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Abstract. Parametric 3D human models such as SMPL have driven sig-
nificant advances in human pose and shape estimation, yet their simpli-
fied kinematics limit biomechanical realism. The recently proposed SKEL
model addresses this limitation by re-rigging SMPL with an anatomi-
cally accurate skeleton. However, estimating SKEL parameters directly
remains challenging due to limited training data, perspective ambigui-
ties, and the inherent complexity of human articulation. In this work,
we propose SKEL-CF, a new framework for estimating SKEL param-
eters. SKEL-CF adopts a standard transformer-based encoder–decoder
architecture. The encoder first produces coarse predictions of the cam-
era extrinsics and SKEL parameters. The decoder then iteratively refines
these predictions across multiple layers, with explicit and auxiliary super-
vision applied at each layer. To provide anatomically consistent training
data, we convert the existing SMPL-based dataset into a SKEL-aligned
version, called HMR-SKEL. This new dataset offers high-quality super-
vision for SKEL estimation. In addition, to reduce depth and scale am-
biguity, we explicitly incorporate camera intrinsic estimation into the
SKEL-CF pipeline and show that it is important for accurate recon-
struction. Extensive experiments validate the effectiveness of the pro-
posed design. On the challenging MOYO dataset, SKEL-CF achieves
85.0 MPJPE / 51.4 PA-MPJPE, significantly outperforming the pre-
vious SKEL-based state-of-the-art HSMR (104.5 / 79.6). These results
establish SKEL-CF as a promising framework for human motion anal-
ysis, facilitating the use of computer vision techniques in biomechanics-
related analysis. Our implementation is available on the project page:
https://pokerman8.github.io/SKEL-CF/.

1 Introduction

In recent years, 3D human pose and shape estimation has made remarkable
progress, enabling a wide range of downstream applications [5,8,19,32,37]. How-
ever, adoption in biomechanics, a domain where such techniques could be par-
ticularly impactful, remains limited. This gap arises because existing parametric
models, such as SMPL [23], SMPL-X [28], and GHUM [40], fall short of the
stringent biomechanical requirements. Their simplified kinematics and loosely
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Fig. 1: Visualization of SKEL-CF on web images. Compared with SMPL-based
state-of-the-art CameraHMR [27], our SKEL-based model produces more natural joint
motions (see the side-view zoomed knee in blue). Compared with HSMR [39], the state-
of-the-art SKEL-based method, SKEL-CF achieves more accurate skeleton and mesh
reconstruction (see zoomed hand in orange).

constrained axis–angle representations often compromise biomechanical realism,
especially in complex articulations such as deep squats or yoga poses [39]. In
these scenarios, the estimated parameters must correspond to anatomically ac-
curate skeletons, respect joint limits, and ensure physically plausible motion with
high precision. As illustrated in Fig. 1 (a), even the state-of-the-art SMPL-based
method CameraHMR [27] can produce anatomically implausible results, such as
unnatural knee bending.

To address these limitations, the recently proposed SKEL [14] model redefines
the foundation of human representation by re-rigging SMPL with an anatomi-
cally accurate skeleton and realistic joint constraints. This makes it a promising
step toward bridging computer vision and biomechanics, offering a representa-
tion that is both visually coherent and biomechanically faithful. HSMR [39] is
the first transformer-based method to reconstruct a human body in the SKEL
space from a single image. It converts the predicted SMPL ground truth from ex-
isting datasets into SKEL pseudo ground truth for supervised training. However,
estimating SKEL from a single image remains challenging because it requires re-
covering a more constrained 3D structure than SMPL under the inherent depth
ambiguity of monocular input. Consequently, the predictions often lack accu-
racy (see Fig. 1 (b)), and empirical metrics such as MPJPE remain inferior to
SMPL-based models.

In this work, we advance SKEL-based human mesh recovery by propos-
ing SKEL-CF, a new framework for estimating SKEL parameters. Similar to
HSMR [39], SKEL-CF follows a standard transformer-based encoder–decoder
architecture. However, unlike HSMR, which applies supervision only at the fi-
nal layer, we adopt a coarse-to-fine estimation strategy, which is inspired by
DETR [3, 42]: the encoder predicts initial coarse camera extrinsics and SKEL
parameters. The decoder then predicts the residual to refine the prediction.
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Moreover, by iteratively refining the predictions layer by layer in the decoder,
with supervision applied at each decoder layer, we empirically observe further im-
provement. To handle diverse camera viewpoints, we incorporate camera intrinsic
estimation following CameraHMR [27]. This improves robustness across different
perspectives and reduces depth and scale ambiguity. Finally, leveraging the high-
quality SMPL estimations from CameraHMR [27], we generate large-scale and
high-fidelity SKEL annotations to construct HMR-SKEL dataset. This dataset
provides reliable supervision and enables more effective training for SKEL esti-
mation. We position SKEL-CF as a SKEL-specific recovery pipeline that jointly
addresses annotation quality, perspective ambiguity, and constrained biomechan-
ical parameter regression.

