Occluded Human Body Capture with Frequency Domain Denoising Prior
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Abstract

Monocular human motion capture in occlusion scenarios
presents significant challenges. Although a few works have
explicitly considered the occlusion problem, image-based
methods are unreliable due to the lack of temporal con-
straints while video-based approaches cannot gain suffi-
cient knowledge from time domain motion priors to address
long-term occlusions. However, occluded human motion
typically exhibits periodic patterns and consistent momen-
tum. Inspired by this observation, we exploit reliable image
observations in frequency domain and formulate the mo-
tion capture task as a wavelet coefficients selection process.
Specifically, we first construct probabilistic distributions for
the occluded 2D keypoints, and then introduce a frequency
domain diffusion model to refine the distributions by learn-
ing long-term periodic information and physical momen-
tum with Discrete Wavelet Transform (DWT). Consequently,
the learned denoising prior can select valid wavelet com-
ponents to facilitate the 3D motion capture with a 3D de-
coder. By employing a joint reprojection strategy, we can
also use the same diffusion process to train the 3D de-
coder. To further promote human occlusion-related tasks,
we also present the first 3D occluded motion dataset, Oc-
Motion, which serves as a new benchmark for both training
and evaluation. Experimental results demonstrate that our
method can produce accurate and coherent human motions
from occluded videos. More information is available at
https://github.com/boycehbz/FregMotion.

1. Introduction

Recovering 3D human motion from monocular images is
a long-standing problem, which has wide applications such
as computer animation, human behavior understanding, and
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Figure 1. We visualize the trajectories along the X-axis of the left
and right knee pose parameters (c) from the SMPL model in an oc-
cluded motion sequence. Despite partial occlusion, the knee joints
maintain periodic and consistent patterns, which help alleviate the
effects of long-term occlusion.

human well-being. Recently, researches in this area have
gained significant progress [9, 23, 41], but most of them do
not consider the occlusion scenarios that are very common
in the real world.

Only a few works explicitly focus on occluded 3D hu-
man pose estimation. For example, techniques for human
representation [13, 14, 42], data augmentation [24, 37] and
training strategy [26, 57] have been proposed to improve
performance under occlusion scenarios. Nonetheless, the
results from these image-based methods are often unreli-
able due to the lack of temporal constraints. Recently, some
works [15, 50, 52, 53] directly train motion priors to com-
pensate for the occluded parts with temporal consistency,
but the time domain priors cannot provide sufficient knowl-
edge for long-term occlusions and thus often lead to over-
smoothed motions. Therefore, human motion capture in
severely occluded scenarios remains an open issue in the
community.

However, as shown in Fig. 1, we found that the oc-
cluded parts of human motion often follow periodic pat-
terns and maintain consistent momentum. Based on this
observation, we formulate the occluded human motion cap-
ture as a wavelet coefficient selection process, and learn


https://github.com/boycehbz/FreqMotion

complex spatio-temporal dependencies of the occluded mo-
tion in the frequency domain with a denoising prior. In
contrast to phase-based representation [39, 40] and Dis-
crete Cosine Transform (DCT) [17, 58], we adopt Dis-
crete Wavelet Transform (DWT) to capture the correlations
among different frequency components, which can address
non-stationary signals (e.g., sudden motions) and is more
robust to both low- and high-frequency noises in occluded
motions.

Specifically, given an occluded human video, we first
use an off-the-shelf 2D pose estimation framework [47] to
detect human keypoints. Since occlusions induce severe
pixel-level ambiguities, only the visible keypoints are accu-
rate, while the occluded parts are not reliable. We therefore
construct distributions to model the uncertainty associated
with the occluded keypoints and then introduce a diffusion
model to refine the distributions using the visible observa-
tions. To fully capture the complex spatio-temporal depen-
dencies, we design the diffusion model in the frequency do-
main, which incorporates periodic information to mitigate
the impact of long-term occlusions. As shown in Fig. 2, the
noisy occluded keypoints drawn from the distributions are
combined with the visible keypoints as input to the model,
which are then decomposed into multiple wavelet subbands
using DWT. Next, the diffusion model with a 2D decoder
is enforced to select the valid wavelet coefficients, and the
noisy components caused by the occlusions are removed
during the selection process. The filtered coefficients are
then reconstructed into clean keypoints via inverse Discrete
Wavelet Transform (iDWT). Subsequently, the predicted
keypoints are used to generate the occluded keypoints in the
next diffusion timestep. Once the diffusion model is trained,
we freeze the network parameters of the encoder, and use a
3D decoder to predict the 3D wavelet subbands under the
guidance of image features. The output subbands can also
be mapped to 3D motions using iDWT. We also project the
3D joints onto the 2D image plane, and thus the same dif-
fusion process can be used to train the 3D decoder. Finally,
we can use the trained encoder and 3D decoder to regress
3D human motions from occluded videos over several dif-
fusion timesteps. In addition, to further promote the net-
work training and evaluation, we build OcMotion, the first
video-based 3D occluded motion dataset, which contains 43
sequences with 6 views and more than 300K frames. The
proposed dataset may serves as a new benchmark for human
occlusion-related tasks. To sum up, the contributions of this
paper are as follows:

* We formulate occluded human motion capture as a
wavelet coefficient selection process that incorporates lo-
cal periodic information to alleviate the impact of occlu-
sions.

* We propose a two-branch frequency domain denoising
framework to exploit reliable image observations to learn

complex spatio-temporal dependencies for occluded hu-
man motion capture.

¢ We build OcMotion, the first 3D occluded motion dataset,
which contains 300K images captured in real occlusion
scenarios. The dataset is suitable for both training and
testing.

2. Related Work

Occluded 3D human pose estimation. Although the
3D human pose estimation has progressively developed
in recent years, it still cannot achieve satisfactory perfor-
mance in occlusion scenarios. Historically, there are few
works [ 14, 24] that explicitly focus on occluded human pose
estimation. Recently, some works [13, 37, 42] regresses
the occluded human from a single image, but they are not
flexible enough to exploit temporal information. In addi-
tion, the lack of sufficient real occluded training data has
been a bottleneck for regression-based methods over an ex-
tended period. To improve occlusion-robustness, [37] use
synthetic occlusion data during training. To reduce the gap
between synthetic and real occlusions, [14] represents the
occluded human in the UV map and builds the first image-
based object-occluded human dataset. DPMesh [59] em-
ploys pre-trained diffusion models to compensate for miss-
ing information. Other works [26, 57] alleviate the ambigu-
ous occluded features with contrastive learning. Nonethe-
less, previous works that do not employ temporal infor-
mation cannot obtain reliable results. Without the motion
data for training, existing methods [15, 36, 39] can only uti-
lize the temporal information based on motion priors via a
time-consuming optimization. In this work, we extend the
dataset proposed by [14] to have 43 real occluded 3D mo-
tions with complete and accurate annotations, thus we can
train a temporal model for real-world occlusion problems.
We also leverage frequency domain denoising prior to re-
cover human motion from reliable observations, which is
more robust to long-term occlusions.

Video-based monocular human mesh recovery. With
the development of deep learning, temporal neural net-
works [20] are applied to learn the dependencies among
frames. However, due to the limited training data, they
use pseudo ground-truth labels for training, which are un-
reliable for modeling accurate 3D human motion. [4, 23,
30, 50] follow [20] to use the static features generated by
image-based methods [25] for modeling temporal relations.
These methods depend heavily on the static features and ig-
nore the kinematic information, which results in severe tem-
poral inconsistency [23] and motion oversmoothness [4].
[35, 45] models the kinematic and temporal relations by at-
tention mechanism, which has been proved useful for hu-
man mesh recovery from occluded inputs [45]. Diffusion
model [41] is also used to refine temporal consistency for
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Figure 2. The pipeline of our method. Given an occluded video, we first detect 2D keypoints and model the noisy keypoints in the occluded
regions using Gaussian distributions. We then combine the visible and noisy invisible keypoints, and decompose them into multiple wavelet
subbands using DWT. Subsequently, we design a diffusion model with a 2D decoder to select valid frequency components for reconstructing
the clean data. Once the prior model is trained, we employ the encoder with a 3D decoder to facilitate 3D motion capture within the same
diffusion process. Finally, the reconstructed motion can be regressed from the input keypoints and images after several diffusion time steps.

human motion. Although previous methods achieve com-
petitive results on specific datasets, they cannot achieve sat-
isfactory results on long-term occlusion scenarios since the
temporal consistency in time domain cannot provide suf-
ficient information. In contrast, our method conducts de-
noising process in frequency domain, which incorporates
periodic information to alleviate the occlusions.

