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Abstract

The misaligned human texture across different human parts
is one of the main limitations of existing 3D human recon-
struction methods. Each human part, such as a jacket or
pants, should maintain a distinct texture without blending
into others. The structural coherence of human parts serves
as a crucial cue to infer human textures in the invisible re-
gions of a single image. However, most existing 3D human
reconstruction methods do not explicitly exploit such part
segmentation priors, leading to misaligned textures in their
reconstructions. In this regard, we present PARTE, which
utilizes 3D human part information as a key guide to recon-
struct 3D human textures. Our framework comprises two
core components. First, to infer 3D human part informa-
tion from a single image, we propose a 3D part segmen-
tation module (PartSegmenter) that initially reconstructs a
textureless human surface and predicts human part labels
based on the textureless surface. Second, to incorporate
part information into texture reconstruction, we introduce
a part-guided texturing module (PartTexturer), which ac-
quires prior knowledge from a pre-trained image genera-
tion network on texture alignment of human parts. Exten-
sive experiments demonstrate that our framework achieves
state-of-the-art quality in 3D human reconstruction.

1. Introduction

3D human reconstruction aims to recover both the geometry
and texture of a human from a single image. This task is es-
sential for various applications, such as filmmaking, game
development, and AR/VR. The key challenge in 3D human
reconstruction is inferring human textures for invisible re-
gions by extracting appearance cues, such as cloth coverage
and hair color, from the limited front-view image.
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Figure 1. Overview of PARTE. Our framework reconstructs a
realistic 3D textured human from a single image by effectively
improving part alignment with 3D human part information.

Despite remarkable advances in 3D reconstruction of hu-
man geometry [20, 48, 62, 73, 74], reconstructing high-
fidelity textures has been relatively unexplored. Most ex-
isting methods [6, 10, 22, 24, 31, 61, 77, 84, 88] train their
networks on 3D human scan datasets [8, 23, 47, 58, 79] to
directly predict the colors corresponding to 3D points on the
human surface. More recently, several works [2, 30, 37, 80,
82, 85] have leveraged a pre-trained diffusion model [60]
that contains rich image prior knowledge to reconstruct real-
istic human textures. However, a critical challenge remains
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in human texture reconstruction: part misalignment. Exist-
ing methods often fail to reconstruct textures that accurately
correspond to each human part. They primarily rely on the
global context of the image rather than explicitly identify-
ing local semantics, which makes it difficult to capture part-
specific information from the input image. Furthermore, ex-
isting methods often ignore the structural information of the
human, resulting in incorrect textures that do not match the
underlying structure. As shown in Fig. 1 (b), these failure
cases highlight the requirement for part alignment to en-
hance the overall texture reconstruction quality.

To address the part misalignment, we propose PARTE,
PARt-guided TExturing for 3D human reconstruction. This
framework estimates 3D part segmentations of the human
surface (e.g., upper-cloth and footwear) and utilizes them as
main guidance for reconstructing human textures, as shown
in Fig. 2. The part segmentations effectively guide subse-
quent texturing by specifying distinct human part regions,
resulting in well-aligned human textures corresponding to
the human parts. Our framework consists of two compo-
nents: 1) PartSegmenter and 2) PartTexturer. PartSeg-
menter is a module that predicts 3D human part segmenta-
tions from an input image. The key challenge of this mod-
ule lies in predicting part labels for regions not visible in the
front-view. To address this, PartSegmenter initially recon-
structs the textureless 3D human surface and infers the part
segmentation based on the textureless surface. The texture-
less human surface contains structural cues, such as depth
variations and human part boundaries, which cannot be cap-
tured in the front-view, aiding inference of part labels for in-
visible regions. By incorporating such geometric cues with
the visual feature of the image, PartSegmenter effectively
resolves ambiguity in invisible regions, enabling accurate
and consistent 3D part segmentation.

