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Abstract

The basic body shape (i.e., the body shape in T-pose) of a
person does not change within a single video. However,
most SOTA human mesh estimation (HME) models output
a slightly different, thus inconsistent basic body shape for
each video frame. Furthermore, we find that SOTA 3D hu-
man pose estimation (HPE) models outperform HME mod-
els regarding the precision of the estimated 3D keypoint po-
sitions. We solve the problem of inconsistent body shapes
by leveraging anthropometric measurements like taken by
tailors from humans. We create a model called A2B that
converts given anthropometric measurements to basic body
shape parameters of human mesh models. We obtain supe-
rior and consistent human meshes by combining the A2B
model results with the keypoints of 3D HPE models using
inverse kinematics. We evaluate our approach on challeng-
ing datasets like ASPset or fit3D, where we can lower the
MPJPE by over 30 mm compared to SOTA HME models.
Further, replacing estimates of the body shape parameters
from existing HME models with A2B results not only in-
creases the performance of these HME models, but also
guarantees consistent body shapes.

1. Introduction
Creating an accurate 3D human mesh from monocular im-
ages or videos creates new opportunities in fields like 3D
animation, gaming, fashion, sports, etc. In many of these
application fields, videos are of main interest. While ap-
plying HME to videos, analyses of results of SOTA HME
models show that the basic body shape of the meshes of the
same person differs from frame to frame. 1 Worse, an anal-
ysis of currently used 3D mesh and pose datasets reveals
the same inconsistencies in the provided ground truth (GT)

1The body shape in a given pose is usually modeled by a basic body
shape (given in T-pose) plus an additional pose-dependent deformation.
We call the basic body shape just body shape in the following, as the pose-
specific correction is computed from the pose and does not need to be
estimated.

OursSMPLer-X

Figure 1. Two qualitative examples from the ASPset sports
dataset. The result from a SOTA HME model, SMPLer-X [3],
is shown on the left, the result from our model on the right, re-
spectively. GT joints and estimated joints are color-coded. Corre-
sponding joints are connected.

data. For a precise body posture analysis, as it is necessary
in many sports disciplines, an exact model of the athlete’s
body shape is required. Therefore, most professional ath-
letes are measured anthropometrically during performance
assessments today. Moreover, the body shape of an actor
performing motions for 3D animations needs to be consis-
tent as the basic body shapes does not change during perfor-
mances. Thus, the changing body shapes of HME models
for the same person are highly unwanted and simply wrong.

Our work aims to create a single perfectly fitting basic
body shape for each human and reuse it for all videos with
this person. Measuring the human body has already been
done for centuries to fit suits or dresses perfectly to a spe-
cific body shape. In many applications, measuring the per-
son in action beforehand would add only a marginal over-
head, but improves the results dramatically. For this reason
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we propose to use these measurements. Body shape param-
eters of common human mesh models like SMPL-X [27]
are not human interpretable. Therefore, it is not possible to
obtain the perfect body shape parameters by anthropometric
measurements. Hence, we train a machine learning model
(called A2B, anthropometric measurements to body shape)
to translate those measurements into body shape parameters
for HME. With this approach, measuring a person once cre-
ates the body shape that can be used for all frames in all
evaluation videos.

HME models are performing well on everyday data.
However, in more challenging scenarios like sports, their
performance is inferior to fine-tuned SOTA 3D HPE mod-
els. 3D HPE models only predict 3D keypoints resulting in
a stick-figure pose, whereas HME models output a posed
mesh including the human’s surface. Due to the lack of GT
meshes, HME models cannot be trained on datasets with
solely 3D keypoint annotations. The usage of synthetic data
is emerging in the field, but is not applicable to challenging
or specific scenarios like sports. In this paper, we propose
a solution to that problem. With our A2B model and an-
thropometric measurements, we can now create the body
shape parameters of humans needed for HME. We further
apply inverse kinematics (IK) to produce the rotations that
are missing in the 3D stick-figure model that is created by
3D HPE models. Together with our A2B body shape, we are
able to generate human meshes that have a consistent body
shape and a precise pose. The main goal of this paper is to
estimate the best possible human mesh with a consistent
body shape by adding the marginal overhead of measur-
ing humans. Since our main focus is sports, this overhead
is negligible, as professional athletes are commonly mea-
sured anyway. We show qualitative examples of our model
and a SOTA HME model, SMPLer-X [3], in Figure 1. Our
approach is generally applicable to any HME problem. We
choose sports datasets to validate our proposed approach,
since the poses in sports are challenging for existent HME
models and athletes are measured. Their performance is
currently not good enough to use them in performance as-
sessments of athletes, which we try to change. Our contri-
butions can be summarized as follows:

• We reveal inconsistencies in the GT data of ASPset [25]
and fit3D [12]. The body shape of a single person varies
mistakenly in the GT.

