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Supplementary Material

0.1. Addition related work

The literature [22, 24] on recovering 3D human represen-
tations from RGB images is vast. Techniques fall broadly
into two categories. Parametric methods [3, 16] character-
ize the human body in terms of a parametric model. Model
parameters defining body pose and shape are then estimated
from images via direct optimization [20, 25, 26] or regres-
sion with deep networks [5, 6, 11, 12]. Non-parametric
methods directly regress a 3D body representation from im-
ages using convolutional neural networks [13], transform-
ers [15], intermediate representations [18] or implicit func-
tions [7, 21]. On the other hand, the development of human
shape estimation erupt 3D digital huaman research applica-
tions [4, 9] and the parametric models [16] from images and
videos have attracted increasing attention. Optimization-
based methods [20] detect 2D features corresponding to the
whole body and fit the SMPL-X model. However, they suf-
fer from slow speed and are ultimately limited by the qual-
ity of the 2D keypoint detectors. Hence, learning-based
models are proposed. Due to the highly complex multi-
stage pipelines, the reconstructed results inevitably gener-
ated unnatural articulation mesh and implausible 3D wrist
rotations. [14] proposes the first ViT-based backbone [8]
to relieve the issues in previous approaches. This provides
a promising and concise way to leverage the scaling-up
model for two-stage body measurements. However, there is
a scarcity of benchmark datasets for comparing body mea-
surements, and few researchers are exploring the integration
of additional data toward generalizable and accurate body
measurement results.

0.2. Detailed about datasets

We describe the datasets mentioned in the main paper. Note
that all these are public academic datasets, each holding a li-
cense. We follow the common practice of using them in our
non-commercial research and refer readers to their policies
to ensure personal information protection.

Lidar dataset: We utilize a high-performance commer-
cial Mojave Sensor, available at an affordable price, for
scanning subjects aged between 18 and 24 years old. This
choice allows us to conveniently conduct tests on LiDAR
data. The output of this sensor is a distance and amplitude
file. The distance image can be converted to a point cloud
(x,y,z values for each distance point) by leveraging the sen-
sor lens parameters that are stored on the device. Further-
more, each subject was measured by a skilled anthropolo-
gist, providing chest, waist, hip, wrist, and shoulder width
as the GT measurement values for our experiments. RGB
images were captured in a well-lit, indoor setup, with sub-

jects standing in A-pose. Note that we never require sub-
jects to wear tight-fitting clothing. Capture distance varied
from 2.5-3.5 meters.

AGORA [19] is a synthetic dataset, rendered with high-
quality human scans and realistic 3D scenes. It consists
of 4240 textured human scans with diverse poses and ap-
pearances, each fitted with accurate SMPL-X annotations.
There are 14K training images and 3K test images, and
173K instances.

3DPW [23] is the first in-the-wild dataset with a con-
siderable amount of data, captured with a moving phone
camera and IMU sensors. It features accurate SMPL anno-
tations and 60 video sequences captured in diverse environ-
ments. We follow the official definition of train, val, and
test splits.

Human3.6M [10] is a studio-based 3D motion capture
dataset including 3.6M human poses and corresponding im-
ages captured by a high-speed motion capture system. In
this paper, we use the annotation generated by Neural Annot,
which fits the SMPL-X to the GT 2D joints and includes a
total of 312.2K annotated data.

MPI-INF-3DHP [17] is captured with a multi-camera
markerless motion capture system in constrained indoor and
complex outdoor scenes. It records 8 actors performing 8
activities from 14 camera views. We use the annotations
generated by NeuralAnnot, which fits the SMPL-X to the
GT 2D joints and includes a total of 939,847 annotated data.

MPII [1] is a widely used in-the-wild dataset that offers
a diverse collection of approximately 25K images. Each
image within the dataset contains one or more instances,
resulting in a total of over 40K annotated people instances.
Among the 40K samples, 28K samples are used for training,
while the remaining samples are reserved for testing. We
use the annotations generated by NeuralAnnot, which fits
the SMPL-X to the GT 2D joints and includes a total of
~28.9K annotated data.