PartTexturer is a module that reconstructs human tex-
tures based on our estimated 3D part segmentations as key
guidance. The key challenge of this module is to infer a
realistic human texture that satisfies two constraints: align-
ment with the segmented human parts and visual consis-
tency with the input image. To this end, we devise a spe-
cialized diffusion network, which incorporates both the part
segmentations and the visual features extracted from the in-
put image. From the part segmentations, the model receives
structural guidance, ensuring that textures are assigned ac-
curately to distinct part regions with clear boundaries. From
the input image, it captures detailed visual features of each
human part, providing exact texture guidance for each re-
spective part. By leveraging the diffusion network’s effec-
tiveness in part-aware texturing, our framework accurately
reconstructs human textures corresponding to the part seg-
mentations, thus improving the overall quality and consis-
tency of the reconstructed human textures.

As a result, our proposed PARTE significantly improves

the visual fidelity of reconstructed 3D humans, addressing
part misalignment issues, compared to existing state-of-the-
art 3D human reconstruction methods. Our contributions
can be summarized as follows.
• We propose PARTE, a 3D human reconstruction frame-

work that recovers realistic human textures with precise
alignment to each human part.

• To acquire precise 3D part segmentation, we present a
part segmentation module, PartSegmenter, which inte-
grates information from both visible and invisible regions
of the input image.

• To accurately reconstruct human textures that align with
human parts, we propose a part-guided texturing module,
PartTexturer, which effectively combines part segmenta-
tions and visual features from the input image.

2. Related Works
3D human reconstruction. 3D human reconstruction
methods [3, 38, 71] can be categorized into regression-
and optimization-based approaches. The regression-based
methods [5, 13, 22, 24, 31, 42, 49–51, 53, 61, 62, 67, 88]
directly estimate geometry (i.e., distance fields) and texture
(i.e., RGB color) from an input image, by training neural
networks on 3D human scan datasets. PIFu [61] is pro-
posed to spatially align image features with the input im-
age to learn geometry and texture effectively. SiTH [24]
adopts a two-stage approach, first predicting a back-view
image, then reconstructing a 3D human using both the front-
and back-view images. However, such approaches are fun-
damentally limited by the scarcity of 3D training data, as
acquiring high-quality 3D human scans requires special-
ized studios or a process of capturing multi-view images.
To address this limitation, more recent methods [18, 24,
30, 63, 68, 80, 85] have adopted an optimization-based
approach that takes advantage of the prior knowledge of
pre-trained diffusion models [60] on large-scale 2D image
datasets [16, 44, 45]. Since large-scale 2D images are rela-
tively easy to collect, the optimization-based approach has
demonstrated realistic 3D reconstructions [11, 32, 54, 70].
TeCH [30] utilizes a text-to-image diffusion model for re-
construction, ensuring the appearance of the reconstructed
3D human matches the text information of the image.
SIFU [85] adopts a coarse-to-fine manner, first reconstruct-
ing human texture through a regression-based method and
refining it via an optimization-based method.

Recently, several works [20, 75, 82] have utilized human
part priors in their 3D human reconstruction pipelines. Tex-
former [75] and 2K2K [20] use 2D part segmentations from
the input image without explicitly considering the overall
structure of 3D human parts. HumanRef [82] uses hand-
crafted 3D bounding boxes of human parts in the recon-
struction, but the bounding boxes do not reflect the actual
human parts in the image. Unlike these methods, our pro-

8548



Input image

PartSegmenter PartTexturer

Part

Diffusion

Input image (𝐈)

Textureless 
human surface (𝐌geo)

Part-segmented 
human surface (𝐌part)

Normal map (𝐍) Part segments (𝐒)

3D part 

segmentation

Textured

human surface

G
e
o

m
e

tr
y

re
c

o
n

s
tr

u
c

ti
o

n

LSDS

Render in 2D space

Input image (𝐈) Part segments (𝐒) Rendered image (𝐱)

Part-segmented 
human surface (𝐌part)

Render in 2D space

Text prompts  

( 𝑃𝑖 𝑖=1
𝑛 )

FOOTWEAR

“woman face, black ponytail hair”

“brown trenchcoat”

“black casual pants”

“gray socks”Text

captioning

OTHERS “human skin”

