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Abstract

Human pose estimation is the process that aims to locate body parts and build
human body representations from input data such as images and video. Itis typ-
ically a computationally difficult operation, where, in order to achieve accurate
results, the use of expensive GPUs is mandatory. Nowadays new use cases, such
as augmented reality, demand to make this kind of operations viable on mobile
and edge devices and research in other fields, such as human-robot collabora-
tion, is leaning towards building portable and inexpensive solutions. This thesis
describes the design and prototyping process of a real-time human pose estima-
tion network made using edge devices, building a network using only Raspberry
Pi boards for image processing, exploiting the TensorFlow lite (TFlite) library
for running the necessary Deep Convolutional Neural Network (DCNN) com-
ponents and utilizing the Robot Operating System (ROS2) framework to build
a fast, real-time system. Additionally some techniques for creating DCNN that
are capable of real-time execution will also be discussed and evaluated in order
to try and surpass the hardware limitations imposed by the setup. A solution

that archives real-time results with good accuracy is obtained with this work.
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Introduction

UsE casges ForR HuMAN Posk EstiMATION

Human Pose Estimation (HPE) is the process that aims to locate body parts
and build human body representations (usually represented in the form of
skeletons) from input data such as images and video [28]. HPE can vary widely
in form, from 2D or 3D representations to single-person or multi-person models
each bringing it’s costs and benefits trade off in terms of accuracy and real-
time capabilities. As of today HPE is a tool that can be used in many different

scenarios, each with different requirements and challenges.

The most promising application area is human-robot collaboration where, in
order to make human operators and robots interact seamlessly, an accurate 3D
real-time representation of the humans inside and near the robot workspace is
necessary. Nowadays, this type of collaboration is usually made possible by
utilizing a series of expensive high performance setups that relies on powerful
GPUs to run inferences on state-of-the-art (SOTA) DCNNSs. Tackling this prob-
lem using integrated boards with limited resources could open up new uses of

this technologies even for applications with tighter budgets.

One of the newer applications of this technology is the augmented (and vir-
tual) reality. This particular field aims at seamlessly fuse the real world with
the digital by utilizing devices that can sense the real world and reproduce it

on screen for the user with the addition of some new assets and, in some cases,
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digital avatars representing real people visible to the user. For this application
real-time capabilities are essentials in order to enhance the user experience and
portability is becoming more and more important as the target platform of this
field is gradually becoming the smartphone.

Other common applications of this field are found in fitness, where smart-
phone applications are being developed for evaluating one’s mistakes or overall
level when practicing sports, general healthcare, where the assessment of the
physical capabilities of a patient is needed, and animation, where older mecha-
nisms to obtain a reconstruction of the human body (such as reflective markers
and Inertia Measurement Unit (IMU))

THE OBJECTIVE

The current objective of this project is to prototype a system that can perform
real-time HPE on edge devices and that could be used to perform human-robot
collaboration or other similar tasks. In order to understand how to accomplish

this objective it is important to know the main challenges of this endeavor.

3D: in order to be able to use this system with robots in the real world the
human representation used in this project must account for three-dimensional
positions of the joints. Unfortunately this kind of task is extremely computation-
ally intensive when it’s performed on single images, in order to obtain reliable
3D data another solution must be found. Ideally a solution where inferences
are computed in 2D and then the 3D solution is achieved would be better for

dealing with low-power devices.

Occlusion: a system that is used in dangerous tasks, such as human-robot
collaboration, needs to be resistant to occlusions. A single camera system would
surely not be enough, especially when the workspace is occupied by moving

objects that can completely occlude people in the frame.

A multi-camera setup would alleviate both of these problems since it is possi-
ble to obtain the 3D joint locations data from multiple 2D estimations performed
on images obtained from different views and, thanks to the multiple point of
views, the probability of occlusion is extremely reduced.



