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Abstract

Accurate human 3D avatars are essential for various medical applications, such as
pain visualization and burn size estimation. Generating these avatars from simple
anthropometric measurements offers a cheaper and more practical alternative to
conventional 3D body scanners and image-based reconstruction methods, especially
when patients have limited mobility. In this work, we investigate the reliability of
predicting Skinned Multi-Person Linear model (SMPL) shape parameters from
anthropometric measurements in the presence of real-world noise. We further
introduce β-likelihood to quantify the anatomical plausibility of generated shapes
against a learned distribution. Multiple regression models are evaluated on two
external datasets, revealing a clear trade-off between metric accuracy and shape
plausibility. The results indicate that regularized regression models are best suited
to balance this trade-off when dealing with real-world measurement noise.

1 Introduction

Human 3D avatars are gaining more relevance in medical contexts for various applications. For
instance, in burn care, human 3D models can be used to visualize burn injuries and calculate
the percentage of total body surface area (TBSA) burned, which is a key metric for determining
appropriate burn treatment [8]. Another application is pain visualization, where patient-specific
3D body models can help patients to communicate the location and extent of their pain to medical
professionals. Since pain is still often documented on generic, frequently male, 2D templates [12],
patient-specific 3D avatars can improve anatomical correspondence of pain markings, especially
when perceived pain depth relates to tissue volume.

As 3D body scanners are costly, image-based reconstruction methods have been proposed [4, 11, 13].
However, patient photos may be impractical in clinical settings, due to patient’s limited mobility or
privacy concerns. In such cases, fitting a parametric body model from anthropometric measurements
alone can serve as a practical alternative. While Ludwig et al. [6] demonstrate that machine learning
can predict body shape from such measurements, their evaluation does not consider measurement er-
rors, which are common in manual anthropometry due to variation in landmark placement, soft-tissue
compression and posture. To better understand the reliability of anthropometric measurements the the
authors of The Virtual Caliper [10] further investigate which body measurements can be measured
most reliably. Their results show that individual measurements can be accurately reconstructed on a
3D model but as the number of approximated measurements increases, the generated body shapes
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tend to appear less realistic. However, these observations are based solely on perceptual evaluation,
leaving the quantitative assessment of shape plausibility unexplored.

To address this gap, this study investigates the reliability of Skinned Multi-Person Linear Model
(SMPL) shape parameters predicted from anthropometric measurements under real-world measure-
ment noise. Instead of relying on perceptual judgment to assess plausibility, we propose β-likelihood
as an objective metric that measures how likely the predicted shape parameters are under the learned
shape distribution. To investigate the trade-off between measurement accuracy and anatomical plausi-
bility across model classes, multiple regression models are trained to predict SMPL shape parameters
from a set of anthropometric measurements. The models are then evaluated on external validation
datasets containing measurement noise with respect to both metric accuracy and shape plausibility.

2 Data Preparation

Skinned Multi-Person Linear Model (SMPL) [5] is the state-of-the-art parametric human body
model, developed and published by the Max Planck Institute for Intelligent Systems. The body
shape is controlled by β-coefficients, which are referred to as shape parameters throughout this
paper. These coefficients encode the principal components of variation derived from a large dataset
of aligned 3D human meshes, and capture differences in height, limb proportions, torso shape and
overall body composition. Each β-coefficient represents a distinct dimension of shape variation, for
example controlling leg length, hip circumference or other morphological features. SMPL provides
gender-specific models, which capture typical shape differences between male and female bodies, as
well as a gender-neutral model.

Anthropometric measurements of SMPL body models are calculated using the SMPL-
Anthropometry repository [1]. The repository defines two types of measurements, lengths and
circumferences, that are computed differently. Both approaches use predefined landmarks, whose
exact spatial positions are determined using the SMPL shape parameters. Length measurements are
computed by summing the Euclidean distances between defined landmarks, while circumference
measurements are obtained by slicing the mesh at a defined landmark and summing the distances
along the convex hull of the resulting intersection points.

Training Dataset This study utilizes the Avatars in Geography Optimized for Regression Analysis
(AGORA) dataset [9], which provides SMPL shape parameters based on a neutral body model,
fitted to high-quality 3D human scans. The dataset includes 3187 subjects and captures a diverse
range of body shapes, each represented by 10 shape parameters. Using the SMPL shape from the
AGORA dataset, 3D body models are generated, and anthropometric measurements are computed.
The resulting dataset, consisting of SMPL shape parameters paired with their derived anthropometric
measurements, serves as the foundation for model training (see Figure 1a). As the measurements are
derived directly from the parametric model, they are free from manual measurement noise, ensuring
a consistent and deterministic relationship between measurements and shape parameters.

Validation For external validation, the anthropometric datasets Anthropometric Survey of US Army
Personnel (ANSUR) [3] and Study of Health in Pomerania (SHIP) [2] are used. ANSUR contains 93
anthropometric measurements collected from over 6000 adult US military personnel, collected under
real-world measurement conditions, including potential measurement errors. As most participants are
subject to military recruitment standards, the dataset does not fully represent the diversity of body
types in the general population. The SHIP dataset originates from a study in which 2313 full-body
scans were collected and processed to derive an anthropometric dataset representing the German
working-age population, containing 39 anthropometric measurements.

For the present study a set of 16 commonly used anthropometric measurements was identified as
a suitable starting point. Future work will focus on determining which subset of measurements is
truly essential and most effective for this task. Since the real-world anthropometric data available in
SHIP and ANSUR datasets do not perfectly match the predefined set in terms of landmark positions,
closely related measurements were selected where necessary. Accordingly, the landmarks used for
measurement computation on the SMPL model were adapted to match the ANSUR measurement
definitions. Note that the SHIP dataset includes only 11 of the 16 measurements, as corresponding
measurements for the remaining five are not available.