Textured 

human surface (𝐌tex)

3D human 

texturing

UPPER

LOWER FACE&HAIR

Segment

Net

Figure 2. Overall pipeline of PARTE. Our framework initially reconstructs a textureless human surface from a single image and textures it
based on two core modules. PartSegmenter predicts 3D human parts of the textureless human surface by incorporating information from
the input image and normal maps of the textureless human surface. Based on the 3D human part segmentations, PartTexturer reconstructs
the human textures using PartDiffusion network that infers plausible human appearance corresponding to the human parts.

posed PARTE explicitly infers dense 3D part labels in 3D
space, providing two key advantages. First, since our frame-
work estimates part segmentations in 3D space, the 3D part
segmentations can provide accurate part guidance from any
viewpoint instead of relying solely on front-view informa-
tion. Second, our estimated 3D part segmentations reflect
the actual appearance of the input image, ensuring a correct
texture assignment to each human part. With these advan-
tages, our PARTE effectively reconstructs human textures
with precise alignment across human parts.
3D human generation. Alongside image-based 3D human
reconstruction methods, 3D human generation [1, 4, 9, 12,
15, 17, 19, 25–29, 33, 35–37, 43, 48, 72, 76] using different
modalities (e.g., text prompt) has also been actively studied.
AG3D [15] trains a 3D human generation network with ad-
versarial loss to learn realistic human appearances. Avatar-
CLIP [25] proposes to generate 3D humans whose rendered
images are conditioned to align with text descriptions using
a pre-trained vision-language model [57]. Unlike 3D hu-
man generation, image-based 3D human reconstruction has
the additional challenge of preserving the appearance of the
input image, such as its human part structure. To address
this challenge, we propose part-guided texturing that effec-
tively reconstructs human textures while preserving human
appearance in the image.
Region-aware image generation. Region-aware image
generation [7, 14, 21, 40, 41, 46, 52, 64, 65, 69, 78, 81,
87, 89] aims to synthesize images where each region is gen-
erated in alignment with its intended semantics, enabling
more structured and controllable image generation. Lay-
outDiffusion [87] modulates the diffusion network to gen-
erate images that conform to text prompts and 2D bounding

boxes. InstanceDiffusion [69] improves region-aware con-
trol by conditioning generation on region-specific prompts
within corresponding regions. In 3D human reconstruction,
the human body naturally consists of distinct regions, hu-
man parts, each with its own structural and visual signifi-
cance. Building on the strong generative power of region-
aware image generation, we introduce part-guided textur-
ing, which infers human textures explicitly guided by hu-
man part information.

3. PartSegmenter

PartSegmenter estimates the 3D part-segmented human
surface Mpart from an input image, where each vertex on
the surface is assigned a semantic label of n = 5 human
parts: face & hair, upper-clothes, lower-clothes, footwear,
and others. The acquired 3D part-segmented surface serves
as input for the next module, PartTexturer (Sec. 4), which
reconstructs human textures.

3.1. Geometry reconstruction

Given an input image, we first reconstruct the high-fidelity
geometry Mgeo of a 3D human surface before predicting the
3D part-segmented human surface Mpart. For our geometry
reconstruction, we employ an off-the-shelf reconstruction
method, TeCH [30] that has shown superior performance in
real-world scenarios. Note that our framework is compati-
ble with various 3D human geometry reconstruction meth-
ods. A detailed explanation of the geometry reconstruction
process is provided in the supplementary material.

8549



`

(b) SegmentNet architecture

(a) Overview of PartSegmenter

Part segments
(front view)

Input image
(front view)

Normal map
(rendered view)

Segment
Net

Normal maps 

Vote

Em
bedding

Render

Transform
er

Transform
er

Image 
segmentation

Part segments
(rendered view)

𝐿

Em
bedding

Transform
er

Transform
er

Transform
er

Transform
er

…

Pre-trained segmentation network

Self-attention

Self-attention

Part segments

Figure 3. Detailed process of PartSegmenter. (a) From a tex-
tureless human surface, PartSegmenter performs normal rendering
and acquires part segments via SegmentNet. The part segments are
used to vote for 3D human part labels on the human surface. (b)
SegmentNet incorporates features from the normal map and the
front-view image for accurate part segmentation.

