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Abstract

This paper addresses the problem of monocular 3D human shape and pose estima-
tion from an RGB image. Despite great progress in this field in terms of pose prediction
accuracy, state-of-the-art methods often predict inaccurate body shapes. We suggest that
this is primarily due to the scarcity of in-the-wild training data with diverse and accurate
body shape labels. Thus, we propose STRAPS (Synthetic Training for Real Accurate
Pose and Shape), a system that utilises proxy representations, such as silhouettes and 2D
joints, as inputs to a shape and pose regression neural network, which is trained with syn-
thetic training data (generated on-the-fly during training using the SMPL statistical body
model) to overcome data scarcity. We bridge the gap between synthetic training inputs
and noisy real inputs, which are predicted by keypoint detection and segmentation CNNs
at test-time, by using data augmentation and corruption during training. In order to eval-
uate our approach, we curate and provide a challenging evaluation dataset for monocular
human shape estimation, Sports Shape and Pose 3D (SSP-3D). It consists of RGB im-
ages of tightly-clothed sports-persons with a variety of body shapes and corresponding
pseudo-ground-truth SMPL shape and pose parameters, obtained via multi-frame optimi-
sation. We show that STRAPS outperforms other state-of-the-art methods on SSP-3D in
terms of shape prediction accuracy, while remaining competitive with the state-of-the-art
on pose-centric datasets and metrics.

1 Introduction
3D human shape and pose estimation from a single RGB image is a challenging computer
vision problem, with widespread applications in computer animation and augmented reality.
Recently, several deep-learning-based methods have been proposed [8, 15, 16, 22, 24, 27,
29, 32, 34]. Such methods provide impressive 3D pose reconstructions given single RGB
images as inputs, by leveraging datasets of images of humans in a diverse range of labelled
3D poses [3, 7, 17, 21, 28, 30]. However, these approaches often predict inaccurate body
shapes, as shown in Figure 1. We suggest that this is due to a lack of body shape diversity
within the prevalent training datasets. Most learning-based models will struggle to generalise
to unseen test data if the distribution of the test data is significantly different from the training

c© 2020. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.

Citation
Citation
{Kanazawa, Black, Jacobs, and Malik} 2018

Citation
Citation
{Kolotouros, Pavlakos, Black, and Daniilidis} 2019{}

Citation
Citation
{Kolotouros, Pavlakos, and Daniilidis} 2019{}

Citation
Citation
{Omran, Lassner, Pons-Moll, Gehler, and Schiele} 2018

Citation
Citation
{Pavlakos, Zhu, Zhou, and Daniilidis} 2018

Citation
Citation
{Tan, Budvytis, and Cipolla} 2017

Citation
Citation
{Varol, Ceylan, Russell, Yang, Yumer, Laptev, and Schmid} 2018

Citation
Citation
{Xu, Zhu, and Tung} 2019

Citation
Citation
{Zhang, Cao, Lu, Ouyang, and Sun} 2019

Citation
Citation
{Ghorbani, Mahdaviani, Thaler, Kording, Cook, Blohm, and Troje} 2020

Citation
Citation
{Ionescu, Papava, Olaru, and Sminchisescu} 2014

Citation
Citation
{Lassner, Romero, Kiefel, Bogo, Black, and Gehler} 2017

Citation
Citation
{Mehta, Rhodin, Casas, Fua, Sotnychenko, Xu, and Theobalt} 2017

Citation
Citation
{Varol, Romero, Martin, Mahmood, Black, Laptev, and Schmid} 2017

Citation
Citation
{von Marcard, Henschel, Black, Rosenhahn, and Pons-Moll} 2018



2 SENGUPTA ET AL.: SYNTHETIC TRAINING FOR 3D HUMAN POSE AND SHAPE

Figure 1: STRAPS predicts body shapes with greater accuracy than other approaches
to monocular human 3D shape and pose estimation, such as SPIN [15], CMR [16] and HMR
[8], without requiring training images annotated with 3D labels. The images shown in this
figure are part of the dataset we provide, SSP-3D.

data distribution. Thus, increasingly inaccurate body shapes are predicted as the shape of the
test subject is further removed from the training datasets’ mean shape.