• We create and evaluate different models to convert be-
tween anthropometric measurements and SMPL-X body
shape parameters for all genders. We call them A2B.

• We analyze and compare the performance of existing
HME models on ASPset and fit3D. Replacing the es-
timated body shape parameters (and keeping the pose)
of each HME model with A2B body shape parameters
increases the performance of all models.

• With fine-tuned SOTA 2D and 3D HPE models [10, 37],

IK, anthropometric measurements, and our A2B model,
we estimate accurate human meshes with a consistent
body shape. We show that this approach achieves supe-
rior results to SOTA HME models, although still evalu-
ated on the inconsistent GT.

• Our models and code for our approach are pub-
licly available: https : / / github . com /
kaulquappe23/a2b_human_mesh

2. Related Work
Human Mesh Estimation (HME) is an active area of re-
search. Body models like SMPL [20] and its successor
SMPL-X [27] are broadly used. Their advantage is that
they decouple human pose and shape. The pose parame-
ters ω give the rotations of the joints relative to the parent
joint. The shape parameters ε model the basic body shape.
At first, a mesh is created with a linear mapping from ε
parameters to a T-shaped pose. Next, some pose-specific
shape deformations are applied, and then the mesh is ro-
tated at the joints according to the ω parameters.

The first HME model that estimates SMPL-X meshes
from images, SMPLify-X, was introduced along SMPL-X
[27]. It detects 2D image features and then fits an SMPL-
X model to these. To achieve that, they incorporate a pose
prior trained on a large motion capture dataset and an inter-
penetration test. A more recent model for HME is Multi-
HMR [1]. It predicts 2D heatmaps for person centers and
based on that the human mesh with a human prediction
head. OSX [19] is a HME model using a component aware
Transformer that is composed of a global body encoder and
local decoders for face and hands. SMPLer-X [3] is intro-
duced as a generalist foundation model for HME trained on
a large amount of datasets mainly using vision transformers.
There are many other HME models, some focussing more
on whole-body HME [7, 11, 23], others on multi-person
HME - either with a two stage approach using a person de-
tector and a single person human mesh estimator [6, 13, 29],
or a single stage approach estimating the meshes of all per-
sons at once [30, 36, 38].

Choutas et al. [8] observed that existing HME models
focus more on the body pose than the shape, although the
shape is equally important for many applications. They pro-
pose SHAPY, a model that uses anthropometric and linguis-
tic attributes to create accurate body shapes. Moreover,
Sarkar et al. [32] introduce SoY, which contains specific
loss functions to enhance the body shape accuracy. An-
throNet [28] propose a new body model that is learned with
an end-to-end trainable pipeline. It takes anthropometric
measurements as an input to learn a mesh model that accu-
rately captures shapes of humans, but this model is differ-
ent from the commonly used SMPL-X model. We use the
common SMPL-X body model and decouple the estimation
of the shape from the estimation of the pose. Sengupta et
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al. [34] estimate anthropometric measurements from im-
ages and use a linear layer to convert them to body shape
parameters. However, their model operates on single im-
ages and their measurement to shape conversion is different
from ours and only available for a single gender. We further
ensure the consistency of the body shape over time.

In the last years, 3D HME approaches leveraged Inverse
kinematics (IK) to enhance their results. HybrIK [17] trans-
forms 3D joint coordinates to relative body-part rotations
for 3D HME by using a twist-and-swing decomposition.
HybrIK-X [18] further enhances HybrIK with expressive
face and hands. Cha et al. [4] leverage IK to tackle the chal-
lenge of person-to-person occlusions in images with inter-
acting persons. PLIKS [35] (Pseudo-Linear Inverse Kine-
matic Solver) approaches HME by analytically reconstruct-
ing the human model via 2D pixel-aligned vertices in an
IK-like manner.

Although HME is an active area of research, it is yet
not common in computer vision for sports. Due to high
velocities and a great variation of poses, sports is a chal-
lenging scenario for all kinds of human pose and shape es-
timation. The fit3D dataset [12] is a dataset which con-
sists of videos from gym sports exercises with repetitions
and is annotated with human meshes. AIFit [12] is a tool
trained on fit3D which can reconstruct 3D human poses,
reliably segment exercise repetitions, and identify the de-
viations between standards learned from trainers, and the
execution of a trainee. Other sports datasets only consist of
3D joint annotations, like ASPset [25] or SportsPose [15].
SportsCap [5] is an approach for simultaneously capturing
3D human motions and understanding fine-grained actions
from monocular challenging sports videos.

3. Errors in 3D Human Shape Ground Truth
Each person has a specific basic body shape that does not
change over a short time period. Therefore, the SMPL-X
body model decouples the human pose encoded by ω pa-
rameters from the basic body shape encoded by ε parame-
ters. Deformations to the basic body shape that are caused
by the current pose are modeled separately. Therefore, it
makes sense to assign a single set of shape parameters ε to
a person for a given short time period such as a recorded ac-
tion to describe his/her shape. Further, there are lengths that
can be calculated from 3D joints that should never change,
since individual bones of humans are rigid and should not
be deformed by different poses. Our approach enforces a
single set of shape parameters per person and immutable
bone lengths.