Empirically, SKEL-CF achieves substantial improvements across multiple
benchmarks. On the challenging MOYO dataset [33], it achieves 85.0 MPJPE
and 51.4 PA-MPJPE, significantly outperforming the previous SKEL-based state-
of-the-art HSMR [39], which reports 104.5 and 79.6, respectively. To further
evaluate performance on challenging motions, we construct MOYO-HARD by
removing the first and last 25% of frames from each sequence, where subjects
are typically in static poses. On this subset, SKEL-CF achieves 90.0 MPJPE
and 61.5 PA-MPJPE, compared with 120.0 and 97.7 for HSMR. In addition,
SKEL-CF achieves comparable or better performance than leading SMPL-based
methods such as CameraHMR [27] on 3DPW [35], EMDB [13], and MOYO [33],
while producing more biomechanically realistic and visually consistent human
meshes (Fig 1(c)). We also perform extensive ablation studies to validate the
effectiveness of each component in SKEL-CF.

To conclude, our key contributions are summarized as follows:

– We present SKEL-CF as an integrated SKEL-based recovery framework that
combines high-quality SKEL supervision, perspective-aware camera condi-
tioning, and coarse-to-fine SKEL regression for faithful mesh and skeleton
recovery.

– We introduce HMR-SKEL, a large-scale, high-quality dataset with anatomi-
cally consistent SKEL annotations converted from CameraHMR-refined SMPL
annotations [27]. This dataset provides reliable supervision and unified skeleton–
mesh alignment, enabling stronger SKEL-based model training.

– Our ablation studies demonstrate that camera intrinsic estimation reduces
perspective and scale ambiguity, coarse-to-fine estimation (encoder predic-
tion followed by decoder refinement) improves performance, and iterative
refinement with layer-wise decoder supervision further enhances robustness,
particularly on challenging articulated motions such as MOYO-HARD.

Our implementation is available on the project page: https://pokerman8.
github.io/SKEL-CF/.

2 Related Work

Parametric human body model. Parametric human body models are widely
used for 3D human shape and pose estimation, as they offer a structured low-
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dimensional representation of human geometry. SMPL [23] represents the human
mesh with fixed topology, using low-dimensional shape and pose parameters with
linear blend skinning and pose-dependent corrective shapes for realistic articu-
lation. SMPL-H [29] augments this framework with articulated hands, while
SMPL-X [28] further integrates the FLAME [20] facial model, yielding a uni-
fied representation of body, hands, and expressive face. While the SMPL family
provides a compact and effective representation of the human body surface,
it employs a simplified kinematic structure that deviates from the anatomical
skeletal system of real humans, allowing anatomically implausible poses (e.g.,
the knee can exhibit unrealistically free rotation, see Fig. 1 (b)). SKEL [14] in-
troduces anatomically accurate joint definitions and a bone hierarchy embedded
within a parametric human body model, overcoming limitations of simplified
kinematic structures in models such as SMPL. By estimating parameters that
are explicitly compatible with biomechanical skeletons, SKEL enforces realistic
joint limits and produces physically plausible motion, leading to more accurate
and reliable pose reconstruction.