0.3. Motivation about focusing network

Traditional fine-tuning methods require modifying the top
layer of the network to adapt differences in label spaces and
losses, which can disrupt the pretrained features and dimin-
ish the network’s reusability. In contrast, our focusing net-
work employs bypass network to extract various guidance
features. This modification preserves the pretrained features
for consistent performance and facilitates efficient model
sharing. On the other hand, the traditional two-stage meth-
ods of reconstructing before measuring have limitations in
generalizing to different scene categories. Additionally, the
reconstruction quality lacks reliability under extreme view-
ing angles, making accurate measurement across various
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scenarios challenging. We are the first to solve the above
problem by utilizing large-scale models for estimating an-
thropometric measurements. Moreover, we introduce a by-
pass network to fine-tune the output of the large model, an
innovation not present in previous methods.

0.4. Details process about using Mojave Sensor

The output of this sensor for a subject is a distance and am-
plitude file. The distance image can be converted to a point
cloud (x,y,z values for each distance point) by leveraging
the sensor lens parameters that are stored on the device. By
using the focal length and optical center of the lens a coef-
ficient for X, y, and z can be calculated at each pixel loca-
tion. These arrays of coefficients are stored on the device
referred to as the pixel rays. After querying this informa-
tion from the sensor, each value in the distance image can
be multiplied by the three coefficients to obtain its X,y, and
z coordinates in 3D space.

0.5. Training details

Following previous work, we use the following typ-
ical datasets for training focusing network, i.e., Hu-
man3.6M [10], MPI-INF-3DHP [17], MPII [2] and so on.
Additionally, we provided 30 sets of samples, each con-
taining frontal and profile images along with additional in-
formation. During the training of the bypass network, we
utilized both our collected dataset and publicly available
datasets, as described in Sec.5.1 of the main paper. Ad-
ditionally, our Fashion-body dataset can be continually en-
hanced with diverse scenarios and individuals to meet the
needs of a broader range of human reconstruction and mea-
surement tasks. We considered the fairness of these base-
lines for comparison. The datasets used for HMR-BMViT
and 4D-BMVIT training are consistent with the bypass net-
work, but NeuralAnthro could not support such a large
amount of data for training.

0.6. Fixed hyper-parameter for loss function

In this part, we evaluate the effect of the loss design pa-
rameters on the measurement performance. We re-trained
the proposed method on our Fashion-body dataset using
fixed values for the parameters in the loss function intro-
duced in main paper. We chose four different fixed values:
0.1,0.2,0.4,0.8. The validation error is presented in Tab. 1.
The result shows that the larger value of the o parameter
multiplies the measurement parts the smaller error of mea-
surement results.

0.7. Discussion

The generalization ability of the proposed approach, such
as its robustness to background changes and variations in
lighting conditions. Actually, our Fashion-body dataset

al|  Chest Waist Hip Wrist  Shoulder width
0.1 6.02 9.57 10.99 1.07 4.34
0.2 5.87 9.04 10.73 1.00 4.24
0.4 4.31 5.21 7.21 0.56 2.73
0.8 3.07 3.91 6.95 0.41 2.03

Table 1. The MAE error of five body part in hyper-parameter
tuning.

consists of examples collected from diverse angles, light-
ing conditions, and backgrounds. Our experiments present
the body measurement outcomes and MAE of our ap-
proach across multiple datasets, including our Fashion-
body dataset, which validate the robustness of our approach.
Applications. We propose tailored measurement pipelines
and scanner selections for diverse anthropometric applica-
tions: medicine, fashion, fitness, and entertainment. Our
model can estimate key parameters of the human body from
a simple RGB image captured by a camera or smartphone,
making it applicable across various domains such as health,
fashion, and entertainment. In the health domain, our model
enables users to monitor changes in body measurements
over fixed intervals (e.g., weekly or monthly) by capturing
images, aiding in the formulation of fitness and diet plans.
In the fashion domain, our model’s outputs can assist users
in selecting the most suitable clothing sizes in online shop-
ping scenarios. In the entertainment domain, our model
serves as a valuable tool for virtual character creation and
clothing rendering, ensuring the physical realism and co-
herence of virtual scenes.

Limitations and Future works. Due to constraints related
to the specialized equipment and cost required for dataset
creation, our model is trained only on single-view human
reconstruction, disregarding the potential benefits of infor-
mation redundancy from multiple views. Utilizing multi-
ple views to assist in human reconstruction can mitigate the
impact of certain viewpoints or inappropriate poses on the
model. In the future, we anticipate generating multi-view
human reconstruction datasets. Additionally, considering
the inference speed of the model is crucial for practical sce-
narios. Therefore, while ensuring model performance, we
aim to enhance the inference speed.
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