3.2. 3D part segmentation
Fig. 3 (a) illustrates the process of estimating the 3D seg-
mented human surface Mpart from the initially reconstructed
textureless human surface Mgeo. From the textureless hu-
man surface, we render a normal map Nk, where k is a cam-
era viewpoint sampled uniformly from a spherical distribu-
tion. With the normal map, SegmentNet predicts its 2D part
segments Sk, assigning one of n part labels to each region.
We collect 2D part segments from 30 uniformly distributed
viewpoints and aggregate them via voting to construct the
part-segmented human surface Mpart.

This strategy of aggregating 2D segmentation in 3D
space, rather than directly predicting part labels in 3D,
enhances generalization. A naive approach to 3D part
segmentation is to predict part segments directly in 3D
space [55, 56, 66, 86] by training a prediction network on
3D human datasets. However, these 3D datasets require re-
stricted environments, such as capture studios, which limit
their diversity and fail to capture real-world scenarios. Con-
sequently, designing a pipeline to directly predict 3D part
labels results in poor generalization. In contrast, 2D human
datasets [16, 44, 45] are relatively abundant, enabling more

generalizable 2D human part segmentation. To leverage this
advantage, we adopt a strategy that first performs segmen-
tation in a 2D space and then aggregates the results in 3D
space, achieving accurate 3D part segmentation.

3.3. SegmentNet

Fig. 3 (b) illustrates the detailed architecture of Segment-
Net. SegmentNet comprises two processing branches that
interact through self-attention mechanisms: one for the nor-
mal map (rendered view) and one for the input image (front-
view). The first branch primarily captures geometric infor-
mation, such as cloth boundaries, from the normal map.
The second branch extracts semantic cues, such as cloth
length and style, from the part segments obtained by apply-
ing the off-the-shelf image segmentation method (i.e., Sapi-
ens [34]) to the input image. These branches are processed
through L = 10 Transformer layers, where self-attention
layers are applied after each Transformer to aggregate fea-
tures between the two branches. Then, the first branch orig-
inating from the normal map is processed through the re-
maining Transformer layers to predict the part segments.
All Transformer weights are initialized from the pre-trained
Sapiens network [34] and are kept frozen during the train-
ing of SegmentNet. The training details are provided in the
supplementary material.

With this design, SegmentNet effectively incorporates
features of two branches, resulting in accurate segmenta-
tion results. The normal map (first branch) provides struc-
tural details (e.g., human part boundaries) on the rendering
viewpoint that include invisible regions from the input im-
age. However, the normal map can be blurry or noisy due to
geometric errors in the textureless human surface. Thus, re-
lying solely on the normal map can provide wrong segmen-
tations. To improve the robustness of segmentation, Seg-
mentNet integrates features from visible regions, extracted
from the front-view part segments (second branch), which
provide semantic cues about human appearance (e.g., cloth
style). By incorporating the semantic information from the
visible region with geometric information from the invisi-
ble region, SegmentNet ensures consistent part segmenta-
tion even with an imperfect normal map. As a result, Seg-
mentNet predicts 3D-consistent and reliable human part la-
bels, enabling PartSegmenter to produce an accurate 3D
part-segmented human surface.

4. PartTexturer

PartTexturer reconstructs human textures on the texture-
less human surface Mgeo, producing the fully textured 3D
human surface Mtex. Based on the part-segmented human
surface Mpart, we distinctly guide each human part’s texture
using our proposed diffusion model, PartDiffusion.
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4.1. Text captioning
Before texturing, our framework acquires text prompts
that provide descriptive information about the input image.
Each prompt describes attributes, such as hairstyle and cloth
color, of n = 5 human parts. These text prompts serve as
guidance signals for the semantic information of human ap-
pearance during the reconstruction of part-specific textures.
In our framework, we use an off-the-shelf text captioning
method, BLIP [39].