Human mesh recovery. The lack of 3D annotations for in-the-wild images
remains a major obstacle in Human mesh recovery. SMPLify [2] mitigates this
by iteratively optimizing SMPL [23] parameters from 2D keypoints, yielding ac-
curate results but at high computational cost. HMR [10] introduces the first
end-to-end framework to predict 3D pose and shape from in-the-wild images
using only 2D supervision, where adversarial learning with mocap data provides
strong pose and shape priors to compensate for the missing 3D information.
4DHuman [6] constructs a large-scale dataset by fitting approximately 3 million
images with ProHMR [17], generating pseudo-ground-truth (p-GT) 3D anno-
tations alongside 2D keypoints, and further upgrades the network architecture
from CNN to Vision Transformer (ViT). However, TokenHMR [4] identifies a
mismatch between 3D and 2D keypoints, where enforcing 2D keypoint align-
ment can degrade 3D evaluation metrics, partly due to the use of fixed camera
intrinsics and p-GT annotations in the 4DHuman [6] dataset. To address this, To-
kenHMR [4] introduces the TALS loss, which down-weights the 2D keypoint loss
when the L2 distance between predicted and ground-truth keypoints falls within
a predefined threshold, thus preventing overfitting to noisy p-GT annotations. In
addition, it leverages a quantized token dictionary, constructed by pre-training
a Vector Quantized-VAE (VQ-VAE) [34] on motion capture datasets [25, 33],
to mitigate 3D pose ambiguity. CameraHMR [27] improves the 4DHuman [6]
dataset through CamSMPLify, which refines body representations using dense
keypoints to overcome the average body limitation. To tackle the fixed-camera
constraint, it introduces HumanFOV [27], transforming weak-perspective pro-
jection into a fully perspective projection.

SMPL-to-SKEL dataset conversion. The first large-scale 3D pseudo-ground-
truth (p-GT) dataset was introduced by 4DHuman [6], which extends to unla-
beled datasets such as InstaVariety [11], AVA [7], and AI Challenger [31] by
generating p-GT annotations. For each image, an off-the-shelf detector [3] and
a body keypoint estimator are applied to obtain bounding boxes and 2D key-
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points. A SMPL [23] mesh is then fitted to these keypoints using ProHMR [17],
producing pseudo-ground-truth SMPL parameters. Despite its scale and util-
ity, the 4DHuman dataset still contains inaccuracies and artifacts. To that end,
CameraHMR [27] refines the dataset using its proposed CamSMPLify method,
alongside additional techniques to enhance annotation quality. While large-scale
datasets of SMPL parameters have been constructed, there remains a need to de-
velop datasets for SKEL [14] parameters. HSMR [39] addresses this by first con-
verting the 4DHuman SMPL parameters to SKEL parameters using SKEL fit-
ting [14]. To mitigate the inaccuracies in 4DHuman annotations, we further apply
SKEL fitting to the refined SMPL annotations provided by CameraHMR [27].

3 Method

In this section, we introduce our approach, SKEL-CF, whose overall pipeline
is illustrated in Fig. 2. SKEL-CF aims to estimate SKEL parameters from a
single image using an encoder–decoder architecture that performs coarse-to-fine
estimation. The encoder produces initial predictions of the camera extrinsics
π0, shape parameters β0, and pose parameters θ0, while the decoder iteratively
refines these predictions across layers. To enhance robustness to camera varia-
tions, we adopt the pretrained camera intrinsic predictor from CameraHMR [27]
to estimate the focal length, keeping its parameters frozen throughout training.
This section is organized as follows. We first introduce the SKEL model and
the HMR-SKEL dataset that we construct to supervise SKEL learning in Sec-
tion 3.1. We then describe the details of SKEL-CF and its implementation in
Section 3.2.

3.1 Preliminaries

SKEL model. The SKEL model [14] is a parametric representation of the hu-
man body that enables the unified reconstruction of both the surface mesh and
the skeleton mesh. Given the pose parameters q ∈ R46 and the shape parame-
ters β ∈ R10 (corresponding to the top 10 shape components), SKEL generates
the human mesh M ∈ R6890×3 and the skeleton mesh Sk ∈ R24752×3. Unlike
SMPL, which represents pose parameters θ ∈ R72 using unconstrained three-
degree-of-freedom ball joints, SKEL constrains the motion of each joint. This
reduces the pose parameter space from 72 to 46. For example, SKEL models
the elbow as a hinge joint by limiting its degrees of freedom. This formulation
ensures anatomically consistent and biomechanically valid poses [14,39]. Conse-
quently, SKEL produces physically plausible human motion and is particularly
suitable for downstream applications such as motion analysis, rehabilitation, and
human–robot interaction.
HMR-SKEL dataset. HSMR [39] generated pseudo ground-truth (p-GT)
SKEL parameters by converting SMPL parameters into the SKEL space. While
this provided a practical starting point, its quality was limited by low-resolution
images and noisy SMPL annotations in the original dataset. With the release
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Fig. 2: Overview of the proposed SKEL-CF. Our method estimates SKEL pa-
rameters from a single image using an encoder–decoder architecture that performs
coarse-to-fine estimation. The encoder produces initial predictions of the camera ex-
trinsics π, shape parameters β, and pose parameters θ. The decoder then refines these
predictions iteratively across layers. In addition, we adopt the pretrained camera model
from CameraHMR [27] to estimate the focal length, and keep its parameters frozen
throughout training.