As a first step, we analyze if the GT data of our used
datasets fulfills these properties. In this paper, we use
ASPset [25] and fit3D [12], since both datasets consist of
videos with fast changing poses and 3D GT. Results for
the Human3.6M [16] and MPI-INF-3DHP [22] datasets are

ASPset fit3D
Measure ϑ r. ϑ r. range Measure ϑ r. ϑ r. range

head 0.91 5.98% 57.91% head 0.73 2.73% 17.52%
hip width 1.71 9.48% 85.46% hip circ. 0.87 0.84% 8.17 %
forearm 1.99 8.37% 92.04% forearm 0.34 1.40% 9.24%

upper arm 1.72 6.29% 66.35% arm 0.76 1.51% 9.42%
lower leg 1.44 3.60% 41.36% lower leg 0.52 1.31% 13.80%

thigh 1.65 4.23 % 35.46% thigh 0.43 1.17% 11.74%
height 1.60 0.94% 8.69%

ε param. 0.64

Table 1. GT data analysis for ASPset (left) and fit3D (right): Stan-
dard deviation ω, relative standard deviation ω

avg and relative range
max→min

avg of anthropometric measurements. Standard deviations
are given in cm, but not for the ε parameters. The values are av-
eraged between left and right body parts and between all persons
used for evaluations in Section 5. The ε parameter standard devi-
ation is averaged over all ε parameters.

presented in the supplementary. For ASPset, we analyze
bone lengths, since it has only GT annotations for 3D joints.
For fit3D, GT SMPL-X ε parameters are available, hence
we can analyze the ε parameters directly and further the
derived anthropometric measurements. These values are
the output of our deterministic B2A function: It generates
a standard T-pose with the given ε parameters and com-
putes 36 anthropometric measurements from the resulting
mesh. Results of our GT analysis for a subset of the an-
thropometric values are shown in Table 1. We can see that
the GT itself is not consistent. The deviations are larger for
ASPset. Although we have GT SMPL-X meshes for fit3D,
every ε parameter of a single person has a standard devia-
tion of 0.64 on average.2 This is a relevant flaw in the GT
shape annotation, since based on the model, the GT shape
should be consistent for each human. Nevertheless, we use
the given inconsistent GT for our evaluations for compara-
bility with related work and as we have no good means to
correct them. The reader should keep this in mind. Never-
theless, we want to encourage future research in the field of
3D human pose and mesh data collection to try to eliminate
these flaws in the provided GT.

4. From Measurements to Body Shape
Humans have been measured for centuries [9]. Tailors know
exactly which measurements to take for perfectly fitting a
suit or dress to the body shape of a customer. In sports,
it is already common practice that professional athletes are
measured for precise performance assessments. Measuring
a human is easy and well understood. In contrast, the pa-
rameters of the body shape for human mesh models like
SMPL-X [27] are not humanly interpretable. The ε param-
eters describe the principal components of the human body
shape with typically around 10 to 16 values and are the re-

2Averaged standard deviation means (in the whole paper) that the stan-
dard deviation is calculated per person, and the mean of the resulting stan-
dard deviations is calculated afterwards.
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sult of a PCA executed on the human meshes of a train-
ing dataset while learning the SMPL-X model. Fixing all
ε parameters despite one and looking at the results lets hu-
man observers get a notion of what this parameter might
mean, but in total, the ε parameters and their interactions
are not well interpretable. Therefore, we want to leverage
the well established technique of measuring humans to cre-
ate precise body shape parameters for the commonly used
SMPL-X human mesh model. We call our approach to con-
vert from 36 Anthropometric measurements to Body shape
parameters A2B. Since there is no known relation between
anthropometric measurements (AMs) and ε parameters, our
aim is to learn this mapping. The reverse direction, B2A, is
a deterministic function of the human mesh, as the AMs can
be measured from the mesh.

4.1. Data Generation
We select 36 anthropometric measurements for our models
based on the selections of AnthroNet [28] and an anthro-
pometry study of the U.S. army [14]. They can be catego-
rized into 23 lengths and 13 circumferences. Apart from the
bone lenghts like arm length, thigh length, etc., this includes
also detailed measurements like shoulder width, front torso
height, lateral neck length, waist circumference, calf cir-
cumference, etc. A visualization and precise description of
all AMs can be found in the supplementary.

Many existing datasets provide a wide range of different
poses, but most incorporate the same humans. For learning
a conversion model from AMs to ε parameters, we need
a lot of samples for different humans, no matter the pose.
With given shape parameters, we can use the B2A function
to compute the AMs. Recall, B2A is a deterministic func-
tion measuring the AMs from meshes in T-pose.

