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1 Preliminaries

Reconstructing multiple 3D human bodies from monocular input is a quite chal-
lenging task. This is primarily due to the need to predict uncertain information
such as global positions in 3D space from 2D images, compounded by the com-
plexity arising from indistinct boundaries between the human body and the
background. Consequently, most current research on multi-person reconstruc-
tion is based on single-person reconstruction algorithms, attempting to adapt
and improve them for multi-person scenarios.

As a foundational and preliminary work for multi-person reconstruction,
single-person reconstruction algorithms focus on extracting and outputting the
3D human body mesh of an individual from a single image or a monocular
video. At first, geometric primitives such as planar rectangles[4], cylinders[5],
epllisoids[6], superquadric ellipsoids[7], metaballs[8] and customized graphical
model[9] are usually used to approximate and model human body shape in or-
der to represent human in 3D space. Subsequently, in order to achieve a more
detailed representation of human body, later research shifts its focus to learning
a statistical human model from an extensive collection of 3D human body scan-
ning data. Therefore, recent research of reconstructing single 3D human model
can be categorized into two approaches. The first and well-established method
is to define a parametric model, where a set of parameters is used to character-
ize a human body shape and pose. The second method involves reconstructing
the human model with comprehensive details, including clothing, hair and facial
features, usually referred to as “clothed human reconstruction”. This method
primarily utilizes implicit function to get a more detailed and precise clothed
human model.

1.1 Parametric human model

A parametric model serves as an approximation of 3D human body shape and
pose to be reconstructed.

SCAPE[10] is the first publications introducing parametric models to gen-
erate a complete human mesh. It employs triangle deformations to reshape the
human body with shape deformation and pose deformation separately. There
are many models such as [11], [12], [13], [14], [15] and [16] built upon SCAPE as
its pioneering contributions.
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Fig. 1. Chronological overview of essential parametric human models of single-person
3D reconstruction.

In 2015, SMPL [3] was published with a realistic, naturally deformable and ef-
ficiently animated 3D human parametric model which was widely acknowledged.
It currently stands as the most commonly used human body model in the re-
search community. SMPL also utilizes two sets of parameters for shape and pose
to generate the corresponding deformations. It provides a differentiable function
for generating final 3D model. Building upon SMPL, numerous methods that
are more precise and effective have been proposed in recent years. MANO [17] is
designed for modelling human hands, FLAME [18] for modelling human heads
and SMIL[19] for modelling infant bodies, each are proposed for specific body
regions and shapes. In pursuit of enhanced descriptive capability, SoftSMPL
[20] and STAR [21] achieved superior performance. Moreover, more different
learning-based methods are proposed such as implicit models [22], [23], [24],
[25] and explicit model [26]. For whole-body modeling including hands or heads,
SMPL+H [17] combines MANO and SMPL to create a parametric human body
model with hands. The Frankenstein Model [27] incorporates an artist-designed
hand rig and the FaceWarehouse face model [28] into a simplified version of
SMPL. SMPL-X [58] truly achieves a comprehensive model that utilizes more
detailed parameters to represent the human model with body, hands and facial
expressions. Recently, SUPR [29] is propesed for generating whole-body model
more precisely and vividly and GHUMGHUML [30] generate the parametric
model with variational auto encoders.

Figure 1 presents core methods for single-person reconstruction using para-
metric models in chronological order.

1.2 Clothed human model

Clothed human model reconstruction refers to generating a photorealistic 3D
representation of a clothed body shape based on 2D monocular input. It aims to
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Fig. 2. Chronological overview of primary methods for clothed human model recon-
struction in single-person 3D modeling. In this figure, blue represents reconstruction
methods based on deformation, green represents voxel-based reconstruction, red rep-
resents methods based on pixel-aligned of implicit functions, yellow is based on trans-
former, purple is based on NeRF, and black utilizes multiple methods for reconstruc-
tion.

model a body mesh that closely and accurately resembles the real state of the
human depicted in the input including hair, clothing and facial expressions.

In 2018, MonoPerfCap[31] applied deformation to SMPL for modeling clothed
human. Paper[32] used vertex displacement divided from SMPL model on monoc-
ular videos and increased details based on it to create a realistic model. Subse-
quently, Tex2shape[33], Livecap[34], Deepcap[35] and Reconstructing NBA play-
ers[36] also utilized similar methods to generate photorealistic human models
with detailed hair and clothing.

Voxel, regarded as a fundamental representation of 3D mesh is widely used to
generate fully detailed 3D clothed human models. Building on voxel, BodyNet[37]
predicted the human body shape with the details of volumetric representation
from a single image in 2018. Gilbert et al.[38] proposed a method to transform
the coarse human model into a more detailed 3D human representation. Then,
Deephuman[39] was purposed to refine the voxelized SMPL model to clothed
model by transerring the image features into the voxel space. However, voxel
usually has limitation for taking up too much memory when restoring high ge-
ometry.

To acquire more accurate model with less memory-consuming, implicit func-
tion has been purposed for its strength in modeling details. It can generate
high-resolution 3D human mesh even for some loose-fitting clothing model and
distinctive poses. PIFu[1] as the pioneering and representative work aligns image
pixels with 3D global shape and texture of the realistic input. It utilizes implicit
function to detect whether the points in 3D space corresponding to the pixels in
the 2D image are on the surface of human body. As a result, it allows for more de-
tailed effects, including hair, loose clothing and exaggerated poses. Subsequently,
many methods for improving performance based on PIFu have also been pro-
posed, such as PIFuHD[40], Geo-PIFu[41], StereoPIFu[42] and PaMIR[43]. And
there are also many related works combined with other methods purposed to
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achieve better results. For example, ARCH[44], ARCH++[45] and CAR[46] use
SMPL to unpose the pixel-aligned query points from a posed space to a canon-
ical space. ICON[2] and ECON[47] regress shapes from 2D normal maps and
depth maps.

Figure 2 presents main methods for clothed human reconstruction in chrono-
logical order.
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