of refined SMPL annotations from CameraHMR [27], we revisit this conver-
sion process to obtain higher-quality SKEL pseudo ground truth. Following the
HSMR setup, which is based on HMR2.0 [6], we use data from Human3.6M [9],
MPI-INF-3DHP [26], COCO [22], MPII [1], AI Challenger [38], and InstaVari-
ety [12]. We exclude AVA because CameraHMR does not provide refined SMPL
annotations for this subset. We denote the resulting dataset as HMR-SKEL.

Our optimization pipeline follows the fitting protocol of SKEL [14]. We first
reconstruct a reference human mesh from the high-quality annotations provided
by CameraHMR [27], which is used as the target SMPL mesh. Given an initial
set of SKEL parameters, we treat them as learnable variables and feed them into
the SKEL model to generate a SKEL mesh. We then compute the alignment loss
between the generated SKEL mesh and the target SMPL mesh, and use this loss
to iteratively update the SKEL parameters. To improve optimization stability,
we perform the fitting in a hierarchical manner: we first optimize the lower-body
parameters, then the upper-body parameters, and finally the full-body parame-
ters. Moreover, since both SMPL and SKEL share the same global orientation
and translation terms, we keep these variables fixed during optimization; em-
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pirically, allowing them to vary leads to worse alignment. The full process takes
about 58 hours to process 3M images on a single RTX 3090 GPU.

3.2 Our method: SKEL-CF

Overall pipeline. As illustrated in Fig. 2, SKEL-CF adopts an encoder–decoder
architecture with a coarse-to-fine strategy to estimate SKEL parameters from
a single RGB image. The target parameter set is defined as Θ = {θ,β,π},
where θ denotes human pose, β is body shape, and π indicates camera ex-
trinsics. Given an input image, following previous work [27], we first detect the
person using an off-the-shelf human detector and convert the cropped region
into visual tokens. We also estimate the camera intrinsic parameter, specifi-
cally the focal length f , from the full image using a pretrained predictor from
CameraHMR [27], which remains frozen during training. The visual tokens are
passed through the encoder to produce initial predictions Θ0 = {θ0,β0,π0}
along with contextual visual features. These predictions are then progressively
refined through T decoder layers. At each stage, refinement is guided by the en-
coded visual features and geometric cues Fbbox =

(
cx
f ,

cy
f , s

f

)
, where (cx, cy) and

s denote the bounding box center and scale. After T refinement steps, the final
output is ΘT = {θT ,βT ,πT }, yielding progressively improved SKEL parameter
estimates. The focal-normalized feature Fbbox is injected into the decoder as
bounding-box geometry, where it guides projection-sensitive residual corrections
after the image crop has been encoded.
Learning objectives. Denoting the target parameters as Θ̂ = {θ̂, β̂, π̂}, the
learning objective integrates keypoint-level and parameter-level supervision:

Lskel(Θ, Θ̂) = λkpLkp︸ ︷︷ ︸
keypoint-level

+λβLβ + λθLθ︸ ︷︷ ︸
parameter-level

. (1)

where λkp, λβ , and λθ are hyperparameters controlling the relative weight of each
term. This formulation allows us to simultaneously supervise the reconstructed
3D/2D joints and the underlying pose and shape parameters. Note that no di-
rect camera extrinsic supervision π̂ is provided; the ability to predict camera
extrinsics is only implicitly learned through 2D keypoint reprojection, making
the training challenging.
Keypoint-level supervision. Given the pose θ and shape β, we first recon-
struct 3D joint positions J3d ∈ RK×3 via forward kinematics, where K is the
number of joints. These 3D joints are projected onto the image plane using the
predicted camera parameters to obtain 2D joint locations J2d ∈ RK×2. The
coarse keypoint loss Lkp enforces consistency with pseudo-ground-truth 3D and
2D joints:

Lkp = ∥Ĵ3d − J3d∥1 + ∥Ĵ2d − J2d∥1. (2)
Parameter-level supervision. Since the proposed dataset HMR-SKEL pro-
vides reliable pose θ̂ and shape β̂ parameters, we impose supervision directly on
these values:

Lβ = ∥β̂ − β∥1, Lθ = ∥θ̂ − θ∥1. (3)
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Coarse-to-fine refinement. SKEL-CF adopts a coarse-to-fine refinement strat-
egy. The encoder first produces an initial estimate of the parameters, denoted
as Θ0 = {θ0,β0,π0}. The decoder then refines these predictions across T lay-
ers, where the i-th layer outputs Θi = {θi,βi,πi}. The final layer produces the
refined prediction ΘT . The encoder prediction and the final decoder prediction
are supervised using the same objective function Lskel:

Lenc = Lskel(Θ0, Θ̂), Ldec = Lskel(ΘT , Θ̂) (4)

Iterative refinement. We use iterative refinement with layer-wise supervi-
sion. The refinement process consists of two operations: coarse-to-fine initial-
ization and residual refinement. The encoder first predicts an image-dependent
coarse estimate Θ0, and the decoder then updates this estimate layer by layer
by predicting residual corrections. To supervise the intermediate decoder layers
efficiently, we apply an auxiliary pose-parameter loss:

Lrefine =

T−1∑
i=1

∥θ̂i − θi∥1, (5)

where T denotes the total number of decoder layers, and θ̂i denotes the corre-
sponding ground-truth pose parameters. We observe that optimizing Lskel at in-
termediate decoder layers achieves performance comparable to Lrefine. However,
as computing keypoint-level predictions through the SKEL forward process is
computationally expensive, we limit the optimization to the pose parameters for
efficiency.

Note that coarse-to-fine strategy and iterative refinement are widely adopted
in the DETR-based object detection frameworks [3, 42]. The experiments to
demonstrate the effectiveness of iterative refinement are provided in the supple-
mentary material.
Overall optimization goal. The total training objective Ltot aggregates the
encoder and decoder losses, together with the refinement term:

Ltot = Ldec + Lenc + λrefLrefine, (6)

where λref is the coefficient for the refinement loss.
Implementation details. Following HSMR [39], we adopt ViTPose-H [41],
pretrained on COCO [22], as the encoder backbone. ViTPose-H consists of 32
transformer layers, each with 16 attention heads and a hidden dimension of 1280.
The decoder is a standard transformer decoder with L = 6 layers, consistent with
the design in HSMR [39]. We train SKEL-CF using the AdamW [24] optimizer
with β1, β2 setting to 0.9, 0.999, weight decay setting to 1×10−4, a batch size of
64 and a learning rate of 1× 10−5, preceded by a one-epoch warm-up. Training
is conducted for 30 epochs on 8 NVIDIA A100 GPUs, taking approximately
120 hours in total. The hyper-parameters are set as λkp = 0.05, λβ = 0.0005,
λθ = 0.001, and λref = 0.1. Notably, our training schedule is significantly shorter
than that of HSMR [39], which trains for 100 epochs.



SKEL-CF 9

4 Experiment

In this section, we first introduce the datasets and evaluation metrics in Sec-
tion 4.1. We then provide a comparison between SKEL-based methods in Sec-
tion 4.2 and SMPL-based approaches in Section 4.3. Finally, we present the
ablation studies and additional discussions in Section 4.4.

4.1 Datasets and evaluation metrics

Evaluated datasets. We evaluate SKEL-CF on five representative datasets
covering diverse environments and motion complexities, following standard prac-
tice [4, 10, 27, 39]. 3DPW [35] provides in-the-wild videos with accurate 3D an-
notations captured by moving cameras. Human3.6M [9] includes controlled in-
door actions (e.g., sitting, walking, greeting) with motion-capture ground truth.
EMDB [13] offers high-quality pose and shape sequences captured with electro-
magnetic sensors and handheld cameras. SPEC-SYN [16] is a synthetic dataset
with diverse camera variations, enabling controlled evaluation under varying
camera settings. In contrast, MOYO [33] contains large-scale yoga sequences
with extreme poses, frequent self-occlusions, and ground contact, providing the
most challenging and diverse test scenario.

Since most yoga videos in MOYO starts and ends with the same static poses,
we select the front-view camera among the eight available viewpoints and re-
move the first and last 25% of frames to retain the complex and diverse mo-
tion segments, forming the curated MOYO-HARD subset. More details about
MOYO-HARD are provided in the supplementary material, where we include
visualizations of the removed first and last 25% segments of the MOYO videos.
Evaluation metrics. We evaluate the 3D human body recovery using MPJPE,
PA-MPJPE, and PVE. Among them, MPJPE and PA-MPJPE serve as sparse
evaluations, measuring the Euclidean distance between the predicted and ground-
truth kinematic joints before and after rigid alignment, respectively. In con-
trast, PVE provides a dense evaluation, computing the vertex-level error be-
tween the predicted and ground-truth meshes, thereby offering a more compre-
hensive assessment of surface reconstruction accuracy. The 2D keypoint metrics,
PCK@0.05 and PCK@0.1, which quantify the ratio of projected keypoints within
a normalized distance threshold to the ground truth.