Because many different body shapes are required for the
learning process, we use the AGORA [26] dataset. It con-
sists of 1447 male and 1588 female subjects. We are not
able to use the larger dataset from AnthroNet [28], since it
uses its own mesh model and the authors did not publish
their conversion to the SMPL-X model, which we want to
use as it is most commonly used in research. Although com-
parably large, 1447/1588 subjects is still a little amount of
data to learn a model. Hence, we analyze the ε parame-
ters in the AGORA dataset with the aim to randomly sam-
ple more data with realistic body shapes. Histograms (see
Figure 2) of the occurring ε parameters show that their dis-
tribution roughly follows a normal distribution. Therefore,
we train our models with randomly sampled data according
to these distributions, either assuming a normal distribution
fitted to the histograms or a uniform distribution with the
same minimum and maximum values as in the data analy-
sis. This means that we sample each ε parameter according
to the selected distribution, create the mesh according to the
sampled values and derive the AMs with B2A. With this

Figure 2. Histograms and fitted normal distribution (orange) for
the first two ε parameters for all male (left) and female (right)
subjects of the AGORA [26] dataset.

strategy, we can create a dataset with as many subjects as
we need. As we do not expect the analyzed AGORA data
to cover the full range of human body shapes, we also train
with extended distributions, meaning that we increase the
standard deviation ϑ to ϖnϑ in the case of a normal dis-
tribution or stretch the interval by a factor ϖu in case of a
uniform distribution.

4.2. Models
We use the same number of ε parameters for each gender
as used in the AGORA dataset, meaning 11 for male, 10 for
female, and 16 for neutral subjects. With 36 AMs as input
values and 10 → 16 output values for our A2B models, the
dimensionality of the data is low. Therefore, we experiment
with Support Vector Regression (SVR) and with small neu-
ral networks (NN). We split the AGORA dataset in an 80%
train, 15% test and 5% validation subset. For SVR, we addi-
tionally randomly sample 10, 000 subjects for training. We
use a hyperparameter search based on the validation split to
determine the optimal settings, which leads us to a radial
basis function kernel, an error margin of ϱ = 0.012 and a
regularization constant of C = 3791. For the NNs, we ran-
domly sample new data in each iteration. The hyperparam-
eter search for the NNs results in a model with 4 layers, 330
neurons per layer, tanh as activation function, and Xavier
Glorot as initialization. We use mean squared error on the
model output (the ε parameters) as training loss.

4.3. Results
We train each model (NN and SVR) for each gender and
with different dataset variants: We train solely on the
AGORA train split, as well as on uniformly and normally
distributed randomly sampled data according to the data
analysis, and we further extend the range of the data as de-
scribed in Section 4.1 with ϖn = ϖu = 1.5. The results
are displayed in Table 2. We evaluate the performance of
our models in two ways. At first, we calculate the error of
the predicted and GT ε parameters. Second, we calculate
the mean deviation of the AMs of the meshes from the pre-
dicted and GT ε parameters (A). Therefore, this evaluation
can further be seen as a kind of cycle consistency evalua-
tion of A2B (our learned model) and B2A (the determinis-
tic measuring function). We provide a visualization of the
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! error of ε ! error of A [in mm]
train data m f n m f n

NN AGORA 9.11 13.9 24.0 0.814 0.934 1.459
NN norm. 2.62 4.34 18.0 0.356 0.392 1.711
NN norm. ext. 1.87 3.69 14.8 0.248 0.285 1.384
NN unif. 5.08 1.25 2.81 0.243 0.268 0.623
NN unif. ext. 1.61 3.20 8.37 0.274 0.419 0.381

SVR AGORA 2.56 16.1 3.82 1.659 5.195 2.557
SVR norm. 4.08 17.8 59.0 2.975 4.303 14.63
SVR norm. ext. 0.210 4.60 6.27 0.280 1.090 2.211
SVR unif. 0.0396 0.0350 0.162 0.124 0.284 0.214
SVR unif. ext. 0.0252 0.0193 0.306 0.082 0.136 0.164

Table 2. Results of our A2B models on the test split of the AGORA
dataset. The first block (ε) shows the error if we take the GT ε
parameters, derive 36 anthropometric measurements (B2A), input
them into the A2B models and evaluate the MSE of the predicted
ε parameters in the scale 10→3. The second block (A) calculates
B2A from the predicted ε parameters and evaluates the mean dif-
ference between the GT and predicted AMs (all 36) in mm. Re-
sults are given for m(ale), f(emale), and n(eutral) models. Further
visualizations are in the supplementary.

evaluation process and evaluation results of the real-world
SSP-3D dataset [33] in the supplementary. The anthropo-
metric error is our main metric as these values reflect the
desired body shape given as an input by the user and are fur-
ther interpretable. The ε parameters are somehow arbitrary
in their scale. For all genders and SVR, using an extended
uniformly sampled dataset works best. For the NNs, a uni-
formly sampled dataset works best for male (m) and female
(f) genders and an extended normally sampled dataset for
the neutral (n) meshes. The results for the neutral model are
worse in general, especially in the case of the NNs, which
might be due to the fact that the neutral model needs to ex-
press a more diverse range of body shapes. Furthermore,
the SVR achieves better results for all genders. Thus, we
use these models for all datasets, without any fine-tuning or
adaptation to specific datasets.