4.2. 3D human texturing
To reconstruct the human texture on the textureless human
surface Mgeo, we optimize an MLP network ϕ that predicts
RGB colors from 3D points on the human surface. The
overall loss function of the optimization is as follows:

L = Lrecon + LSDS, (1)

where Lrecon is the reconstruction loss, which is computed
as the L2 distance between the input image and the rendered
image of the human surface from the front-view. LSDS is a
score distillation sampling (SDS) loss function [54], which
leverages a pre-trained diffusion network to infer invisible
human textures from non-frontal views. Specifically, at a
randomly selected camera viewpoint k, we render an image
xk from human surface colors predicted by the MLP net-
work ϕ. Based on the rendered image xk, the SDS loss is
calculated as

∇ϕLSDS = E[wt(ϵ̂t(x
k
t ;S

k, I, {Pi}ni=1)− ϵt)
∂xk

t

∂ϕ
], (2)

where t denotes the noise level, xk
t represents the rendered

human surface perturbed by the noise ϵt, and wt is a weight-
ing factor dependent on the noise level t. Sk denotes the part
segments obtained by rendering the part-segmented human
surface Mpart, I is the input image, and {Pi}ni=1 are text
prompts obtained from text captioning. This loss function
minimizes the distance between the predicted noise ϵ̂t(·)
and its counterpart noise ϵt. Minimizing the distance en-
forces the rendered human surface xk to match the distri-
bution of human appearances learned by the diffusion net-
work. In this loss function, a key requirement is for the dif-
fusion network to predict accurate noise while maintaining
alignment with the conditioning inputs: Sk, I, and {Pi}ni=1.
To this end, we propose PartDiffusion, whose detailed ex-
planation is provided in the following section (Sec. 4.3).

4.3. PartDiffusion
Fig. 4 (a) illustrates an overview of PartDiffusion. PartD-
iffusion takes three conditioning inputs, part segments Sk,
input image I, and text prompts {Pi}ni=1 and predicts the
noise corresponding to the noisy image xk

t , where k is a
rendering viewpoint. To integrate these conditions into the
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Figure 4. Detailed process of PartTexturer. (a) To infer texture
for a specific rendering view, PartDiffusion integrates three key
sources of information: the front-view image, text prompts, and
part segments of the rendering view. (b) For effective integration,
we adopt self-attention on the separately encoded features.

visual features of a pre-trained diffusion network, we ag-
gregate their features via a fusion layer. All weights of the
diffusion network are initialized from StableDiffusion [59]
and remain frozen while training PartDiffusion. The train-
ing details are provided in the supplementary material.

Fig. 4 (b) shows the detailed process of the fusion layer,
which aggregates the three conditioning inputs: part seg-
ments (rendered view), input image (front view), and text
prompts. The part segments are encoded into a part fea-
ture Fpart that captures the human part structural informa-
tion at the rendered viewpoint. The input image is processed
through the off-the-shelf image segmentation method, Sapi-
ens [34], to extract its part segments (front-view). Each part
region in the part segments is element-wise multiplied with
the input image, creating n = 5 image patches, each con-
taining the appearance of its corresponding part. The im-
age patches and text prompts are encoded and incorporated
separately through a self-attention layer to produce a front
feature Ffront. This front feature captures the semantic in-
formation of each human part in the input image, such as
the color and style of the cloth. The extracted part feature
Fpart and front feature Ffront are aggregated with a visual
feature z from the diffusion layer, through a self-attention
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layer. The aggregated features are then added to the output
of the diffusion layer. With this architectural design, Part-
Diffusion effectively integrates the structural information
from the part segments in the rendered view and the seman-
tic information from the front-view. As a result, our pro-
posed PartDiffusion accurately infers human textures that
are structurally aligned with human parts and visually con-
sistent with the input image, thereby enabling PartTexturer
to produce high-quality textured human surface Mtex.