4.2 Comparison with SKEL-based approaches.

Quantitative results. We compare SKEL-based methods in Table 1 and Ta-
ble 2. Among end-to-end approaches, SKEL-CF consistently outperforms prior
work HSMR [39] across all datasets. On the challenging MOYO [33] benchmark,
SKEL-CF achieves up to 18.6% MPJPE and 35.4% PA-MPJPE improvements,
demonstrating strong robustness under large pose variations and occlusions. We
also evaluate two two-stage baselines that first estimate SMPL parameters and
then fit them to SKEL: HMR2.0 + SKEL fitting and CameraHMR + SKEL
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Fig. 3: Visual comparison between the proposed SKEL-CF and HSMR [39].
Our proposed SKEL-CF achieves more precise skeletal estimations (best viewed in
zoom). Additional visual results are provided in the supplementary material.
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Table 1: Quantitative comparison of skeleton and surface mesh recovery
using the SKEL [14] human model on 3DPW [35], Human3.6M [9], and
MOYO [33]. The proposed SKEL-CF delivers consistent accuracy gains over previous
end-to-end approach. ∗ denotes results reported by [39], ⋄ denotes fitting the outputs
of [27] to the SKEL [14] model.

Methods 3DPW [35] Human3.6M [9] MOYO [33] MOYO-HARD

MPJPE ↓ PA-MPJPE ↓ MPJPE ↓ PA-MPJPE ↓ MPJPE ↓ PA-MPJPE ↓ MPJPE ↓ PA-MPJPE ↓

Two-stage Approaches
HMR2.0 + SKEL fit [6, 39]∗ 81.0 54.4 53.6 34.1 130.5 93.7 - -
CameraHMR + SKEL fit [27,39]⋄ 70.4 41.8 - - 75.5 49.9 88.7 61.4

End-to-end Approaches
HSMR [39] 81.5 54.8 50.4 32.9 104.5 79.6 120.0 97.7
SKEL-CF (Ours) 61.5 38.7 39.0 31.2 85.0 51.4 90.0 61.5

Table 2: Quantitative comparison of mesh recovery using the SMPL [23]
and SKEL [15] human model on 3DPW [35], EMDB [13], and SPEC-SYN [16].The
complete comparison including MOYO and MOYO-HARD is provided in Table ?? of
the supplementary material.

Method 3DPW [35] EMDB [13] SPEC-SYN [16]

MPJPE↓ PA-MPJPE↓ PVE↓ MPJPE↓ PA-MPJPE↓ PVE↓ MPJPE↓ PA-MPJPE↓ PVE↓

SMPL-based Approaches
SPEC [16] 96.5 53.2 118.5 138.9 87.7 161.3 83.5 56.9 98.9
CLIFF [21] 69.0 43.0 81.2 103.5 68.3 123.7 128.5 55.8 139.0
HMR2.0a [6] 69.8 44.4 82.2 97.8 61.5 120.0 133.3 55.8 153.0
TokenHMR [4] 70.5 43.8 86.0 88.1 49.8 104.2 110.5 51.8 127.6
WHAM [30] 57.8 35.9 68.7 79.7 50.4 94.4 - - -
ReFit [36] 57.6 38.2 67.6 91.7 55.5 106.2 103.6 51.3 116.3
CLIFF [21] 72.0 46.6 85.0 97.1 61.3 113.2 109.9 55.6 124.6
HMR2.0b [6] 81.3 54.3 93.1 118.5 79.2 140.6 150.7 67.6 172.9
CameraHMR [27] 62.7 38.7 73.4 73.2 43.9 85.6 66.0 37.0 79.1

SKEL-based Approaches
HSMR [39] 81.5 54.8 - - - - - - -
SKEL-CF (Ours) 61.5 38.7 73.5 72.0 44.5 84.7 69.4 37.1 83.4

fitting. While CameraHMR + SKEL fit achieves competitive results on MOYO
and MOYO-HARD, its performance drops on 3DPW, indicating limited sta-
bility across datasets. Moreover, the fitting-based approach is computationally
expensive (approximately 4 minute per image on RTX 3090), whereas SKEL-CF
runs in a single forward pass (approximately 0.8 second per image), making it
both more efficient and more reliable.
Visual results. We provide a visual comparison with HSMR [39] in Fig. 3.
As shown, the proposed SKEL-CF achieves more accurate skeleton and surface
reconstruction. More visual examples similar to Fig. 3 are included in supple-
mentary material.