3 Experimental Setup and Evaluation

(a) The regression models are trained using SMPL
body measurements as input features and the cor-
responding SMPL shape parameters as target out-
puts.

(b) The predicted shape parameters are directly used to
assess plausibility, while for metric accuracy they are
first used to reconstruct the corresponding body mea-
surements, from which R² is computed.

Figure 1: Overview of the model training and evaluation process, showing how SMPL body mea-
surements are used to predict shape parameters and how these predictions are evaluated in terms of
plausibility and metric accuracy.

Evaluation Metrics Model performance is evaluated using two complementary metrics. The
coefficient of determination (R²) measures the accuracy of reconstructed body measurements, while
β-likelihood quantifies the plausibility of generated body shapes. As depicted in Figure 1b, R² is
computed by reconstructing body measurements from predicted shape parameters and calculating a
weighted average across measurements, with weights proportional to each measurement’s variance.
More precisely, if R2

j denotes the coefficient of determination for measurement j and σ2
j its variance,

the reported score is computed as
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whereM is the number of evaluated measurements. This ensures that errors in measurements with
greater natural variability, such as waist circumference, contribute more to the overall metric than
measurements with lower variability, like wrist circumference. To address the problem of generating
unrealistic body shapes, we propose using β-likelihood to quantify the plausibility of predicted shapes.
Using the SMPL shape parameters in the AGORA dataset, a multivariate distribution is estimated by
computing the mean vector and covariance matrix of the β-coefficients. The likelihood of a given
shape is computed relative to this distribution using multivariate normal log-density. For a predicted
shape-parameter vector β̂ we report the log-likelihood

log p(β̂) = −1

2

[
(β̂ − µ)⊤Σ−1(β̂ − µ) + d log(2π) + log |Σ|

]
,

where µ and Σ are the mean vector and covariance matrix estimated from AGORA, and d is the
dimensionality of the shape space.

Model Training Multiple regression models, namely Linear Regression, Ridge Regression, Elastic
Net, K-Nearest-Neighbors (KNN), Random Forest and a Multilayer Perceptron (MLP), were trained
on the AGORA dataset, using anthropometric measurements as input features and the corresponding
SMPL shape parameters as target outputs (see Figure 1a). Hyperparameter tuning was performed
to jointly optimize both the coefficient of determination (R²) and log-β-likelihood on the validation
datasets. The hyperparameters were selected from predefined search spaces, using the Optuna Multi-
Objective TPE Sampler [7]. For each model class, optimization was performed over 20 trials. As the
measurement sets of SHIP and ANSUR differ, hyperparameters were optimized separately for each
dataset.

4 Results and Conclusion

Results A Pareto front analysis was conducted to compare the different model classes, based on
their performance on the SHIP and ANSUR validation datasets. In Figure 2, Pareto-optimal points



Figure 2: Pareto front analysis of different model classes, evaluated on the SHIP and ANSUR
validation datasets. Each point corresponds to one hyperparameter configuration of the respective
model class. Pareto-optimal points are highlighted, while the remaining validation results are shown
in faded colors. Crosses indicate the corresponding results on a validation split of the AGORA
training dataset. The figure illustrates the trade-off between R² and β-likelihood on the validation
datasets under real-world measurement conditions.

are highlighted, while the remaining validation results are shown in faded colors. Crosses indicate the
corresponding results on an AGORA validation split. The analysis reveals a clear trade-off between
the two evaluation metrics for the validation datasets. Higher metric accuracy is associated with
less plausible body shapes, and vice versa. However, this pattern is not observed for the validation
split of the AGORA training dataset, suggesting that it is mainly caused by dataset shift between
deterministic SMPL-derived measurements and real-world anthropometric measurements. KNN and
Random Forest models produce shapes with better β-likelihood, indicating greater plausibility, but at
the expense of metric accuracy. In contrast, linear regression-based models like Ridge Regression
and Elastic Net achieve the highest metric accuracy but tend to generate less plausible body shapes.
Notably, Ridge Regression demonstrates that the trade-off between metric accuracy and shape
plausibility can be controlled by tuning the regularization parameter, which pulls the predicted shape
parameters closer to zero.

Conclusion In this work, the AGORA dataset, which provides SMPL shape parameters, was used
to generate a dataset consisting of paired SMPL shape parameters and corresponding measurements.
This dataset served to train multiple regression models, where anthropometric measurements were
used as input features and the associated SMPL shape parameters were predicted as outputs. In
addition, the dataset was used to estimate a multivariate distribution that forms the basis of the
proposed β-likelihood metric for quantifying the plausibility of generated body shapes. For validation,
additional anthropometric datasets were incorporated to assess model performance under real-world
measurement conditions including potential measurement errors. While both high metric accuracy and
plausible body shapes can be achieved on a validation split of the training dataset, evaluation on the
external validation datasets reveals a clear trade-off between metric accuracy and the plausibility of the
generated body shapes. In this context, linear regression models with regularization are particularly
suitable, as the trade-off can be controlled by tuning the regularization parameter. Future work will
focus on training models whose loss function optimizes the error of reconstructed measurements,
rather than the shape parameters, addressing a key limitation of the current study. To simplify the
measurement process in a clinical setting, essential measurements will be identified to define a
minimal set of necessary inputs, and strategies will be explored to handle missing measurements.
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