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Abstract

While computer vision approaches have demon-
strated success in various image-based tasks, they
face challenges with early childhood height pre-
diction for malnutrition detection due to a scarcity
of publicly available training data. However,
building public datasets for training and bench-
marking machine learning models for this task
is difficult because of the sensitive nature of
the images. Although synthetic data have been
employed in other data-scarce machine learning
tasks, they do not exist for predicting children’s
height. In this work, we develop a novel gen-
erative algorithm to create synthetic images (in-
cluding depth maps, segmentation maps, and key-
points) with non-photorealistic human figures,
thereby providing an ethical and scalable solution
to pre-train and evaluate computer vision models
in a controlled setting. Our synthetic dataset mod-
els a wide variety of key real-world variables such
as physical proportions, lighting, and posture. We
demonstrate the potential of our dataset in a trans-
fer learning setting by showing that models pre-
trained on our synthetic data outperform baseline
approaches when applied to real-world prediction
tasks.

1. Introduction

Despite recent progress, malnutrition remains a significant
global health problem, especially among children under
the age of two in developing countries. Early detection
and intervention are extremely important in preventing ad-
verse health consequences for these children and promoting
their future healthy growth and development (Hasegawa
et al., 2017). Height is a key factor in determining if a
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child is malnourished, so being able to measure this accu-
rately is critical (Ezzat et al., 2022). Traditional methods
for obtaining heights suffer from two challenges: (1) man-
ual height measurements with measuring tape can be prone
to measurement error (Mikula et al., 2016), especially for
children under the age of two due to their inability to keep
a fixed posture; (2) manual measurement methods required
specially trained personnel, disadvantaging resource-poor
regions (Lazzerini & Lassi, 2019). Given the profound
implications of inaccurate height measurements for estimat-
ing children’s malnutrition, developing more accurate and
efficient methods for measuring children’s height is crucial.

To overcome these challenges, we wish to use machine
learning to automatically predict heights from pictures of
children taken by cell phones. Since cell phones are highly
portable and widely available, this would make measuring
height more widely accessible.

While deep learning techniques have been remarkably suc-
cessful in various image-based tasks, obtaining data for
training deep learning models can be challenging. The
data must be labeled and annotated, which can be time-
consuming and expensive. Obtaining images of subjects for
childhood malnutrition prediction is even more challenging.
These images and height measurements must be taken in a
controlled environment by trained personnel to ensure high
accuracy, and privacy is a significant concern.

Synthetic data can help alleviate some of these challenges.
When implemented effectively, it allows for the training
of computer vision models in a safe and ethical manner
while still capturing important visual factors and real-world
variations found in real images. Combining synthetic data
with transfer learning could improve model generalizability
and reduce the size of the real-world dataset needed.

We present a novel method to generate synthetic datasets for
pre-training and benchmarking computer visions models in
the task of early-childhood malnutrition detection. Our syn-
thetic dataset is designed to satisfy the above two important
criteria. Our contributions are as follows:

1. We present an algorithm to create synthetic images,
depth maps, segmentation maps, and keypoints that
capture key variations in real images (e.g. proportions,
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posture, light, and texture).

2. We provide a safe, ethical testing ground for re-
searchers to develop and pre-train models prior to fine-
tuning on limited real-data.

We benchmark a range of traditional computer vision mod-
els, such as convolutional neural networks (CNNs) and Vi-
sion Transformers (ViTs), on the synthetic dataset to explore
height prediction performance across different neural net-
work architectures. We demonstrate the promise of our
dataset in a transfer learning setting.

Furthermore, we compare the performance of several com-
puter vision models with and without pretaining on our
synthetic dataset to show that our synthetic dataset provides
a performance boost. This enhancement is especially ev-
ident where real labeled images are scarce or difficult to
obtain. We show that pre-training models on our synthetic
data leads to better transfer to a real prediction task, when
compared with baseline approaches.