4.3 Comparison with SMPL-based approaches

Quantitative results. We further compare SKEL-CF with recent state-of-
the-art SMPL-based human mesh recovery methods across four representative
datasets: 3DPW [35], EMDB [13], SPEC-SYN [16], MOYO [33] and more chal-
lenging MOYO-HARD, as summarized in Table 2. Note that SMPL [23] is less
constrained compared to SKEL [14], enabling strong quantitative performance
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Fig. 4: Visual comparison between the proposed SKEL-CF and Camer-
aHMR [27]. The proposed SKEL-CF is built upon the SKEL [14] representation,
which enforces anatomically consistent joint motion, resulting in more natural pose
predictions compared to the SMPL [23]-based CameraHMR [27] (best viewed in zoom).
Additional visual examples are provided in the supplementary material.
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Table 3: Ablation study on MOYO-HARD and COCO. Cam denotes camera
intrinsic modeling, C2F denotes coarse-to-fine estimation, and Refine denotes iterative
refinement.

Method Components MOYO-HARD COCO [22]

Cam C2F Refine Dataset MPJPE↓ PA-MPJPE↓ PVE↓ PCK@0.05↑ PCK@0.1↑
Baseline (HSMR [39]) ✗ ✗ ✗ HMR2.0 + SKELify 120.0 97.7 140.5 0.86 0.96
Baseline w. HMR-SKEL ✗ ✗ ✗ HMR-SKEL 103.6 67.4 121.4 0.76 0.91
Ours w.o Cam ✗ ✓ ✓ HMR-SKEL 98.8 66.1 113.7 0.79 0.93
Ours w.o C2F ✓ ✗ ✓ HMR-SKEL 91.5 63.1 105.6 0.67 0.91
Ours w.o Refine ✓ ✓ ✗ HMR-SKEL 92.7 65.4 107.7 0.77 0.92
Only Cam ✓ ✗ ✗ HMR-SKEL 92.7 66.4 107.4 0.77 0.92
Ours ✓ ✓ ✓ HMR-SKEL 90.0 61.5 102.5 0.80 0.93

Fig. 5: COCO 2D metric saturation. Similar 2D PCK can hide large 3D pose
differences. Red and green denote predicted keypoints and ground-truth 2D keypoints,
respectively.

but occasionally producing anatomical inconsistency or unnatural joint mo-
tions(see Fig. 1). Despite this inherent difference, SKEL-CF achieves comparable
performance to CameraHMR [27], the strongest SMPL-based model trained on
4DHuman dataset, demonstrating that kinematically constrained SKEL repre-
sentations can reach a similar level of numerical precision while maintaining
stronger physical plausibility. Note that, the the 2D keypoint results are pro-
vided in the supplementary material.

Visual results. We provide a visual comparison with the SMPL [23]-based
state-of-the-art method CameraHMR [27] in Fig. 4. As shown, the proposed
SKEL-CF produces anatomically more consistent joint motions, benefiting from
the structural constraints of the SKEL [14] model. In contrast, CameraHMR
tends to generate unnatural joint configurations under complex motion scenar-
ios. Additional visualizations similar to Fig. 4 are provided in supplementary
material.

4.4 Discussion

Ablation study. To analyze the contribution of each component, we conduct
controlled ablations on MOYO-HARD, and COCO [22]. Note that more ablation
on 3DPW [35], MOYO [33] are provided in the supplementary material. As
shown in Table 3. We start from an HSMR-style baseline that disables the camera
intrinsic predictor, coarse-to-fine (C2F) initialization, and iterative refinement.
Comparing HSMR with the same architecture trained on HMR-SKEL isolates
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Fig. 6: Illustration of the mesh refinement. The light green meshes represent the
initial coarse estimations, while the dark green meshes denote the iteratively refined
final results.

the effect of the improved annotations: on MOYO, PA-MPJPE improves from
79.6 to 53.7. Building on this same-data baseline, the full SKEL-CF pipeline
further improves MOYO PA-MPJPE from 53.7 to 51.4, showing additional gains
beyond the dataset. C2F and refinement bring more visible gains on the harder
MOYO-HARD subset, where the full model improves PVE over the Cam-only
variant from 107.4 to 102.5, and also recovers stronger COCO 2D alignment than
the without C2F or without iterative refinement variants. Note that COCO PCK
evaluates only the 2D projection of keypoints and can be insensitive to 3D pose
errors. Fig. 5 shows that similar 2D PCK can correspond to noticeably different
3D reconstructions, so we treat COCO PCK as a complementary projection
metric rather than the primary evidence for SKEL recovery quality.