5. Leveraging A2B Model Results for HME
Now that we have trained the A2B models, we can use them
to generate precise body shape parameters upfront and reuse
them for every evaluation of a specific person. In the next
section, we describe how the A2B results can be used to
improve existing HME models (see Section 5.1). Further,
we introduce a new approach to HME (see Section 5.2).
We leverage the good performance of a sequence-based 2D-
to-3D uplifting HPE model and convert the 3D stick-figure
poses to human meshes with the help of our A2B models.
With this approach, we achieve superior results compared
to existing HME models. However, we want to emphasize
that our approach is not exactly comparable to existing ones
since it uses the additional information of anthropometric
measurements. Since the performance of existing HME ap-

proaches is not good enough to be used for sports analyses,
our main goal is to achieve the best possible performance
with marginal additional information. As professional
athletes are measured anyway, this results in actual no over-
head in these use cases.

We evaluate all models on the ASPset [25] 3D human
pose dataset. It consists of various different sports motion
clips performed by different subjects, recorded from three
camera perspectives. We evaluate on the test set, which
contains two subjects and 30 videos for each subject. In
the test set, only one camera perspective is public, so we
evaluate on this perspective. Evaluating SMPL-X meshes
for ASPset is non-trivial. Regressing standard SMPL-X
joints from SMPL-X meshes is built-in, but for all other
keypoint definitions it is necessary to define a custom re-
gressor. Since there is no regressor available for ASPset,
we create a custom SMPL-X regressor [31].

We further evaluate on fit3D [12], since this is the only
sports dataset with public SMPL-X annotations. We evalu-
ate the meshes and the SMPL-X joints since they are avail-
able. We select a subset of 37 SMPL-X joints. Since our
focus is mainly on the body and not on the hands and face,
we remove a lot of these joints and consider only the main
body pose for MVE calculation. A list of the selected joints
can be found in the supplementary. Hence, we achieve
a fair comparison with this evaluation scheme. For both
datasets, we do not have access to the athletes to measure
them. Therefore, we simulate athlete measuring by mea-
suring the GT meshes. Details can be found in the supple-
mentary. Since there is no GT available for the official test
set evaluation on the evaluation server of fit3D, we split the
official training dataset into a training, validation, and test
set for our evaluations. We perform a leave-one-out cross
validation and average the results.

Sports datasets differ from most commonly used every-
day activity datasets in the aspect that the poses are more
diverse and the motions are faster, which makes sports
datasets more difficult. In some cases, the poses are so dif-
ficult that some models do not detect a human at all. This
makes a fair evaluation hard, since the standard MPJPE
metric takes the mean of the joint position errors. Assum-
ing a default pose for all frames where no person is detected
would result in a very high error that shifts the mean enor-
mously. Hence, we report the MPJPE only on the frames
where persons are detected. Since mostly difficult frames
are omitted, this will result in a slightly easier setting for
methods that find fewer persons, but we include the number
of missing frames in our results for comparison.

5.1. Improving HME Model Results
A major problem for HME based analyses is a varying ba-
sic body shape within a single video. Existing HME models
output different ε parameters for each frame. Exemplarily,
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we show the standard deviation of the body height of one
subject in Table 3. Recall that these measurements and ε
parameters are based on a T-pose mesh, hence varying poses
have no influence on measuring and ε parameters. Using ε
parameters generated with A2B models solves this problem.
The necessary 36 measurements are either measured from
the human directly, or averaged from the provided GT mesh
(fit3D) or IK applied to the GT poses (ASPset). We call
these measurements pseudo GT and include more details in
the supplementary. We choose this process to simulate real
measurements which exist for most professional athletes.
We combine existing HME models with the body shape es-
timated by our A2B models by replacing the estimated ε
parameters with the ones predicted by the A2B models. We
select three recent well performing models on the AGORA
dataset (SMPLer-X [3], OSX [19], Multi-HMR [1]), and
the first HME method developed by the SMPL-X authors,
SMPLify [27]. Since SMPLer-X is trained on the official
training data of fit3D, an evaluation with this model is not
meaningful, and we omit it here. Moreover, SMPLify-X
is not SOTA anymore and achieved the worst results for
ASPset. Therefore we omit it, too.

