developments in image matting methods that do not
require trimaps. One such method is PP-Matting[9], which is a
trimap-free architecture that guarantees precise pixel-level classi-
fication and can reduce the artifact or noise at the boundaries of
the image.

Proposed Method
The proposed method, AInBody, consists of three modules;

Body Outline Maker (BOM), Advanced Human Parser (AHP), and
Change Analyzer (CA). In Figure 3, a flowchart is presented that
details the process of using the service that includes our AInBody
system, from start to finish. Figure 4 presents a high-level archi-
tecture of the proposed solution, showing the overall architecture
and key components.