Human meotion analysis in frequency domain. The
spectral decomposition in frequency domain simplifies the
periodic characteristics analysis of human motion and thus
promotes a lot of motion generation tasks, such as motion
editing [3], motion prediction [12, 40, 56], and style trans-
ferring [51]. Since the frequency domain can better reveal
the natures of human motion, a few recent works [17, 39,
43, 58] employ frequency domain representations in hu-
man motion capture to improve the reconstruction perfor-
mance [6, 11]. Specifically, FTCM [43] adopt Fast Fourier
transform (FFT) to capture global correlations for different
pose frequencies. Other works [17, 58] leverage Discrete
Cosine Transform (DCT) to prevent high-frequency motion
jittering in the reconstructed results by directly discarding
high-frequency DCT coefficients, which cannot consider lo-
cal periodicity and may lose a lot of detailed motion infor-
mation. In addition, these methods cannot distinguish valid
signals from image observations and thus fail to alleviate
long-term noises. PhaseMP [39] learns motion phase mani-
folds to constrain the occluded motions with test-time opti-
mization, which confront severe depth ambiguity. Discrete
Wavelet Transform (DWT) has also shown its strengths in
motion generation tasks [2, 8]. However, since the wavelet
coefficient selection process in pure 3D space cannot ef-

fectively distinguish reliable signals from visual observa-
tion, directly applying DWT to 3D motions like Motion-
Wavelet [8] may result in inconsistencies with image ob-
servations in motion capture scenarios. In contrast to these
works, our method denoises clean motion information from
reliable partial image observations with a 2D frequency do-
main prior, which is more robust to long-term occlusions
and high-frequency noises.

3. Method

3.1. Preliminaries

We adopt SMPL model [29] with 6D representation to de-
scribe 3D motions, and thus the parameters for an N-frame
motion sequence are denoted as xbIN = {91:N,71:N},
which consist of pose # € R4* and translation 7 € R?.
For each subject, the shape parameters 3 € R'? are also in-
cluded. We use x to denote ground-truth data. To leverage
the reliable image observations, we employ an off-the-shelf
2D detector [47] to estimate 2D keypoints p € R7*? and
corresponding confidence scores ¢ € R’ for each input im-
age.

3.2. Occluded Keypoints Uncertainty Modeling

Occluded human videos exhibit severe pixel-level ambi-
guities, and even the state-of-the-art human parsing mod-
els [22, 47] fail to produce reliable human semantics. In ad-
dition, the occluded regions in 2D images can correspond
to multiple plausible 3D poses, which further introduces
uncertainty into the reconstruction process. However, pre-
vious motion capture methods [24, 58] directly regress 3D
human motions from image features or 2D keypoints, which



ignore the ambiguities and uncertainties induced by occlu-
sions. As a result, they often fail in such situations.

To explicitly address the above two problems, we de-
sign a diffusion model that accounts for the uncertainty
of occluded parts while fully exploiting the reliable im-
age observations. Given the detected human keypoints
{p f\; EJ in a motion sequence, we treat the visible key-
points with high confidence as reliable predictions and di-
rectly adopt their coordinates. For the occluded joints,
which often have low confidence scores and are less ac-
curate, we model the uncertainty by constructing Gaussian
distributions for keypoints with confidence below a prede-
fined threshold. Specifically, for an occluded keypoint, we
use its detected pixel coordinates p’ as the mean of the dis-
tribution A/ (pi, I) , and I is an identity matrix. Thus, for a
2D pose, we represent reliable and unreliable keypoints as
a set of coordinates and a set of distributions, respectively.
We then leverage the reliable keypoints to refine the distri-
butions by training a frequency-domain diffusion model.

3.3. Frequency Domain Denoising Prior

With the initial distributions, we then use the visible key-
points to reduce the uncertainty of occluded parts using a
diffusion model.