CHAPTER 1. INTRODUCTION

Knowing this, it is possible to affirm that this work aims to study HPE and
it’s possible applications in real-time embedded systems, the objective of the
proposed prototype will be to generate the 3D skeleton of a single person. In
order to reach this objective a network of Raspberry Pis with associated cameras
will be employed to acquire 2D image data and to run the necessary neural
networks. By leveraging edge devices as primary processing devices, this work
aims to demonstrate that HPE can be executed effectively even on a low budget,
possibly making this kind of technology more accessible removing the high-

performance hardware limitations.






Human Pose Estimation

EvVOLUTION OF HUMAN REPRESENTATIONS

In this section some of the methods [9] used for representing human poses
are exposed and discussed. While most of the current research is focused on
skeletons, some of these unconventional methods have been used and researched
as late as 2016.

PictoriaL STRUCTURES AND FLEXIBLE MIXTURE-OF-PARTS

The pictorial structures, method that was first proposed in [3], consists in rep-
resenting the human body as a set of parts organized in a deformable structure
[10] where each part is connected to it’s neighbors in a tree-like fashion by the
use of virtual springs in order to encode spatial relationships between parts.
Each part is represented using a set of features that are matched against the
input image and the spatial encoding in order to retrieve the 2D positions of the
body parts. This model used to be very efficient, but unfortunately it proved
to be weak to occlusion and diverse poses, leading to the development of new
more robust models.

The Flexible Mixture-of-Parts method builds on the concepts of the previous
one, representing the human body by transforming parts into mixtures. These
objects were made to represent the sets of different possible configurations that
could be found in a body part in order to be able to represent it in many different
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Figure 2.1: Pictorial Structures example

configurations and from different views [21]. This method was an improvement
on it’s predecessor, but challenges due to occlusion and extreme poses still

persisted.

U M

Figure 2.2: Flexible Mixture-of-Parts example

SKELETONS

The skeleton is the preferred way to represent a human pose at this time. There
are many different conventions used, but all of them can be defined as an ordered
set of vectors where each vector represents a specific body joint. The extreme
variety in skeleton conventions adds some difficulties when dealing with DCNN
training, since usually one must be chosen as the network representation and
each dataset provides a very small variety of annotation conventions to choose
from. Fortunately, if different datasets are needed during training, the authors
of the MeTRAbs DCNN published a promising paper [16] that details the steps
they used to train their network to output multiple different skeleton formats

for the same detection using a geometry-aware autoencoder 2.3.
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CMU-Panoptic
=O= Human3.6M
=QO= 3DPW (SMPL)

BML MoVi

o Berkeley MHAD
¢ 3D latent points

Figure 2.3: Different skeleton models and MeTRAbs autoencoder solution

APPROACHES

This section provides an overview of the key differences in approaches com-
monly used in modern skeleton-based HPE applications. HPE evolved a lot
since it’s inception, in the beginning the field was dominated by approaches
leveraging image features, while today’s standards for performing HPE are
DCNNE.

State of the art DCNNSs are fast, versatile and resistant to most of the old
methods” weaknesses such as strange poses and light occlusions. These new
advancements are possible due to the sheer volume of data that is now available
to research in the form of public data (COCO [11], H3.6M [7], etc...) and due to
the vast improvements in computational power in the latest years.

There are many differences among different HPE DCNNSs, but most of today’s
methods are typically categorized based on three main variables: the maximum
number of subjects that can be in the input image, the dimensions of the joint
vector representations and the method used to identify joints.

SINGLE-PERSON AND MULTI-PERSON

Different DCNN s are suited to different tasks, single person approaches the
HPE problem by assuming that only one person is in the image frame at the time
of inference. This leads to higher efficiency and speeds than it’s counterpart,
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but this approach fails to maintain a high accuracy when more people enter the
frame since the network can’t usually distinguish different subjects. This kind
of approach can be easily combined with a people detector (an object detection
model trained to estimate the bounding boxes of people [29]) to generate a
top-down multi-person HPE pipeline. Today the research on this side of HPE
is currently swaying towards lightning-fast networks designed to run on low-
power devices with projects such as RTMPose [8] while research on multi-person
HPE is focusing on more complex networks that exploit new architectures such

as transformers [26].