2. Related Works
2.1. Modeling
2.1.1. HEIGHT PREDICTION FROM IMAGES

Predicting anthropometric measurements, particularly
height, from images has been an active area of research.
Early works employed single-image methods, which typ-
ically require a reference object of known dimensions for
calibration, leading to relatively high errors of around 5.5%
(Lee, 2012). Researchers have also explored Bayesian-like
frameworks that incorporate prior knowledge of human an-
thropometry to eliminate the need for reference objects (Ben-
Abdelkader & Yacoob, 2008). Multiple-view approaches
have been proposed, enabling 3D reconstruction of the body
for improved height estimation with an error of around 1%
(Li et al., 2012). Depth-based techniques have enhanced ac-
curacy to within 0.9% error by leveraging additional depth
information (Yin & Zhou, 2020). However, most of these
works focused on adult subjects rather than young children.

Convolutional Neural Networks (CNNs) have been widely
used for height prediction tasks, with models like Mo-
bileNet, VGG16, GoogleNet, and AlexNet achieving mean
absolute errors (MAEs) below 1.1 cm for height estimation
in infants (Shu et al., 2023). These work have focused on
using real-life, non-synthetic images dataset.

2.1.2. MULTI-VIEW AND FUSION TECHNIQUES

To effectively utilize multiple views of an object, researchers
have explored multi-view convolutional neural networks
(MVCNNS5s) (Su et al., 2015). These models process each
view through shared convolutional layers and aggregate the

view-specific features using additional layers for the final
prediction task, enabling information sharing across views.

Fusion-based methods (Ramirez et al., 2021) combine fea-
tures or decisions from multiple views or image types, such
as fusing RGB images with depth maps at different stages
of the processing pipeline. Transformer models (Dosovit-
skiy et al., 2020), inspired by natural language processing,
have also shown promise in handling dependencies between
multiple views of an object for classification or regression
tasks. However, these have not been applied in the context
of height prediction for children in lying position.

2.1.3. MALNUTRITION DETECTION

In the context of malnutrition detection, researchers have
investigated two main approaches (Rajappan et al., 2023).
The first one involves directly classifying malnutrition status
from images, with models like EfficientNet-B4 achieving
96% accuracy. The second approach predicts body mass
index (BMI) from images and uses it to identify malnutrition,
with models like ResNet34 yielding 92% accuracy.

2.2. Datasets for Height Prediction and Malnutrition
Detection

2.2.1. REAL-WORLD DATA

Several datasets have been curated for height prediction
tasks. Trivedi et al. (Trivedi et al., 2021) collected a dataset
of depth images for children under five years old from rural
India, aimed at height estimation. However, this dataset
focused on standing children and did not specifically target
other postures often encountered in the field such as children
lying down on a mat. Yin and Zhou (Yin & Zhou, 2020)
created datasets of RBG images and depth maps, but for
adult subjects rather than children. There are significant dif-
ferences between the anatomy and body length proportions
of children and adults that may make it difficult to predict
the heights of children based on training with this dataset
alone, however. A more general dataset that includes the
types of proportions and features expected to be present in
children is needed.

2.2.2. SYNTHETIC DATA

To overcome the challenges of collecting real-world data,
researchers have also explored synthetic data generation
approaches. Peng et al. (Peng et al., 2018) surveyed and
discussed the use of synthetic data for training computer vi-
sion deep learning models in general. Rhodin et al. (Rhodin
et al., 2018) generated a synthetic dataset of 3D human
poses for unsupervised representation learning. Varol et
al. (Varol et al., 2017) presented synthetically-generated
but realistic images of people rendered from 3D sequences
of human motion capture data to train CNNs for human
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depth estimation and human part segmentation tasks. These
synthetic datasets were beneficial for pose estimation and
segmentation. They do not contain heights that can be used
to train a computer vision model, however.