The first evaluation contains the original result from the
respective model, and evaluations where the pose from the
model is kept, but the ε parameters are replaced with the
A2B body shape parameters with pseudo GT input. Re-
sults are displayed in Table 3. The results for the MVE
of the meshes for fit3D are included in Table 5. We can
see that for all models, replacing the estimated ε param-
eters by ε parameters from our A2B models with pseudo
GT input leads to an improvement. For one model, the
gendered meshes outperform the neutral ones and for all
other models, the neutral meshes perform best. We use the
correct gender (male or female) of the subject in the gen-
dered results. Interestingly, the NN outperforms the SVR
for all neutral experiments, although the SVRs achieved
better results on the AGORA dataset evaluation. The rea-
son could be that AGORA is a synthetic dataset and does
not reflect reality. SMPLer-X achieves the best results for
ASPset and Multi-HMR for fit3D, both with a significant
margin. OSX performs worse on fit3D than on ASPset,
but Multi-HMR performs better by a large margin and sur-
passes OSX. All methods benefit from our A2B ε parame-
ters based on pseudo GT with MPJPE improvements from
11 mm to 3 mm regarding both datasets and MVE improve-
ments of approx. 8 mm regarding fit3D.

Although it is not our main goal, we further evaluate
the capabilities of a fixed body shape without available GT
measurements to ensure consistent body shapes in the case
that no measurements are available. The simplest approach
is to use the median of the ε parameters across all frames
of the respective model. However, the ε parameters have
no real meaning. Therefore, we compare this approach to

Model orig. ϑ NN g SVR g NN n SVR n no r. ↑

A
SP

se
t SMPLer-X 86.0 2.9 78.9 78.5 78.3 78.5 0.11%

OSX 92.3 0.2 89.6 89.3 89.4 89.6 0.10%
Multi-HMR 102.5 3.6 100.0 100.3 99.3 99.5 0.44%
SMPLify-X 138.2 13.0 127.7 127.4 126.8 126.9 0.02%

fit
3D OSX 94.2 3.9 88.9 88.6 87.1 87.2 3.45%

Multi-HMR 74.6 3.3 69.6 69.6 68.0 68.4 1.54%

Table 3. MPJPE results in mm for existing models on the test
splits of ASPset (top) and fit3D (bottom). The second column
(orig.) contains the original results, the other columns results with
replaced ε parameters from our A2B models with pseudo GT
anthropometric measurements as input and either gendered (g)
or neutral (n) meshes, and the percentage of frames with no result
(no r.). The ω column displays the mean standard deviation of the
body height per subject in cm for the original results, while all
A2B body shapes have ω = 0.

Model orig. median NN g SVR g NN n SVR n

A
SP

se
t SMPLer-X 86.0 86.0 85.9 85.7 86.0 86.0

OSX 92.3 92.4 92.4 92.2 92.3 92.4
Multi-HMR 102.5 102.0 102.6 103.0 102.1 102.2
SMPLify-X 138.2 133.6 133.8 133.5 133.6 133.5

fit
3D OSX 94.2 93.0 95.0 94.8 93.0 93.0

Multi-HMR 74.6 73.9 75.8 76.1 73.9 74.1

Table 4. MPJPE results in mm for existing models on the test
split of the ASPset (top) and fit3D (bottom) datasets. The second
column contains the original results, the other columns results with
replaced ε parameters. Either the median ε parameters are used or
the results from our A2B models with median anthropometric
measurements from the respective model as input.

taking the median of the anthropometric measurements of
the generated meshes and then converting them to ε param-
eters via the A2B models. Results are displayed in Table
4. For SMPLer-X and OSX, using the median ε parameters
lead to equal or even worse results on ASPset. Regarding
ASPset, using our A2B models increases the performance
of all models slightly. Switching from the neutral output
that these models all have to a gendered model works best
in most of these cases, but the neutral A2B models also lead
to a marginal improvement. Regarding fit3D, using the me-
dian ε parameters already enhances the MPJPE and MVE
results. Using ε parameters from an A2B model leads to
the same improvement for both metrics, OSX achieves the
best results with SVR and the neutral model, Multi-HMR
with NN and the neutral model.

Anthropometric measurements can further be used to
easily convert between neutral and gendered (male or fe-
male) models. In contrast, ε parameters are not transfer-
able between models of different genders. Therefore, until
now, the conversion could only be achieved by minimizing
the MVE between meshes of different genders in an itera-
tive process. We can now use the B2A function to obtain
measurements for a mesh of one gender and apply the A2B
model of the other gender to these anthropometric measure-
ments in order to get the corresponding ε parameters for
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Figure 3. Overview of our inference pipeline. The pose and shape parameters are obtained either from IK applied to UU results (Sec. 5.2.2)
or from an HME model (Sec. 5.1). In real applications, the anthropometric measurements will be taken directly from the humans. For our
evaluations, we use the GT shape parameters and further experiment with the shape parameters of the respective model (IK or HME).

this gender.