Multi person DCNNSs, on the other hand, are built for the purpose of detect-
ing multiple people in one frame. This more difficult task is often archived at
the expense of network complexity, real-time performance and accuracy when
handling overlaps. The added complexity is often handled with two different
approaches to the problem: top-down and bottom-up. While top-down meth-
ods prioritize detecting individual persons first and then estimating their joints’
poses, bottom-up approaches invert this order by detecting all keypoints first

and grouping them into individual poses afterward.

The top down methods discover the people in the image first, typically framing
them in bounding boxes with specially trained object detectors [29] designed to
detect people and passing images cropped accordingly as inputs for the HPE
model that will estimate a set of keypoints in each bounding box. The main
advantage of this approach is that, since bounding boxes are formed around
people, it is possible to "zoom in" while evaluating the HPE inference since the
DCNN input is usually of fixed size and fitting a smaller cropped area in the
same number of pixels would for sure let the DCNN work with finer details.
This opportunity raises the overall accuracy of this methods and grants them
an advantage when dealing with overlapping individuals, while the nature of
performing one HPE invocation for each person in the image makes the speed
performance of this approach directly dependent on the number of people.
In image 2.4 it is easy to see how, by combining the results of the inferences
performed by the HPE network, the multi-person output is obtained.

The bottom-up approach, on the other hand, is composed of two main steps as
shown in figure 2.4. The first part of the pipeline is a body joint detector and it’s
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purpose is to predict all the body joint candidates in the input image, while the
second part is a body part association mechanism that assigns each predicted
joint to it’s person’s set. While the first task is usually approached with DCNNs
the second can be solved by using other algorithms or methodologies such as
Integer Linear Programming for DeepCut [15]. This approach is much faster
than it’s counterpart (especially when a large number of people is involved in
the detection), but it lacks in accuracy since the precision is directly tied to how
well the persons in the frame are distinguishable in an usually down scaled

version of the original input image frame.

Detected human subjects Single-person pose

(a) Top-Down Approaches

Input image Body part candidates detection Output 2D multi-person poses

(b) Bottom-Up Approaches

Figure 2.4: Top-down and bottom-up approaches

TYPE OF REPRESENTATION

The first thing that comes to mind when thinking about HPE is the fact that,
despite having two dimensional data such as images as input, some algorithms
and DCNN s are able to reconstruct the three dimensional pose of the humans

in the camera frame while some others are not.

2D HPE focuses on retrieving the joints information with respect to the image
frame. These methods are usually much faster than 3D ones and much less
complex, but they lack usability in tasks requiring depth information. Some-
times these methods can be used as a stepping stone to get to the 3D poses with
techniques such as 2D to 3D lifting or by leveraging multi-camera setups.
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While most of the current approaches to HPE focus on single camera infer-
ence, some research revolves around new ways to improve multi-camera setups.
This approach grants some robustness when dealing with occlusions and other
possible challenges since even if, for example, a person is occluded in one cam-
era’s frame, it probably is visible enough in some others, so that it is possible
to weight the single camera results and get an overall better HPE result. Multi-
camera setup are commonly used to perform the 3D triangulation of the HPE
results from 2D (or 3D) skeletons generated by multiple cameras and perspec-
tives. Even though most multi-camera setups are just composed by a set of
DCNN s that operates on a single image and some kind of algorithm that gen-
erates a final prediction by combining the single DCNNs’ estimates, some other
networks like VoxelPose [19] use directly the multiple views as their input and
directly reasons in 3D space.

Single-image 3D HPE, on the other hand, is slower and more computationally
demanding than it’s counterparts since, on top of the 2D approach’s workload,
there must be mechanisms to extract the depth information from a 2D image
in order to pinpoint 3D joint coordinates. These mechanism can be built by
leveraging hardware such as depth cameras or by adding additional compu-
tational complexity to the underlying DCNN. Depth cameras are sometimes
used in order to gain some additional information to generate a better 3D pre-
diction and to better separate the people from the background, unfortunately
this approach has some great limitations. Since depth cameras are usually very
sensitive to sunlight, this approach is usually only used for indoor estimation
and, even indoors, depth sensors produce lots of noise making them unreliable
for critical applications. The main advantages of these methods is the real-world
coordinates output. These are essential for tasks involving interaction between
humans and machines and to find and suppress implausible poses when preci-
sion is needed.