Forward diffusion process. In contrast to previous
diffusion-based pose estimation works [7, 10] that inject
time-dependent noises towards standard Gaussian distribu-
tions, we diffuse the ground-truth 2D keypoints to the con-
structed initial distributions, which can leverage the prior
knowledge from the 2D detector for the estimation. We thus
modify the forward diffusion process as follows:

1—é&e,e ~ N (0,1),
6]
where ¢ is the time step. «; is a constant hyper-parameter,
and &; = HE:O «;. With this formulation, the noisy key-
point p; follows the initial distribution N (p, I). It should be
noted that we only diffuse the unreliable keypoints, and fi-
nally combine the diffused keypoints with the reliable ones
to construct the 2D pose sequence P; € RY*2/ for input to
the diffusion model.
Reverse diffusion process. We then learn a diffusion
model to reverse the diffusion process, starting by sampling
from the initial distribution A/ (p, I), which is defined as:

q(pe | o) = p + Véu(bo — p) +

q(Pi—1 | P) = N(Pi—1; pa(Pr), 741, 2

where (i, (P;) is the estimated mean predicted by the diffu-
sion model at timestep ¢ — 1. -, is the variance calculated
using the hyper-parameters vy, &; and &;_1.

Specifically, our diffusion model predicts P, at each
timestep and then diffuse the unreliable keypoints in Py to
pe—1 with Eq. (1) to construct P;_;. That is, the reliable
keypoints retain their original values and remain unchanged

during both the forward and reverse diffusion processes.
Consequently, the model can learn relationships from the
reliable keypoints to refine the occluded parts.

Frequency domain diffusion model. However, pre-
dicting occluded keypoints from partially visible observa-
tions requires complex spatio-temporal dependencies, and
conventional time domain priors [36, 52] tend to produce
over-smoothing motions in long-term occlusion scenarios.
For occluded joints, the most reasonable assumption is to
preserve their original motion momentum and local peri-
odicity. Consequently, we focus on addressing this chal-
lenging problem in the frequency domain, which reveals
the periodic characteristics. In this field, a few pioneer-
ing works [12, 39] in motion analysis have adopted phase-
based representations to model temporal dynamics, but they
struggle to capture non-stationary signals (e.g., sudden and
irregular motions), which are very common in real motion
data. Other works [17, 58] utilize DCT and directly discard
global high-frequency components to alleviate the noises.
However, since occlusion only occurs in the local area of
the motion, DCT-based methods often result in suboptimal
reconstructions.

To this end, we adopt DWT [2] as our frequency domain
representation since it is capable of capturing local period-
icity due to its multi-scale analysis. Based on this represen-
tation, we formulate the occluded human motion capture as
a wavelet coefficient selection process. Specifically, given
the noisy 2D keypoints P, we first apply the DWT operation
along both spatial and temporal dimensions.

Ynw ki k] =Y > Plm,nlfi [m = 2k1] f, [n — 2ks],

3
where h,v € {L,H}. (m,n) and (k1, k2) are indices on
the input and output map. fr, [¢] = h[i] and fg [i] = g]i]
are low-pass and high-pass filters, respectively. Therefore,
we obtain four subbands y = cat(yr,r, Yu,r, Yo, 0, YH,H),
each representing different frequency components and spa-
tial information of the original signal. We then design a
transformer-based network to regress coefficient maps and
refined wavelet from the input subbands:

Uhows Mhw = Fro(Y), “4)

where F denotes the network and m is the coefficient map.
The elements of m represent the scaling factors of the cor-
responding wavelet coefficients, which can be regarded as
a selection of wavelet coefficients by applying Hadamard
Product on the subband 43, = ™My - §n,0. Unlike con-
ventional DWT-based image filtering, which only processes
high-frequency bands, we learn a coefficient map for each
subband since the occluded human motion contains both
low- and high-frequency noises. Finally, we reconstruct the



2D keypoints from the filtered subbands via iDWT:

Pimn] =33 ( X 2

k1 ko ’UG{L,H} hE{L,H}

G lkr, kol fulm = 201 fuln = 2k2] ). (5)

The reconstructed P is then used in the next diffusion time
step. We train the frequency domain prior with L1 loss on
2D keypoints:

Lieyp = |P — P). (6)

Once the diffusion model is trained, the prior can learn de-
pendencies in frequency domain from the reliable keypoints
to alleviate the occlusions and we use it to achieve 2D-to-
3D lifting. This design ensures that only reliable signals
contribute to the 3D frequency prediction. Without the 2D
prior, the wavelet coefficient selection process lacks access
to 2D observations and therefore cannot differentiate clean
signals from noise.