In this paper, we present Synthetic Training for Real Accurate Pose and Shape (STRAPS),
a deep-learning-based framework that uses synthetic training data to overcome the lack of
shape diversity in current datasets. Given an input image, inference occurs in two stages (see
Figure 2a). First, we predict a proxy representation, which encodes the subject’s silhouette
and 2D joint locations, using off-the-shelf segmentation and 2D keypoint detection CNNs
[4, 6, 31]. Then, we use a neural network regressor to predict the parameters of a statisti-
cal body model (SMPL [20]) from the proxy representation. The regressor is trained using
synthetic input-target pairs generated on-the-fly during model training. This is done by sam-
pling target SMPL shape and pose parameters from a training distribution and rendering the
corresponding silhouettes and 2D joints, which act as inputs. Since we can choose the form
of the training distribution, we have control over the diversity of human body shapes seen by
the regressor during training. We utilise simple data augmentation and corruption techniques
(see Figure 2a) to make our regressor robust to noisy inputs encountered at test-time.

Moreover, we curate and provide Sports Shape and Pose 3D (SSP-3D), a dataset which
contains images of tightly-clothed sports-persons with a diverse range of body shapes in
varied environments, obtained from the Sports-1M video dataset [9]. We use multi-frame
optimisation, with forced shape consistency between frames, to obtain pseudo-ground-truth
SMPL shape and pose parameters for the sports-person in each image. We evaluate our
neural network regressor, along with several recent learning-based approaches, on SSP-3D
and report shape prediction accuracy in terms of per-vertex Euclidean error in a neutral pose.
Examples from SSP-3D are shown in Figure 3, along with statistics illustrating the greater
body shape diversity in SSP-3D compared to widely-used 3D human datasets.

In summary, we have two main contributions: (i) a deep-learning framework which uses
synthetic training data and simple data augmentation techniques to overcome the lack of
body shape diversity within prevalent datasets and (ii) the SSP-3D evaluation dataset, which
we use to show that our neural network regressor results in better shape prediction accuracy
than other competing approaches. Our code and dataset are available for research purposes at
https://github.com/akashsengupta1997/STRAPS-3DHumanShapePose.

2 Related Work
In this section, we discuss recent approaches to 3D human pose and shape estimation, as
well as the training datasets typically used for this task.
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Monocular 3D human pose and shape estimationapproaches can be classi�ed into two
paradigms: optimisation-based and learning-based. Optimisation-based approaches attempt
to �t a parametric body model [1, 20, 25] to 2D observations, such as 2D joints [2, 25], body
surface landmarks [17], silhouettes [17] or body part segmentations [33]. These approaches
produce reliable results without requiring 3D-labelled datasets, which are expensive to ob-
tain. However, they are slow at test-time, sensitive to initialisation and can get stuck in bad
local minima, which motivates learning-based approaches.

Learning-based approaches can be further divided into two types: non-parametric 3D
regression and body model parameter regression. Non-parametric 3D regression involves
predicting a 3D human body representation from an image, such as a voxel occupancy grid
[29] or vertex mesh [16]. However, each representation has associated drawbacks for body
shape prediction:e.g. voxels are limited by the resolution of the voxel grid and direct mesh
predictions can result in surface artifacts such as wrinkles and sharp protrusions. Body model
parameter regression involves predicting the parameters of a statistical body model, such
as SMPL [20], which provides a useful prior over body shape. Several approaches �rst
predict a proxy representation from the input RGB image, such as surface keypoints [17,
24], silhouettes [24, 27], body part segmentations [22] or IUV maps [32, 34], and use this
representation as the input to a regressor. Other approaches directly predict body model
parameters from the input image [8, 15, 26]. Fundamentally, learning-based approaches
are dependent on the label accuracy and sample diversity of the training datasets used. This
results in a signi�cant drawback when the training data distribution is not suf�ciently diverse
in terms of body shape, pose and image (e.g. background) conditions, as discussed below.
3D human pose and shape datasets.Learning-based approaches are trained using datasets
of images paired with labels in the form of 3D joints or body model parameters. 3D labels
may be obtained using motion capture (as for Human3.6M [7] and BML MoVi [3]), using in-
ertial motion units (as for 3DPW [30]), or by optimisation (as for UP3D [17]). While current
datasets contain varied and accurate 3D poses, they all suffer from limited body shape di-
versity, which greatly hampers the shape prediction accuracy of learning-based approaches.
Additional drawbacks include: baggy clothing obscuring body shape and data captured in
indoor MoCap environments being unrepresentative of in-the-wild images. We overcome
these limitations of current training datasets by using synthetic training data. Furthermore,
we create our own in-the-wild dataset, SSP-3D, to evaluate monocular 3D body shape pre-
dictions, which contains subjects with a greater variety of body shapes than current datasets.