REGRESSION AND HEATMAP METHODS

When dealing with joint representation, it is important to distinguish between
the two main ways to actually extract keypoints from an image: regression and
heatmap-based methods.

10
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Figure 2.5: 2D and 3D example (made with MeTRAbs DCNN)

Regression-based methods are simpler than the heatmap-based ones as they
are more straightforward. These methods directly predict the joint coordinates
from images without intermediate steps. This usually means that they are faster
than their counterparts and are better suited for real-time tasks. An example of
this approach can be found in the DCNN used in the ROS2 network prototype
that will be introduced in the following chapters.

Heatmap-based methods, on the other hand, add an additional step with
respect to the regression-based ones. Instead of estimating directly the joint
coordinates these methods add an intermediate step where 2D Gaussian kernels
are generated on each join location. These heatmaps represent the probability
that the corresponding keypoint lies in a certain position and their ground-
truths are generated by centering 2D Gaussians at the keypoint ground truth
location [28].

These methods are commonly used when performing multi-person bottom-

up HPE in order to estimate the single joint coordinates before performing body
part association like in MeTRAbs [17].

11
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CHALLENGES

This section will expose some of the most relevant challenges that arises

when dealing with HPE and some possible ways used to overcome them.

OccrusioN

Occlusion is one of the most well-known challenge in the field and it refers
to the scenario where some parts of the person on which HPE needs to be
performed is not entirely visible from one or more points of view (cameras).
This has some notable impacts in single-camera scenarios as it is impossible
to know for sure the positions of the occluded joints, but some networks like
"HUPOR" [12] are built from the ground up with the intention of becoming
resistant to occlusions by correctly guessing the poses of heavily occluded joints
with specific mechanisms and training. In this case the network, after finding
all the visible keypoints, performs an "occluded keypoints reasoning" step that
infers the occluded keypoints” heatmap from visible cues. This step’s training is
done by utilizing another network to predict the occluded keypoints” map from
the dataset’s keypoints and using that heatmap as the ground truth for training
this step. On the other hand, this phenomenon is more manageable in a multi-
camera scenario where models can be trained to assign lower confidence scores
to uncertain joints and a voting or weight system can be implemented in order
to try and overcome the occlusions in some frames (note that if the same joint
is occluded in every frame the problem still persist). This is how this particular
problem was managed in this thesis work.

\J

>+ >

(a) DSED model during training (b) DSED model during inference

Figure 2.6: HUPOR occlusion training model

12
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UNUSUAL POSES

Another great challenge when dealing with HPE is the difficulty for most
models to correctly estimate "unusual” poses. These poses often include upside-
down people or convoluted positions derived from yoga or martial arts. This
difficulty is mostly due to the nature of the datasets used during training since
most of the images and videos used contain people performing common actions
(such as standing, sitting, walking ...) and lack some proper examples for
other kinds of actions such as fitness related moves (handstands, yoga poses,
etc...). Some particular networks are trained to cope with some unusual poses
by modifying the dataset, for example the movenet network by google that was
used in this work is trained with "fitness" related poses, making it less susceptible
to this problem.

Figure 2.7: Unusual pose example

DEPTH AMBIGUITIES

In 3D HPE the image medium inherently lacks depth information and the
same 2D pose can be represented by a set of possible 3D poses [25]. These
conditions lead to a field of research in HPE that deals with finding the best
methods to find the correct 3D interpretations of 2D poses. As of today various

13
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of these methods are used for dealing with this particular problem, some of the

most relevant are temporal and kinematic constraints.

Temporal Consistency Constraints: these methods involve the use of videos
because of the additional time information. This additional information is useful
to the DCNN s since the context information gained from close frames can give
clues about the depth information.

Kinematic Constraints: these methods model the human body as a set of
restrictions (bone lengths, joint angles, etc...) in order to easily suppress or
penalize impossible or implausible poses.