3.4. Occluded Human Motion Capture

The trained prior is then used to enhance 3D occluded hu-
man motion capture. We use the same input as in Sec. 3.3
for the network, and the parameters of the encoder are
frozen. As shown in Fig. 2, the encoded latent embeddings
and decomposed subbands are fed into a 3D decoder in this
stage, which is also a transformer network. To estimate the
body shape, the RGB images are also regressed via a ViT
backbone [5], and the extracted features are used as a condi-
tion for the decoder. We enforce the 3D decoder to predict
shape parameters and wavelet subbands for 3D motion.

Yh,va:D(yvzu-[)a (7)

where Y represents the subbands for 3D motion, and z and
I are latent embedding and image features, respectively.
The pose and translation parameters are then mapped from
the subbands via iDWT.

x = iDWT(Y). ®)

We can also obtain 3D joints using the SMPL model and
then reproject the joints onto the image plane to produce 2D
keypoints. Consequently, the diffusion process in Sec. 3.3
can still be applied.

We train the 3D decoder following the diffusion process
in Sec. 3.3 with additional loss functions, which is given by:

L= Esmpl + ['joint + ‘Cverts + Ekeypu (9)

which is the sum of the supervisions from the SMPL param-
eters: Lsmpr = ||[3,0] — [3,0]]|3, 3D joint and vertex posi-
tions: Ljoint = ||J3p —J3p||3 and Lyert = ||Vap —Vap||3-

Figure 3. Samples of the proposed OcMotion dataset, which con-
tains human videos under occlusion scenarios with accurate 3D
annotations.

Lieyp is the same as in Eq. (6) but with the reprojected key-
points.

Given the input images and predicted keypoints from an
occluded video, the final 3D human motion can be obtained
after several diffusion time steps in the frequency domain.

4. OcMotion Dataset

Although 3D human datasets have been exponentially in-
creasing in recent years, only a few are specifically designed
for occlusion problems. AGORA [34] contains frequent oc-
clusions, but it is a synthetic dataset. 3DOHSO0K [54] is
the first 3D human dataset that explicitly considers object
occlusion. However, it is an image dataset and cannot be
used for evaluating video-based methods. In this work, we
extend the 3DOHS50K dataset to include complete motion
annotations. We obtain human motions using [15], and the
samples in 3DOH50K are also used to constrain the opti-
mization. For severely occluded cases, we manually ad-
just the 3D motion. To evaluate the accuracy of the dataset,
we randomly select 5K images and manually annotate 2D
poses. The re-projection error on these images is 7.3 pix-
els, which is sufficient for motion capture tasks. Finally,
the dataset contains 300K images captured at 10 FPS, 43
sequences with 6 viewpoints, 3D motion annotations repre-
sented by SMPL, 2D poses, and camera parameters.

We show the comparison with commonly used 3D hu-
man datasets in Sec. 3.3. Despite the large number of
samples and the wide variety of actions, most existing
datasets give little consideration to the occlusion problem.
MPI-INF-3DHP [31], MuPoTs-3D [32], and Panoptic Stu-
dio [19] include only a few occluded cases. GPA [46] has a
limited variety of occluders. In addition, AGORA [34] and
3DOHS0K [54] are image-based datasets and cannot be ap-
plied to video-based methods. In contrast, our dataset con-
tains complete motion annotations and explicitly considers
object-occluded scenarios, which may promote future re-
search on human-object occlusion tasks.



Table 1. Comparison with commonly used 3D human datasets. OcMotion is the first motion dataset that contains diverse real object

occlusions with complete and accurate annotations.

Dataset Occlusion Data | Sequence | Real Data | 3D Pose | Mesh | Frames | Views
Human3.6M [18] - v v v - 3.6M 4
AIST++ [27] - v v v v 10.1M 9
HUMBI [49] - v v v v 17.3M 107
MPI-INF-3DHP [31] + v v v - 1.3M 14
3DPW [44] ++ v v v 50K 1
MuPoTs-3D [32] ++ v v v - 8K 1
Panoptic Studio [19] ++ v v N - 1.5M 480
GPA [46] ++ v v v - 700K 5
3DOHS50K [54] ++++ - v Ve v 50K 6
AGORA [34] ++++ - - v v 17K -
OcMotion ++++ v v v v 300K 6