Iterative mesh refinement. We visualize the iterative mesh refinement pro-
cess of SKEL-CF in Fig. 6, which clearly illustrates the effectiveness of the
proposed coarse-to-fine strategy. Additional qualitative results are provided in
the supplementary material. Quantitative validation is reported in Table 4. We
further investigate two variants: i) applying the full supervision loss Lskel to
intermediate decoder layers (Full super.), instead of using only the refinement
loss Lrefine as sparse supervision; ii) replacing the six-layer decoder with a single
decoder layer that is reused six times [18] (Looped Decoder). Results show that
sparse supervision achieves performance comparable to full supervision. How-
ever, computing Lskel is significantly more expensive, as it requires forwarding
the SKEL model to obtain the keypoint loss. Therefore, sparse supervision is
more computationally efficient and preferable in practice. In contrast, replacing
the multi-layer decoder with a single shared layer substantially reduces the de-
coder’s representational capacity, leading to inferior reconstruction quality and
weaker generalization.
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Table 4: Ablation study of iterative refinement. Sparse super. applies refinement
supervision across decoder layers, Full super. indicates supervision with full SKEL loss
Lskel at every layer, and Looped Decoder repeats a single layer for multiple refinement
steps. “Decoder Layer × Refine Time” summarizes the refinement configuration.

Method Loss Decoder Layer 3DPW [35] MOYO [33] MOYO-HARD
× Refine Time MPJPE↓ PA↓ PVE↓ MPJPE↓ PA↓ PVE↓ MPJPE↓ PA↓ PVE↓

Sparse super. (Ours) Lrefine 6 × 1 61.5 38.7 73.5 85.0 51.4 91.9 90.0 61.5 102.5
Full super. Lskel 6 × 1 61.3 38.6 73.3 86.4 53.2 93.9 92.1 65.2 105.6
Looped Decoder Lrefine 1 × 6 62.5 40.1 74.8 86.8 54.4 94.2 96.8 70.1 111.5

Table 5: Impact of the encoder’s coarse camera translation on EMDB [13].
We compare the encoder’s coarse camera translation against a PnP-based estimate
computed from ground-truth 2D keypoint annotations.

Method L2↓ tx ↓ ty ↓ tz ↓ FPS on H100

Encoder coarse trans. 0.4223 0.0414 0.0294 0.4127 91.7
PnP trans. w. G.T. 2D Keypoints 0.4188 0.0403 0.0296 0.4096 84.7

Impact of the encoder’s coarse camera translation. We compare the
encoder’s coarse camera translation with a PnP-based camera translation on
EMDB [13]. As shown in Table 5, PnP provides only marginal improvement
over the encoder prediction while slightly reducing the inference speed from
91.7 FPS to 84.7 FPS. Notably, this comparison favors PnP by using ground-
truth 2D keypoint annotations. In practical deployments, where ground-truth
keypoints are unavailable, PnP would require an additional 2D keypoint detector,
introducing further computational overhead. Therefore, we adopt the encoder’s
single-forward-pass camera prediction in SKEL-CF.

5 Conclusion

In this work, we introduced SKEL-CF, a biomechanical skeleton and surface
mesh recovery pipeline built upon the SKEL representation. By transforming
the high-quality SMPL dataset into a SKEL-based format, termed HMR-SKEL,
we established a strong foundation for accurate and generalizable training. Our
integration of an explicit camera intrinsic predictor effectively mitigates the lim-
itations of weak-perspective assumptions seen in previous works such as HSMR,
enabling robust pose estimation under diverse viewpoints. Furthermore, the pro-
posed coarse-to-fine refinement strategy enables stable and high-fidelity recon-
struction results. Overall, SKEL-CF sets a new baseline for biomechanical skele-
ton and surface recovery, providing a practical and extensible framework for
future research in human modeling and motion understanding.
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