3 Method

In this section we describe STRAPS, our framework which utilises synthetic training data to
overcome the lack of body shape diversity in real datasets. We also detail the multi-frame
optimisation procedure used to create SSP-3D.

3.1 STRAPS

The proposed synthetic training process has two parts: synthetic data generation and neural
encoder and regressor training, both of which use a parametric 3D body model.
Parametric 3D body model. The SMPL [20] body model provides a fully-differentiable
functionM (qqq;bbb) that takes shape-space coef�cientsbbb and 3D joint rotationsqqq as inputs
and outputs a human vertex meshv 2 RN� 3. 3D joint locations are obtained as a linear
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(a) STRAPS Training and Inference (b) SSP-3D Optimisation

Figure 2:(a) Overview of the training and inference pipelines for STRAPS and (b) op-
timisation pipeline for SSP-3D.Synthetic training data is generated by sampling SMPL
[20] pose and shape parameters and decoding them into 3D vertices and joints, which are
projected, rendered and corrupted to form an input proxy representation. The proxy repre-
sentation is passed through an encoder and iterative regressor (both with trainable weights)
that predicts pose, shape and camera parameters. Supervision signals are applied to SMPL
parameters, 3D joints and vertices, and 2D joints. At test-time, off-the-shelf detection and
segmentation CNNs are used to create the input proxy representation. Optimisation for SSP-
3D involves �tting SMPL to multi-frame 2D joints and silhouettes of a subject, which yields
optimised pose and camera parameters for each frame and shape parameters for the subject.

combination of the vertices,j3D = Jv, whereJ 2 RL� N is a regression matrix forL joints of
interest.

Synthetic data generation. SMPL is used to generate training data on-the-�y (top of Figure
2a). In each iteration of the training loop,bbb andqqq are sampled from any training dataset with
SMPL parameters - paired images are not required. A camera translation vectort is sam-
pled randomly, while camera intrinsics and rotation matrices,K andR, are �xed. To combat
the insuf�cient body shape diversity in prevalent training datasets, we performbody shape
augmentationby replacingbbb with a new random vectorbbb0, generated by sampling each
shape parameterb0

n � N (m;s 2
n ), wheresn is chosen (empirically) to provide greater body

shape variance than current datasets. Then, the 3D verticesv and 3D jointsj3D correspond-
ing to qqq andbbb0 are perspective-projected and rendered [10] into a silhouetteS2 [0;1]H� W