5. Experiments
5.1. Dataset

Common single-person setting. We use the same train-
ing data as previous works [4, 23] for fair comparisons.
Specifically, 2D (PoseTrack [1], InstaVariety [20] and Pen-
nAction [55]) and 3D (Human3.6M [18] and MPI-INF-
3DHP [31]) human motion datasets are used for training.
Only the 2D keypoints from 2D datasets are used to train
our 2D and 3D diffusion models. We then evaluate different
methods on the standard test splits of Human3.6M, 3DPW
and 3DPW-OC [14]. Object occlusion setting. We then
conduct experiments on OcMotion dataset to investigate the
performance of different methods on object-occluded sce-
narios, in which sequences from 3 subjects are used for test-
ing, and the rest are used for training. Inter-person occlu-
sion setting. We also use Hi4D [48], a dataset containing
severe inter-person occlusions, to demonstrate the strength
of our method.

Metrics. We adopt the metrics in previous works [23] to
evaluate our method. The Mean Per Joint Position Error
(MPJPE) and the MPJPE after rigid alignment of the pre-
diction with ground truth using Procrustes Analysis (PA-
MPJPE) are used for measuring joint positions. The Per
Vertex Error (PVE) and acceleration error (Accel.) are ap-
plied to evaluate mesh quality and motion smoothness.

5.2. Comparison to state-of-the-art results

We first compare our method to state-of-the-art approaches
on OcMotion dataset. To the best of our knowledge, Oc-
Motion is the first video dataset designed for the object-
occluded human mesh recovery task. We conducted exper-
iments on this dataset to demonstrate the superiority of our
method in occluded cases. As shown in Tab. 2, since previ-
ous methods do not explicitly consider the occlusion prob-
lem, our method significantly outperforms previous video-
based methods on all metrics. In addition, JOTR [26],
DPMesh [59], and OOH [54] are image-based methods de-

signed for the occluded human reconstruction task. Ben-
efiting from the spatial-temporal information, our method
achieves more robust results. Moreover, while OOH [54]
uses a UV map representation, which can explicitly describe
an occluded human, the resampled meshes show many ar-
tifacts Fig. 4 (d). Furthermore, we found that video-based
methods exhibit more motion jitters and higher acceleration
errors in occluded cases. In contrast, our method incorpo-
rates periodic information from the frequency domain and
alleviates the ambiguities induced by occlusions. With the
denoising prior, our method achieves the best performance
in terms of acceleration error and produces more temporally
coherent results on the occlusion dataset. Furthermore, by
leveraging the frequency representation, our method is ca-
pable of accurately recovering periodic motions even under
long-term occlusions, as demonstrated in the Supplemen-
tary Video.

We further conduct experiments on the 3DPW dataset
to demonstrate the strengths of our method. The re-
sults in Tab. 2 show that our method produces similar
results to state-of-the-art methods on the non-occluded
dataset. To further evaluate performance in more chal-
lenging occluded environments, we follow [54] to test
our method on the 3DPW-OC dataset, a subset of 3DPW
that contains occlusions. Our training data is the same
as that used by VIBE, MEVA, and TCMR. Specifically,
TCMR [4] and MEVA [30] develop time-domain motion
priors to exploit temporal cues, but these priors do not
provide sufficient knowledge for long-term occlusions and
may lead to oversmoothed motions. Our supplementary
video also clearly demonstrate that our method consistently
outperforms ScoreHMR and other methods under occlu-
sion. As a result, these methods remain sensitive to occlu-
sions Fig. 4 (b,c,f), whereas our method is more robust. In
addition, PhaseMP [39] uses a phase-based representation
to incorporate frequency knowledge to address occlusions.
However, this phase-based representation struggles to cap-
ture non-stationary signals, such as highly dynamic human



(a) RGB (b) VIBE (c) TCMR

(d) OOH

(e) PARE (f) ScoreHMR (g) Ours

Figure 4. Qualitative comparison among the methods that utilize temporal information (b, ¢, f) and explicitly consider the occlusion
problem (d, e). Our method is more robust to occlusions than other methods.

Table 2. Quantitative comparison with state-of-the-art methods. Our method produces good results and achieves the best performance in
some metrics on occluded datasets. * means the image-based method. T denotes the method that explicitly considers the occlusion problem.