5. Experiments

5.1. Datasets
THuman2.1. THuman2.1 [79] consists of high-quality 3D
scans of 2,445 humans. To obtain ground truth (GT) part
segmentations for the scans, we apply Sapiens [34] to 360
rendered images from uniformly distributed viewpoints and
aggregate the results in 3D space. For our experiments, we
uniformly sample 80 scans for evaluation, while the remain-
ing scans are used as training data to train SegmentNet in
PartSegmenter and PartDiffusion in PartTexturer.
HuMMan. HuMMan [8] is a large-scale dataset contain-
ing diverse human poses with 3D scans. To obtain GT part
segmentations, we apply Sapiens [34] to 360 rendered im-
ages from uniformly distributed viewpoints and aggregate
the results in 3D space. For our experiments, we uniformly
sample 128 scans from the official test set. This dataset is
used only for evaluation purposes.
SHHQ. SHHQ [16] contains a large number of in-the-wild
images showcasing diverse cloth styles and human appear-
ances. Since SHHQ does not have GT 3D human data, it is
used only for qualitative evaluation.

5.2. Evaluation Metrics.
3D geometry reconstruction. To evaluate the geometry of
reconstructed 3D human surfaces, we measure P2S (Point-
to-Surface) and CD (Chamfer distance), between the recon-
structed and GT human surfaces. These metrics are mea-
sured in centimeters.
3D texture reconstruction. To evaluate the texture of re-
constructed 3D human surfaces, we employ PSNR (Peak
Signal-to-Noise Ratio), LPIPS [83], and Part IoU as evalua-
tion metrics. To compute these metrics, we first render both
the reconstructed and GT human surfaces from pre-defined
viewpoints at 0◦, 90◦, 180◦, and 270◦, where 0◦ represents
the front-view. We then compute PSNR, LPIPS, and Part
IoU, between the rendered images. PSNR and LPIPS quan-
tify the visual fidelity and perceptual similarity of the recon-
structed human textures. Part IoU evaluates the part align-
ment of the reconstructed human textures in 2D space. It is
computed as the average IoU of part segments of the ren-
dered images, where each segment is obtained by applying
Sapiens [34] to the rendered images.

3D part segmentation. To evaluate 3D part segmentation,
we introduce two metrics: Part CD and Label AccGT. Part
CD evaluates the part alignment of the reconstructed tex-
tures in 3D space. It is computed as the average Chamfer
distance across all 3D human parts between the predicted
part-segmented human surfaces and their GT counterparts.
We measure Part CD in centimeters. Label AccGT evaluates
the accuracy of part segmentation on GT textureless human
surface, by eliminating the effect of geometric error. To
compute this, we run PartSegmenter on GT textureless hu-
man surfaces and compute the proportion of correctly clas-
sified part labels on the surface. Note that Label Acc cannot
be calculated based on reconstructed surfaces, as the recon-
structed surfaces have different topologies from the GTs.
2D image generation. To verify the learned image priors
of the diffusion network used in PartTexturer, we evaluate
generated images by the diffusion network, using PSNR and
Part IoU. For evaluation, we obtain 2D part segments by
rendering GT human surfaces at pre-defined viewpoints 0◦,
90◦, 180◦, and 270◦, where 0◦ represents the front-view.
Subsequently, we generate 10 human images corresponding
to each 2D part segment. We compute PSNR and Part IoU
between the generated images and their GT counterparts,
which are the rendered images from the GT human surfaces.
PSNR evaluates whether the generated images preserve the
front-view image’s appearance across various viewpoints.
Part IoU evaluates whether the generated images align with
the conditioned 2D part segments.