5.2. HME with Sequence Based 3D HPE and A2B
All evaluated HME models are working image-wise. In
contrast, SOTA 3D HPE models take a long sequence of
2D poses as an input, which helps to capture movements
precisely. The models are called uplifting models, since
they lift 2D pose sequences to 3D pose sequences. We
use the efficient SOTA 3D HPE model uplift and upsam-
ple (UU) [10] to estimate the 3D poses on videos. To esti-
mate the required 2D poses from the video frames, we use
ViTPose [37], a SOTA 2D pose estimation model. It is im-
portant to note that UU operates on pose sequences instead
of single frames like the HME models in Section 5.1 and
can leverage the information of neighboring frames to es-
timate a more sophisticated pose. Since we have GT 3D
joints available, we can fine-tune the models (ViTpose for
2D HPE and UU for 3D HPE) on our data. This is also nec-
essary to adapt the model to the dataset specific joint defini-
tions since many 3D HPE models like UU are pretrained on
datasets like Human3.6M [16], but those joint definitions do
not match ASPset nor fit3D. We fine-tune both 2D and 3D
HPE models on the training subsets. On the test subsets, UU
achieves an MPJPE of 63.85 mm on ASPset and an MPJPE
of 29.60 mm on fit3D, which is better than the best existing
HME model for both datasets (see Section 5.1). However,
UU only outputs 3D joints, no meshes. Moreover, a stick-
figure 3D pose is not sufficient to model the pose parameters
ω of the SMPL-X mesh, since some rotations are missing.
Hence, it is impossible to calculate the necessary rotation
parameters directly from the UU result.

5.2.1. Inverse Kinematics for Full Pose Estimation
Because we need the rotation parameters, we use the well
established approach of inverse kinematics (IK) with a pose
prior to obtain the missing rotations by fitting an SMPL-X
mesh to the 3D joint locations estimated by UU. IK outputs
the best SMPL-X parameters (ε and ω) that fit the mesh to
the given 3D joint locations. Details can be found in the
supplementary.

5.2.2. Experiments and Results

We evaluate different experiments in Table 5. For compar-
ison, we mention the UU 3D HPE performance (first rows
for each dataset in Tab. 5). These results correspond to
stick-figure poses and not the required meshes. Therefore,
they are not directly comparable to the other results.

Our main approach is shown in the second rows in Table
5. We evaluate the results of IK applied to the UU joint lo-
cations with original, median, and pseudo GT based A2B ε
parameters. The real-world scenario corresponds to the fol-
lowing. GT measurements can be measured from the athlete
directly and the 3D pose can be estimated with UU and IK.
The ε parameters are estimated with the A2B models. A
visualization of this pipeline can be found in Figure 3. We
include the best result(s) from existing HME models in the
respective last rows for comparison and provide qualitative
results in Figure 1. Our approach outperforms the best
existing HME model for both datasets by a large margin.
But we need to mention that our approach is not directly
comparable to the original results of the HME models, since
our approach needs the additional information of measure-
ments, but they already exist in our scenario. However, our
approach still outperforms the existing HME models even
when they use the same measurements and A2B results as
our model does. Further, our model provides results for all
frames, which is not the case for the other HME models.

We analyze the results of the building blocks of our
model in detail. Applying IK to the UU results deteriorates
the UU results by nearly 4 mm for ASPset and 5 mm for
fit3D (see Tab. 5, first and second rows, column orig.), but
this step is necessary since the UU result is only a stick-
figure pose and not sufficient for our purpose. Moreover,
these results are still better than the best existing HME
model (see last rows in Tab. 5).

Next, we replace the inconsistent ε parameters with the
results from our A2B models. This is especially helpful
for our approach since IK produces body shapes with high
inconsistencies, as shown by the larger standard deviation
of the body height compared to other HME models. For
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inconsistent shape consistent shape (ours)
DS pose orig. ϑ measure NN g SVR g NN n SVR n median ϑ no r. ↑

A
SP

se
t UU 63.9 no mesh

IK-UU 67.5 3.0 GT 56.4 56.6 55.2 55.2 - 0.0 0.0%
IK-UU 67.5 3.0 IK-UU 66.9 66.6 67.3 67.1 67.2 0.0 0.0%

SMPLer-X 86.0 2.9 GT 78.9 78.5 78.3 78.5 - 0.0 0.11%

fit
3D

UU 34.3 - no mesh
IK-UU 38.5 / 46.3 8.7 GT 41.2 / 47.5 41.3 / 46.9 38.8 / 45.3 38.7 / 45.3 - 0.0 0.0%
IK-UU 38.5 / 46.3 8.7 IK-UU 42.6 / 51.2 41.6 / 48.6 39.8 / 47.8 39.8 / 47.8 39.9 / 47.8 0.0 0.0%