Method OcMotion 3DPW 3DPW-OC

MPJPE PA-MPJPE Accel. | MPJIPE PA-MPJPE PVE | MPJPE PA-MPJPE  Accel.
*TOCHMR [21] - — - 39.7 583 107.1 - - -
VIBE [23] 106.3 69.1 51.6 93.5 56.5 1134 98.3 69.7 39.0
TCMR [4] 112.9 72.7 23.7 95.0 55.8 111.5 90.3 63.0 8.0
*TOOH [14] 103.9 73.8 42.2 86.7 55.2 105.2 90.4 57.0 453
MEVA [30] 108.0 70.4 344 86.9 54.7 - 91.4 63.5 17.8
PSVT [35] - - - 79.1 45.7 92.6 - - -
*1JOTR [26] - - - 76.4 48.7 92.6 75.7 52.2 -
*"DPMesh [59] - - - 73.6 47.4 90.7 70.9 48.0 -
tPhaseMP [39] 97.8 65.4 28.8 83.5 51.6 100.4 86.4 54.4 134
*HMR2.0 [9] 89.2 54.1 31.9 70.0 44.5 78.7 71.0 50.5 15.8
ScoreHMR [41] 81.1 53.1 24.6 68.7 479 76.3 65.9 46.3 10.3
GVHMR [38] 80.6 51.6 20.5 - - - - - -
tOurs (w/o OcMotion training) 79.2 51.7 20.1 67.3 44.8 75.3 63.1 45.2 9.1

motions. Furthermore, PhaseMP adopts an optimization construction. Previous works [16, 33] exploit social in-

framework for occluded human motion capture, which also
faces severe depth ambiguity. In contrast, our method, with
the frequency domain prior, can obtain coherent and highly
dynamic motions.

Table 3. Comparisons on Hi4D. Our method can achieve state-
of-the-art performance on inter-person occluded cases.

Method MPJPE PA-MPJPE PVE  Accel
Human4D [9] 72.1 52.4 88.6  2I.1
CLIFF [28] 91.3 53.6 109.6  28.8
BEV [42] 91.8 52.2 101.2 435
BUDDI [33] 96.8 70.6 116.0  46.1
Closelnt [16] 63.1 475 76.4 19.9
Ours 61.5 45.7 75.5 15.6

We also compare our method with state-of-the-art meth-
ods on Hi4D, which contains complex two-person close
interactions. The dataset exhibits severe inter-person oc-
clusions, which induce ambiguous image features for re-

teractions to improve the reconstruction, which requires
high quality multi-person data for the training. In con-
trast, we fully leverage the reliable image observations and
learn spatio-temporal dependencies in the frequent domain,
which helps decompose the occluded motion from the com-
plex interactions. As shown in Tab. 3, our method demon-
strates competitive performance compared to multi-person
methods in terms of joint accuracy and achieves better mo-
tion coherence.

5.3. Ablation study

Frequency domain denoising. We ablate the frequency
domain denoising to reveal the properties of this module
in occluded human motion capture. As shown in Tab. 4
(Temporal Regression), we use temporal regression as the
baseline method, which directly regresses 3D human mo-
tions from extracted image features. First, we combine the
ground-truth 2D keypoints with the image features to esti-
mate 3D motions, which demonstrate that 2D keypoints can



provide valid information for reconstruction. Next, we re-
place the ground-truth data with predicted keypoints from
ViTPose [47] (Tab. 4 (+ Predicted Keypoints)). Since the
occluded videos are ambiguous, the 2D keypoints contain
a lot of noise, which even affects the original performance.
We also follow previous time-domain methods to enforce
the model to refine the noisy keypoints with a temporal
transformer (Tab. 4 (+ Denoised Keypoints)). We found that
some high-frequency noise can be removed using temporal
consistency. However, it cannot provide sufficient informa-
tion for long-term occlusions. In contrast to time domain
priors, our DWT-based transformer model learns the cor-
relations among different frequency components, and se-
lects valid wavelet coefficients to reconstruct the clean data,
which is more robust to both low- and high-frequency noise
induced by the occlusions.