5.3. Ablation study

We carry out all ablation studies on THuman2.1 [79] evalu-
ation set. The geometry reconstruction results are the same
across all ablation studies, with P2S and CD being 2.984
and 3.008, respectively.
Effectiveness of PartSegmenter. Fig. 5 (a) and Tab. 1
demonstrate the effectiveness of PartSegmenter in both 3D
part segmentation and texture reconstruction. As shown in
the first block of Tab. 1, part segmentation information is
highly beneficial for texture reconstruction. Without part
segmentation, where the entire human silhouette is treated
as a single part segment, the PartSegmenter fails to distin-
guish different human parts, leading to texture misalign-
ment. On the other hand, our framework leverages part
segmentation as core guidance for texture reconstruction,
resulting in accurate textures that are correctly aligned with
their corresponding human parts. Furthermore, our Part-
Segmenter achieves more accurate 3D part segmentation
compared to the existing 3D human segmentation method,
Human3D [66]. For a fair comparison, we fine-tuned Hu-
man3D on the same training dataset used for PartSegmenter.
Human3D takes a human point cloud as input without uti-
lizing image information. However, using only geometric
information results in imprecise segmentation, as it intro-
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duces ambiguity in capturing semantic cues, such as cloth
style. On the other hand, our PartSegmenter utilizes front-
view image information along with geometric information
(i.e., normal map), effectively capturing semantic cues from
the image to support accurate segmentation. Thus, PartSeg-
menter achieves superior performance in part segmentation,
which contributes to accurate human texture reconstruction.
The second block of Tab. 1 shows that incorporating part
segments from the front-view image leads to more accu-
rate part segmentation by SegmentNet. The normal map,
which serves as the input to SegmentNet, is often noisy.
To compensate for missing or inaccurate information in the
noisy input, our SegmentNet utilizes part segments from the
front-view image, which provide additional structural cues.
Accordingly, SegmentNet achieves high part segmentation
accuracy and leads to accurate texture reconstruction.
Effectiveness of PartTexturer. Fig. 5 (b) and Tab. 2
demonstrate the effectiveness of PartTexturer in texture re-
construction. As shown in the first block of Tab. 2, our pro-
posed PartDiffusion in PartTexturer is much more effective
in both 2D image generation and 3D human texturing than
other diffusion networks. StableDiffusion [59] does not use
part segmentation and relies solely on text prompts as its
conditioning input. Without the guidance of part segmen-
tation, it fails to infer the correct textures corresponding to
human parts, leading to misaligned texture reconstruction.
InstanceDiffusion [69], while taking human segments as in-
put, does not incorporate the information from the front-
view image. Accordingly, it often reconstructs human tex-
tures inconsistent with the front-view image’s appearance.

3D part segmentation 3D texture reconstruction

Methods Part CD↓ Label Acc↑GT PSNR↑ LPIPS↓ Part IoU↑

∗ Effectiveness of PartSegmenter

w/o part segmentation - - 20.992 0.115 0.461

Human3D † [66] 5.231 0.881 21.043 0.113 0.574

PartSegmenter (Ours) 4.369 0.947 22.175 0.096 0.641

∗ Variations of SegmentNet design

w/o front-view image 5.087 0.941 21.654 0.105 0.635

SegmentNet (Ours) 4.369 0.947 22.175 0.096 0.641

Table 1. Ablation studies for PartSegmenter. † indicates that the
method is fine-tuned on our training datasets for fair comparison.

2D image generation 3D texture reconstruction

Methods PSNR↑ Part IoU↑ PSNR↑ LPIPS↓ Part IoU↑

∗ Effectiveness of PartDiffusion

StableDiffusion [59] 10.719 0.138 19.276 0.166 0.472

InstanceDiffusion [69] 16.125 0.563 20.860 0.115 0.527

PartDiffusion (Ours) 20.109 0.854 22.175 0.096 0.641

∗ Variations of PartDiffusion design

w/o front-view image 19.203 0.845 21.005 0.110 0.580

w/o text prompts 19.422 0.803 20.859 0.114 0.588

PartDiffusion (Ours) 20.109 0.854 22.175 0.096 0.641

Table 2. Ablation studies for PartTexturer.