Lurch et al. (Lurch et al., 2020) augmented the data for 3D
pose estimation with synthetically generated dataset cov-
ering a more continuous pose space than the existing one,
demonstrating the potential of synthetic data in overcoming
the scarcity of real-world datasets. Additionally, Kubric
(Kubric, 2019) is a scalable dataset generator that can create
synthetic images with varying scenes, objects, and annota-
tions, enabling the exploration of various computer vision
tasks ranging from studying 3D NeRF models to optical
flow estimation. While these datasets demonstrate the utility
of synthetic data in training deep learning models, neither
of them contain heights for human subjects that can be used
to train a computer vision model for height prediction.

3. Background

In the subsequent section, we discuss a pipeline for gener-
ating synthetic data for use in estimating a subject’s height
using computer graphic techniques. The synthetic data com-
prises RGB images, depth images, and segmentation maps
of children lying on mats in various positions, lighting con-
ditions, and camera view angles. The following terminology
and notation are used throughout:

RGB images: color images that represent the scene in the
red, green, and blue color channels.

Depth images: grayscale images where each pixel represents
the distance of that point in the scene from the camera.

Ray tracing: a technique used to generate synthetic images
by tracing the path of light rays through a virtual scene and
simulating their interactions with objects.

Procedural images: images generated through computer
programs rather than captured from the real world.

Parameter space: the range of values that the various param-
eters used to generate the synthetic data can take.

Keypoints: specific locations on the synthetic subject, such
as the top of the head, the center of the hips, and the hands
and feet, that are automatically generated and labeled for
use in computer vision approaches.

4. Methods

In this section, we describe FigureSynth, an algorithm that
generates images of human postures that (1) have pixel-
perfect height measurements and (2) capture key variations
in real images of subjects being assessed for early childhood
malnutrition. In Section 5.1, we show that the generated

Figure 1. Example of a synthetic subject generated by FigureSynth.
The upper row consists of color images, the middle row consists of
depth maps, and the bottom row consists of binary segmentation
maps indicating whether each pixel is part of the subject or part of
the background.

synthetic data can be used to evaluate and pre-train deep
learning models for height prediction.

4.1. Overview of FigureSynth

FigureSynth is a command-line program that uses procedu-
ral modeling and ray tracing powered by Pov-RAY (pov)
to generate color images, depth maps, segmentation maps,
keypoints, precise height measurements, and auxiliary in-
formation for synthetic children lying on a mat as viewed
from different camera angles. Figure 1 shows an example
of a synthetic child generated by FigureSynth.

The goal of FigureSynth is to parametrically model fore-
ground subjects with a wide range of variations and with
pixel-perfect measurements. Every foreground element —
including physical proportions, postures, and textures — is
modeled parametrically and can be individually specified
or sampled from various random distributions. Elements of
the scene, including camera position, lighting, and image
quality, are also parametrically modeled. One can specify
over 100 different parameters to control how the foreground
subjects and scenes are rendered.

We argue that FigureSynth provides two important benefits
in addition to benchmarking the model for height prediction:

* Model Explainability: By providing precise measure-
ments for over 100 different features of the generated
image, this data provides a rich environment for model
explainability. For example, by analyzing the metadata
attached to each image, one may find that a particular
model is performing poorly on synthetic images where
subjects have a particular type of limb articulation.
These explanations can guide us in making targeted
and effective improvements to our models.
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* Generalization to Other Tasks: Height prediction
is just one of the many tasks that we can benchmark
using our synthetic dataset. Any parameter such as
body width, leg length, leg position, or even keypoint
locations (explained below) can be used in a prediction
task. In fact, we can decompose height prediction into
a set of sub-tasks, for which we can train models using
FigureSynth. Combining models for multiple sub-tasks
can potentially improve overall height prediction.

We emphasize that, with FigureSynth, we specifically avoid
creating photorealistic images. The generation or curation
of photorealistic images of children for machine learning
can be problematic from an ethical standpoint, even when
the end goal is for the public good.