DWT vs. DCT vs. Phase-based representation. There
are several frequency domain representations that can be
used for human motion analysis. The phase-based repre-
sentation [40] takes the Fourier phase components to model
temporal dynamics, which has been demonstrated to be
effective in generating periodic motions like locomotion.
However, real-world motions are non-stationary signals and
do not persist with constant frequencies. As shown in
Tab. 2, although PhaseMP gained improvements from the
frequency domain knowledge, its performance is still infe-
rior to SOTA methods, which reveals that this representa-
tion may not be appropriate for motion capture. We also
compare DWT to DCT in Tab. 4. DCT decomposes the sig-
nals into different global frequency components, and previ-
ous DCT-based methods directly eliminate high-frequency
components to achieve denoising. However, occlusion of-
ten occurs in a local region of the entire motion. Conse-
quently, this method cannot effectively address occlusions
and may diminish some delicate motion details. In contrast,
DWT focuses on the local region and can preserve spatial
and temporal information, making it more appropriate for
occluded motion capture.

Frequency domain lifting. We further investigate the ef-
fectiveness of the frequency domain prior in occluded hu-
man motion capture. We first directly train a diffusion
model to lift the predicted keypoints to 3D motion under
the guidance of image features, and the results are shown
in Tab. 4 (+ 3D Diffusion). We found its performance is
similar to Tab. 4 (+ Predicted Keypoints), which reveals
that time domain diffusion cannot remove the noise in the
2D detections. We then transform the predicted keypoints
into the frequency domain via DWT and train the diffusion
model without the pretraining from stage 1. This strategy
is similar to MotionWavelet [8]. Although this method con-
strains the inference with frequency decomposition, it is dif-
ficult to regress 3D wavelet subbands from the noisy 2D
components. Therefore, we incorporate the pretrained prior

Table 4. Ablation studies on different key components. All mod-
els are trained and evaluated on the proposed OcMotion dataset.
“Frame Regression” and “Temporal Regression” refer to directly
regressing SMPL parameters from image features using MLP and
a temporal transformer, respectively. ”+” denotes the addition of a
specific module to the Temporal Regression model.

Method MPJPE PA-MPJPE PVE Accel.
Frame Regression 54.0 39.4 60.1 314
Temporal Regression 51.7 37.7 573 282
+ Ground-Truth Keypoints 32.5 22.2 36.1 12.5
+ Predicted Keypoints 523 37.7 57.8 282
+ Denoised Keypoints 51.4 37.7 572 233
+ Denoised Keypoints + DWT 49.6 36.4 56.9 18.8
+ Denoised Keypoints + DCT 51.6 37.5 57.3 17.6
+ 3D Diffusion 51.3 374 57.0  20.0
+ 3D Diffusion + DWT 51.0 36.9 569 198
+ Prior 49.1 36.3 56.8 185
+ Prior + 3D Diffusion 48.5 35.4 55.9 15.5

to assist in the lifting. In contrast to denoised keypoints
with DWT, latent embeddings from the prior encoder con-
tain more information and can significantly improve the 3D
reconstruction. Since the 3D branch can also produce 2D
keypoints through reprojection, we can also use the diffu-
sion process to train the 3D decoder, which can further im-
prove the accuracy.

6. Limitations and future works

Although the current implementation achieves satisfactory
results on single-person occluded videos, the 2D detection
still affects the accuracy of 3D motion capture. For instance,
in Sup. Mat. Fig. 5, the 2D joint positions of the left and
right legs in the top-left case are incorrectly predicted but
assigned high confidence scores. Consequently, the model
regresses an erroneous 3D motion. Additionally, the train-
ing data include few challenging poses, making it difficult
for the model to generalize to these cases. Future work
could incorporate more low-level visual features into the
estimation process and utilize enhanced behavioral priors
to filter noise and mitigate such issues.

7. Conclusion

In this paper, we propose a novel frequency domain denois-
ing prior that learns complex spatio-temporal dependencies
from reliable image observations to alleviate both low- and
high-frequency noises induced by occlusions. To train the
prior and the lifting decoder, we introduce a diffusion pro-
cess that can be applied in both the 2D and 3D stages. With
the proposed prior, we formulate occluded human motion
capture as a wavelet coefficient selection process, which
improves the robustness and accuracy of single-view recon-
struction. To promote research related to human occlusion,
we further build the first 3D occluded motion dataset (Oc-
Motion), which can be used for training and evaluation un-
der occlusion scenarios.
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