and 2D joint locationsj2D 2 RL� 2. j2D is transformed into 2D Gaussian joint heatmaps,
G 2 RH� W� L, where each channel corresponds to a separate joint location. We obtain our
clean synthetic proxy representation (PR),X 2 RH� W� (L+ 1) by concatenatingSandG along
the channel dimension. Note that we opt for simple silhouettes and 2D joints as our PR,
instead of more complex part segmentations or IUV maps [4], because the synthetic-to-real
domain gap is smaller for a simple representation, and can be more easily bridged withproxy
representation augmentationduring training. This involves modelling the failure modes of
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the off-the-shelf detection and segmentation CNNs used at test-time. In particular, noisy
keypoint and silhouette predictions are modelled by adding uniform random noise to the 2D
joint centres and silhouette edges inX. Occlusion is modelled by randomly removing body
parts from and adding occluding boxes to the silhouette inX. The augmented PRX0serves
as the training input to our neural encoder. The training labels consist ofqqq;bbb0;v; j3D andj2D.
Neural encoder and regressor.STRAPS is architecture-agnostic. For this paper, we use the
same network architecture as [8, 15], which consists of a convolutional encoder for feature
extraction and an iterative regressor that outputs predicted SMPL pose, shape and camera
parameters (̂qqq; b̂bb andp̂) given these features. Note that [8, 15] implement additional mod-
ules, namely an adversarial prior [8] or “in-the-loop” optimisation [15], necessitated by their
use of training images with only 2D joint labels. However, 2D joints crucially fail to super-
vise 3D shape, unlike our strong 3D supervision, which also does not require such additional
modules. Weak-perspective camera parameters are predicted during regression, represented
by p̂ = [ ŝ; t̂], wheres2 R represents scale andt̂ 2 R2 representsx-y camera translation. We
use a continuous 6-dimensional rotation representation forq̂qq , as proposed by [35], instead
of the discontinuous Euler rotation vectors used by SMPL as default. Fromq̂qq andb̂bb, SMPL
is used to obtain predicted 3D vertices and joints,v̂ andĵ3D. Finally, projected 2D joint pre-
dictions are obtained bŷj2D = sP(ĵ3D + t̂), whereP represents an orthographic projection.

We train our network using a combination of 5 loss functions in a highly-multi-task
framework. We use homoscedastic uncertainty [11] to adaptively learn the loss weights
during training, which results in an objective function of the form

L =
1

s 2
b

Lb +
1

s 2
q

Lq +
1

s 2
v

Lv +
1

s 2
j3D

L j3D +
1

s 2
j2D

L j2D + log(sb sqsvs j3Ds j2D ); (1)

where thes 2 terms represent task uncertainties and theL terms represent mean squared error
losses. Empirically, we found that redundancy in the multi-task objective -e.g. applying
losses on SMPL parameters as well as on 3D vertices, despitev being fully determined by
(qqq;bbb) - improved both network convergence and �nal performance. We hypothesise that
this is because each supervision signal has a different granularity. For instance, a loss on
vertices provides a �ner-scale supervision signal than a loss on 3D joints. Thus, we apply
mean squared error losses on 3D joints (L j3D ), 3D vertices (Lv), SMPL pose parameters in
the 6D rotation representation of [35] (Lq ), and SMPL shape coef�cients (Lb ). We employ
an additional loss on projected 2D joints (L j2D ) to enforce image-model alignment.

3.2 SSP-3D

SSP-3D contains 311 in-the-wild images of 62 tightly-clothed sports-persons (selected from
the Sports-1M video dataset [9]) with a diverse range of body shapes, along with correspond-
ing pseudo-ground-truth SMPL shape and pose labels. Figure 3 illustrates the greater body
shape diversity in SSP-3D compared to Human3.6M [7], 3DPW [30] and MoVi [3]. Note
that Human3.6M and MoVi are not in-the-wild and have homogeneous backgrounds.

SMPL shape and pose labels were acquired via optimisation, using an extended version
of SMPLify [2] in a similar manner to the UP-3D dataset [17]. Unlike [2] and [17], we
used multiple frames of the same subject in parallel, obtaining different optimised posesqqq �

n
and camera translationst�

n for each framen, but forcing the optimised shapebbb � to be the
same across all framesto exploit multi-view information. We used 2D joints, acquired using
Keypoint-RCNN [6], and pixel-accurate silhouettes, acquired using PointRend [13] on top of
FPN [18], as the target 2D observations into which we �t the SMPL model. The use of multi-
frame silhouettes ensures that SSP-3D has signi�cantly more accurate body shape labels than