Multi-HMR 74.6 / 76.1 3.3 GT 69.6 / 67.8 69.6 / 67.6 68.0 / 68.0 68.4 / 68.8 - 0.0 1.54%
Multi-HMR 74.6 / 76.1 3.3 Multi-HMR 75.8 / 77.3 76.1 / 76.7 73.9 / 75.6 74.1 / 75.8 73.9 / 75.5 0.0 1.54%

OSX 94.2 / 89.0 3.9 GT 88.9 / 83.4 88.6 / 82.3 87.1 / 81.1 87.2 / 81.1 - 0.0 3.45%
OSX 94.2 / 89.0 3.9 OSX 95.0 / 91.7 94.8 / 90.2 93.0 / 87.7 93.0 / 87.6 93.0 / 87.6 0.0 3.45%

Table 5. MPJPE and MVE results in mm on the test splits of ASPset (top) and fit3D (bottom) of our approach compared to the respective
best HME model(s). For fit3D, we calculate the MVE, since we have GT meshes available. We display it as the second value in every
column. The pose column indicates the origin of the pose. The orig column contains the result as it is estimated from the method indicated
in the pose column (with inconsistent body shapes). The right block contains the results with the originally estimated ε parameters replaced
by consistent ones. The measurements column indicates which anthropometric measurements are used for the A2B computation (which ε
parameters are used for the median computation) whose results are the replacement ε parameters in the last five columns. We highlight the
overall best results for estimated meshes with consistent shapes in bold and underline the best (MPJPE and MVE) results in each line. We
further add the mean standard deviation of the body height and the percentage of frames with no result as in Table 3.

ASPset, using pseudo GT AMs results in a large improve-
ment of over 12 mm. Remarkably, this result surpasses even
the original UU result by 8 mm. It seems that incorporating
a clearly defined mesh helps to fix some typical errors of
UU and enhance its result in case of ASPset. In general, the
error on fit3D is much lower for UU based approaches. The
reason might be that it consists of much more data, such
that we can fine-tune UU for a longer time. Further, the
videos are recorded in a lab in comparison to the in-the-
wild videos of ASPset. The lab environment is very similar
to the Human3.6M dataset [16], which serves as a training
dataset for most recent HME models. Therefore, the results
of ASPset are more relevant for future applications of our
approach, where we assume only a few available 3D anno-
tations and in-the-wild recordings. For fit3D, applying the
A2B body shapes from pseudo GT AMs leads to a slight de-
crease in performance of 0.2 mm. Inconsistent shapes in the
GT (see Section 3) are likely to cause this behavior. Still,
our approach using a 3D HPE model and IK outperforms all
existing HME models, no matter if the original inconsistent
or the consistent body shapes from A2B are used.

Regarding the gendered meshes, we observe that the per-
formance is slightly better for male than for female sub-
jects. fit3D consists of two female and six male subjects.
The best score of 40.2 mm for the male subjects is achieved
with the SVR model. For the female subjects, the best score
is 42.1 mm with the NN model.

As described in Section 5.1, we further evaluate the capa-
bilities of a consistent shape without available GT AMs.
The naive approach is to use the median of the estimated in-
consistent ε parameters (Tab. 5, column median). Another
approach is to use the meshes created by IK applied to the
UU results, compute the AMs with B2A, calculate the me-
dian AMs and convert them to ε parameters via the A2B

models. Results are displayed in Table 5, row three. For
ASPset, using fixed body shape parameters from A2B mod-
els based on the measurements from UU results achieves a
slightly better score than the results with inconsistent body
shapes. For fit3D, the MPJPE increases by 0.9 mm, but the
A2B model results are a slightly better alternative for con-
sistent body shapes compared to the median ε parameters.

Further, our approach can be used to generate pseudo GT
meshes for datasets with only 3D keypoint annotations. We
can use these pseudo GT meshes to fine-tune HME mod-
els and increase their performance regarding the estimated
keypoints for the specific dataset. However, these results
are still worse than the results of our approach. We present
the results in the supplementary.

6. Conclusion
We address the problem of inconsistent estimated basic
body shapes of humans in videos. We analyze the GT data
of 3D pose and mesh datasets and find inconsistencies in
their annotations. Then, we propose a family of learned
A2B models to convert 36 anthropometric measurements to
SMPL-X ε parameters. This can be used to measure a hu-
man once (as it is established practice for athletes, our main
focus) and use the resulting shape of the A2B model for all
evaluations. With this strategy, the body shape is accurate
and consistent per person. Evaluations show that using IK
on the results of a SOTA 3D HPE model to estimate the
mesh pose combined with our A2B model’s shape param-
eters leads to superior and consistent results compared to
existing HME models. Moreover, HME models also ben-
efit from our approach. Replacing their estimated shape
parameters with the A2B shape parameters leads to an im-
provement of their score and consistent body shapes. How-
ever, our approach based on 3D HPE still outperforms these
scores.
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