Using real images of children without proper consent can
lead to significant ethical issues (Ghosh, 2023). Real im-
ages of children contain personal information that can be
used to identify individuals in some cases, leading to pri-
vacy breaches. Protecting the privacy of children is critical
since they are a vulnerable population. Furthermore, using
real images can lead to stigmatization of the children, espe-
cially if these images are publicly shared or the children are
identified as malnourished.

Even realistic-looking synthetic images, though they do
not directly infringe on privacy, can still raise ethical ques-
tions about the implications of using such data for training
models, especially if some of these images look like actual
individuals, even if by chance. (Hansen, 2023)

Another significant ethical concern is that realistic-looking
synthetic images can potentially be used to create fake or
misleading content. These images could be used to spread
misinformation or even harass individuals. An individual
might create fake images of someone in compromising situ-
ations and distribute them online, leading to harm.

'We note that photorealism is not always necessary for achiev-
ing good results in training computer vision models. De-
pending on the specific application and tasks, computer
vision systems can be effectively trained using synthetic or
stylized imagery that does not mimic the full complexity
of real-world visuals but instead retains essential structural
and contextual elements needed for the model to learn and
perform accurately. For example, non-photorealistic render-
ing was successfully used to train models for autonomous
driving in complex urban environments under many weather
conditions, where logistical challenges prevent training and
testing such systems in the physical world (Dosovitskiy
et al., 2017). Non-photorealistic rendering was also suc-
cessfully used by OpenAl for reinforcement learning ap-
plications in robotics (OpenAl, 2018). Furthermore, using
realistic static meshes or generative Al would greatly re-
duce this flexibility and make it difficult to generate the

vast number of images with precise and exhaustive measure-
ments needed to train a deep-learning model. In Section
5.1, we demonstrate that models that are pre-trained on our
non-photorealistic synthetic data can transfer well to real
photorealistic datasets.

4.2. Parametrization of Foreground and Scene

FigureSynth renders each parametrically modeled scene us-
ing ray tracing. The geometries in the scene are composed of
spheres, cylinders, cubes, rounded cubes, triangles, planes,
and BLOBs (Binary Large OBjects), explained below.

Each synthetic subject is rendered from multiple view an-
gles to provide a variety of perspectives. The camera is
placed at different positions above the subject to capture
the body from multiple positions. These multiple views
allow one to predict the subject’s height with multi-view
computer vision approaches. FigureSynth renders a depth
image corresponding to each color image for each view by
storing the distance from the camera to the first solid ray
intersection in the scene. This depth image and the color
imagery are precisely co-registered.

Finally, FigureSynth renders a segmentation map for each
subject. The segmentation map is a binary image where
each pixel is equal to 1 if it is part of the subject and 0
if it is part of the background. Along with the color and
depth images, the segmentation map is helpful for training
deep-learning models to predict the subject’s height.

The primary function of FigureSynth is to use pseudoran-
dom numbers to render millions of synthetic images, with
no two being identical. The program accomplishes this
by sampling over 100 parameters from various probability
distributions. For example, FigureSynth may place an op-
tional spotlight around the subject as a light source. The
position of this spotlight is sampled from several normal
distributions, with the light being most likely placed near
the subject. The color of this light source is sampled from
three uniform distributions, one for each of the red, green,
and blue intensities.

Several random distributions are available in FigureSynth,
including Bernoulli, Uniform, Normal, and Binomial. All
parameters can be optionally specified in the command line
and support every probability distribution. Every parameter
has a default distribution that is used when no distribution
is explicitly provided.

Most of the geometry of the synthetic subjects is composed
of BLOBs. BLOBs are a powerful tool for creating smooth
shapes parametrically with ray tracing. BLOBs are created
from one or more subcomponents, each typically defined
by a field of influence. These fields influence the density of
the medium at their respective locations. When combined,
they create a smooth surface based on a density threshold.
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The surface of the BLOB is defined wherever the combined
density of all influence spheres exceeds this threshold.