Figure 2.8: Depth ambiguity example

14
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METRICS

In the deep learning metrics are essentials to quantify networks’ performance,
in the HPE field these are some of the most used metric used to evaluate DCNNs

[2]:

Percentage of Correct Parts (PCP): this metric measures the localization accu-
racy for limbs. A limb is deemed correctly localized if it’s two endpoints (joints)
are within a certain threshold from the ground truth’s endpoints. The most
commonly used threshold is 50% of the total bone length, but other thresholds
dependent on other variables (bounding boxes, pixel count, etc...) might be
used.

Percentage of Correct Keypoints (PCK): this metric is very similar to PCP,
but it measures the accuracy for joint estimates instead of the whole limb. In
this case a joint estimation is deemed correct if it falls within a threshold from
it’s ground truth. This threshold can also be calculated in different ways based

on the same variables used for PCP.

Mean Per Joint Position Error (MPJME): this is the most widely used metric
to evaluate 3D HPE performance. It represents the average euclidean distance

of a computed joint J; to it’s ground truth J;.

1< )
MPJME = Z, 1 = g3 (2.1)

Average Precision (AP) and Average Recall (AR): when computing these
common metrics, a joint prediction that is defined as "true positive" falls within
a certain threshold from the ground truth (as in PCK), this means of course
that a prediction that is outside this threshold is a "true negative" while a "false

positive" is any unassigned prediction.

For evaluating the ROS2 network the PCK and MPJME metrics were used.

15
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RECENT ADVANCEMENTS AND TRENDS

In the recent years many new innovative ideas and SOTA architectures that can
benefit overall HPE were introduced. Among these, we can, for sure, see a rise in
transformer-based architectures that can easily capture temporal relationships
across the input frames as well as the actual human body joints, generating an
overall smoother detection. This architecture was first applied in the PoseFormer
[27] network and then expanded in it’s second iteration [26].

With the current success of Large Language Model (LLM) architectures some
researches have begun studying their application to HPE [14] by integrating
their semantic understanding with geometric reasoning. An example of this
new research field can be seen in SCALE-Pose [13], a model that leverages
both the previously disused transformer based architecture and the newer LLM
addition. Another interesting approach to LLM based estimation can be found
in LocLLM [20]. This model employs the LLM to generate never-before-seen

keypoints by using their description as input along as the image where to locate

| : Nose —— [0.406,0.156]
Image: ﬁ_. Ezﬁlg \ Hip 7 [0.621,0.478]
—— Knee —t [0.406,0.638]

them.

\
[ The nose is the central, protruding feature |
Text: : on their face, located just above the upper : [0.406,0.156]

Figure 2.9: LocLLM example

16
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EDGE DEVICES AND REAL TIME HPE

SOTA architectures, exposed in the previous section are surely too compu-
tationally demanding for working on mobile or edge devices and, since as of
today real-time mobile HPE is becoming increasingly important for consumer
use, research on this topic is rapidly growing. The key challenge in this field is
designing models that are both fast, accurate and light enough so that they are

able to run with limited resources available maintaining a good frame rate.

An example of these novel architectures is MovePose [22], a MobileNet [5]
based architecture developed specifically for edge devices. This particular
DCNN produces results with accuracy comparable to current SOTA architec-
tures in a fraction of the time. This feat is made possible by using DARK [23],
a model-agnostic method that improves precision when extracting keypoints
from a heatmap. Another interesting approach to creating DCNNSs is the one
proposed with MoVNect [6]. In this paper the researchers create a light and fast
network by performing knowledge-distillation with a bigger pretrained network
as teacher. In order to obtain this result researchers created a novel mimicry loss
function that encapsulates both the heatmap and keypoints losses with respect
to both teacher and ground-truth.