On the other hand, our proposed PartDiffusion explicitly
conditions the texturing process with both part segmenta-
tion and front-view image, ensuring alignment across the
human parts in both 2D image generation and 3D texture
reconstruction. The second block of Tab. 2 shows that uti-
lizing both the front-view image and text prompts leads to
visually plausible 2D image generation and accurate tex-
ture reconstruction. The front-view image provides fine-
grained human appearance details, ensuring that the recon-
structed textures closely match the appearance of the input
image. The text prompts provide semantic information for
each part, such as cloth color and style, and contribute to
inferring human textures, especially in invisible human re-
gions. Therefore, by benefiting from PartDiffusion, which
effectively aggregates information from the front-view im-
age and text prompts, PartTexturer achieves high-quality
and coherent 3D human textures.

5.4. Comparison with state-of-the-art methods
Fig. 6 and Tab. 3 show that our PARTE achieves su-
perior texture reconstruction than both regression-based
and optimization-based reconstruction methods. The
regression-based methods train a network to infer 3D tex-
tures from a single image but struggle to capture the struc-
ture of human parts, as they learn global context with-
out explicit local guidance on 3D human parts. Accord-
ingly, their reconstructed textures often exhibit part mis-
alignment, causing textures to bleed across human parts.
The optimization-based methods, which leverage diffusion
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Input image SiTH PARTE (Ours)HumanRef TeCH

Figure 6. Qualitative comparison with existing 3D human reconstruction methods: SiTH [24], HumanRef [82], and TeCH [30].

THuman2.1 HuMMan

3D geometry reconstruction 3D texture reconstruction 3D geometry reconstruction 3D texture reconstruction

Methods P2S↓ CD↓ PSNR↑ LPIPS↓ Part IoU↑ P2S↓ CD↓ PSNR↑ LPIPS↓ Part IoU↑

∗ Regression-based methods

PIFu [61] 3.623 3.685 19.382 0.164 0.109 3.512 3.516 19.355 0.167 0.156

2K2K [20] 3.552 3.109 20.373 0.131 0.515 3.346 3.367 20.662 0.110 0.491

SiTH [24] 3.047 3.440 20.692 0.120 0.535 2.872 3.641 20.396 0.124 0.457

∗ Optimization-based methods

HumanRef [82] 3.185 3.199 21.302 0.113 0.576 3.312 3.591 20.974 0.101 0.442

SIFU [85] 3.042 3.021 21.491 0.108 0.471 2.808 3.027 21.578 0.098 0.437

TeCH [30] 2.984 3.008 21.089 0.108 0.588 2.718 2.667 21.642 0.097 0.437

PARTE(Ours) 2.984 3.008 22.175 0.096 0.641 2.718 2.667 22.076 0.083 0.589

Table 3. Quantitative comparisons with existing 3D human reconstruction methods.

networks for high-quality texture reconstruction, also suffer
from part misalignment. Their diffusion networks heavily
rely on text prompts, which describe the overall appearance
of the image without distinguishing between different hu-
man parts. Such reliance on text prompts can lead to un-
intended texturing, as the information from the text prompt
is mapped onto incorrect human parts. Unlike these meth-
ods, our framework explicitly incorporates part segmenta-
tion from the input image, ensuring that textures are accu-
rately assigned to their corresponding human parts, enhanc-
ing the part alignment. Additionally, our framework decom-
poses the texture reconstruction problem into two special-
ized tasks: part segmentation and part texturing, resulting in
high-quality part segmentation and texturing results. With-
out explicit part information, the framework is required to
infer both the part structure and the overall human texture,
making the reconstruction problem significantly more chal-

lenging. In this regard, our framework divides the com-
plex reconstruction process into two stages, PartSegmenter
and PartTexturer, each dedicated to the human part struc-
ture and human part texture, respectively. By specializing
both stages, our framework enhances the performance of
both part segmentation and texture reconstruction, leading
to highly detailed and realistic 3D human reconstructions.

6. Conclusion
We present PARTE, a framework that reconstructs a high-
quality 3D human from a single image by explicitly utiliz-
ing 3D human part information for reconstructing human
texture. Our framework effectively mitigates texture mis-
alignment across human parts by leveraging our proposed
PartSegmenter for 3D part segmentation and PartTexturer
for part-guided texturing. As a result, PARTE achieves
state-of-the-art performance in 3D human reconstruction.
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