For example, consider a simple BLOB composed of two
spheres. Sphere 1 has center ¢; = (0;0;0), radius r; =1,
and strength s; = 1:5. Sphere 2 has center ¢; = (1;0;0),
radius r, = 1, and strength s, = 1:5.

We define a threshold t, that determines how spread and
smooth the shape is. A lower threshold means a larger, more
spread-out blob as the surface includes points with lower
summed field strengths. A higher threshold creates a tighter,
smaller blob as only points with higher field strengths are
included.

The influence functions for each sphere are given by
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The total strength at any point p is:

S(p) = f1(p) + F2(p):

The points, p, inside the BLOB are all p such that S(p)  t,.

Blobs can consist of spheres and cylinders, and the strength
and shape of each sphere and cylinder can be individually
controlled to create a wide variety of shapes from the re-
sulting field. These composite objects are beneficial for
creating smooth shapes with fine-grained control over the
individual features of the shape. Much of the complexity of
the subject’s body is modeled using BLOBS, especially for
the feet and hands (see figure 2).

Figure 2. Hands and feet are rendered using BLOBs that consist of
a complex arrangement of parametric spheres and cylinders. The
strength and shape of each sphere and cylinder can be individually
controlled to create a variety of shapes from the resulting field.

FigureSynth uses a hierarchical modeling approach to create
the subject’s body, with a central skeleton and parametric
definitions for parent-child relationships. These parent-child
relationships change dynamically as the different body parts
are generated based on the samples from the random dis-
tributions. For example, the allowed upper arm rotations
change based on the position and rotation of the main body

to ensure that the arms are positioned realistically and that
there is no clipping with the mat below.

FigureSynth defines every body part and object in the scene
using a set of parameters and rules to assemble those param-
eters into geometry. For example, the upper leg is defined
as a blob composed of a main cylinder and several spheres.
These sub-components are generated based on the upper leg
length, circumference, and starting and ending positions.

Synthetic subjects and their environments are rendered with
a combination of static and procedural textures. These tex-
tures provide a degree of realism and variability for the mod-
els to learn from diverse scenes and improve their robustness
in real-world applications. By simulating various textures,
the models can be trained to better recognize and analyze
patterns in different contexts, thereby enhancing their accu-
racy in tasks such as predicting the subject’s height.

The material for the mat that the subject is lying on is sam-
pled from 100 static public domain textures, which are avail-
able from OpenGameArt.org (Textures, 2024). These
textures help provide considerable variety in the background
of the images, which helps prevent the neural network from
expecting a specific type of background. The textures are
sampled using the choice distribution by default, which al-
lows one to select one of the 100 textures with uniform
probability.

Most of the textures in the scene are generated dynamically.
Clothing typically has wrinkles and imperfections that are
difficult to model procedurally. To create realistic clothing
textures, FigureSynth uses a combination of procedural mod-
eling, simplex noise, and normal maps. Having a perfectly
smooth texture for the clothing would be unrealistic and
cause the neural network to expect something that would
not be present in real-world images. To simulate wrinkles in
the clothing, a normal map is procedurally generated using
simplex noise and then applied to the geometry.

A dynamic texture is created for the face of every subject
to provide basic facial features. This texture is rendered
from scratch using pycairo (Henstridge). The face texture
is created by drawing a series of shapes, such as circles,
rectangles, and lines, to create a face with eyes, a nose, and
a mouth. The color of the face, by default, is sampled from
a normal distribution to provide a wide variety of skin tones.
Figure 3 shows four example face textures.

4.3. Lighting

By default, FigureSynth provides 4 light sources in each
scene, 2 point lights, and 2 spotlights. The intensity of the
lights is sampled from a uniform distribution to provide soft
lighting for the scene with lights provided from multiple di-
rections. Each of these lights can by controlled by tuning the
intensity and their positions. Figure 4 shows an example of
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