Another approach to this problem would be designing algorithms outside
of the main HPE DCNNs and using them in order to boost performance. In
[18] the authors explain how they achieved a real-time 3D HPE pipeline by
utilizing TFlite optimizations and generative adversarial networks to train the
2D to 3D lifting network used. While the optimizations are pretty common
in this field, the idea of utilizing generative adversarial networks to boost the
performance of the lifting process is extremely innovative. This approach works
by training a network to distinguish between real and generated 2D poses and
by using it’s output as the loss function for training the depth generator that
generates z coordinates with respect to the camera frame for every 2D keypoint
detected by the underlying HPE DCNN, since the "generated" that are fed to the
discriminator are 2D projections of the rotated 3D poses generated by the depth
generator. This approach reaches real time with up to 39 FPS on the Google
Coral board for it’s single-person single-image 3D HPE pipeline, unfortunately
the paper’s authors don’t provide accuracy measures but they do provide some
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2.6. EDGE DEVICES AND REAL TIME HPE

impressive images taken from the pipeline output 2.10.
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Figure 2.10: Generative adversarial networks for 3D lifting

Another interesting proposal would be to find ways to skip unnecessary HPE
inferences in order to use less resources and gain better frame rates. Researchers
that worked on MobiPose [24] proposed to use motion vectors to track persons
across frames. This approach makes sure that the underlying DCNN inference
isn't necessary for every frame, reducing the average time between frames by
leveraging the faster nature of motion-vector-based tracking. This approach
results in up to 80 FPS on mobile GPUs while maintaining over 80% accuracy.
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Design choices for multi-camera HPE

HARDWARE CHOICES

Selecting the right hardware when creating Al powered projects is a critical
step in development, especially for single board computers and other edge
devices. An uninformed choice could spell the end for a project if the maintainer
is not adequately prepared, that is why, in order to build the edge network, these
constraints were formulated for the hardware selection:

Budget: it was decided to focus on edge devices in order to provide some
insights on performing HPE even on a tight budget, this is why it was decided
to spend as little as possible when selecting the main computing units for this

project.

No powerful GPU: the first constraint was to not use a device with a powerful
dedicated GPU. Even if as of today GPUs are almost ubiquitous in modern
devices it was decided not to use any in order to make this endeavor a true
challenge and test the limits of CPU-only and low-power-GPU DCNN inference.

Multi core CPU: in order to try and archive real time with little amounts of
GPU parallelization (or without it in it’s entirety), it is necessary to be equipped
with a multi core CPU, in order to be able to address communication between

devices and inferences in parallel. Of course a high clock speed is a nice bonus
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3.1. HARDWARE CHOICES

to consider when selecting a device for this type of projects and it was taken into
account.

Maintainability: when selecting a device it was crucial to have an easily
maintainable device, possibly with a known system on board in order to reduce
the configuration time to the bare minimum and to quickly recover when some
software inevitably fails.

The Raspberry platform was chosen as the core of this project because of it’s
low cost compared to it’s computational power and because it runs on Linux
(more specifically Ubuntu 24.04 since this summer). It was chosen to use a
set made by Raspberry Pi 4 and Pi 5 in order to evaluate the differences in
performance between the two different models. Both versions of the boards are
equipped with 8 GB of RAM and the server version of Ubuntu 24.04 LTS (in
order to reduce unnecessary software and try to improve performance) as well
as 64 GB of SD memory and they are connected to a RealSense Stereo Camera
D455. Unfortunately, despite our best efforts, it was not possible to use the
dedicated GPU in order to speed up DCNNs computations on the boards for
unknown reasons related to OpenCL and graphic drivers.

Another option that was discussed was the NVIDIA Jetson Nano board that
is currently widely used for low-power Al applications since it possesses a very
powerful on board GPU. This, of course makes this board and it’s predecessors
widely used in edge device Al research, but it falls out of the scope of this thesis
project by having such powerful hardware. A similar product sometimes used
in edge Al is google’s Coral board, but for the same reasons as the Jetson it falls
out of the scope of this work and was not used in the end. It is worth to know
that the Coral USB accelerator is another powerful tool that can be used in order
to perform DCNN inference on most edge devices. This could be explored in
future works.

The last hardware piece that was considered in the final months of this work
is the new Raspberry Al camera. Unfortunately it was not possible to use it in
our tests, but it would for sure be a fine addition for future developments. This
new piece of technology holds a powerful Al accelerator inside that directly runs
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