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Machine Learning

Input Feature extraction Classification Output

Deep Learning

Input Feature extraction + Classification Output

A& Towards Data Science, ME|ZZ 353 e|MA|ME

@ Human Pose Estimation

Pose estimation is a fundamental task in computer vision and artificial intelligence (Al) that
involves detecting and tracking the position and orientation of human body parts in images or

videos.
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O What Is Pose Estimation?
Human pose estimation and tracking is a computer vision task that includes detecting,
associating, and tracking semantic key points. Examples of semantic key points are “right

» o«

shoulders,” “left knees,”. Object pose estimation uses a trained model to detect and track the
keypoints of objects such as cars. Examples of such key points are “left brake lights of

vehicles.”

The performance of semantic keypoint tracking in live video footage requires high
computational resources, which has been limiting the accuracy of pose estimation. With the

latest advances in hardware and model efficiency, new applications with real-time requirements




HF T o ey

garmp LinC®

are becoming possible and economically feasible. Today, the most powerful image processing
models are based on convolutional neural networks (CNNs). Hence, state-of-the-art methods
are typically based on designing the CNN architecture tailored particularly for object or human
pose inference applications.

O Bottom-up vs. Top-down methods

All approaches for pose estimation can be grouped into bottom-up and top-down methods.
Bottom-up methods estimate each body joint first and then group them to form a unique pose.
Bottom-up methods were pioneered with DeepCut (a method we will cover later in more
detail). Top-down methods run a person detector first and estimate body joints within the
detected bounding boxes.

O The Importance of Pose Estimation

In traditional object detection, people are only perceived as a bounding box (a square). By
performing pose detection and pose tracking, computers can develop an understanding of human
body language. However, conventional pose-tracking methods are neither fast enough nor
robust enough to occlusions to be viable. High-performing real-time pose detection and
tracking will drive some of the biggest trends in computer vision. For example, tracking the
human pose in real time will enable computers to develop a finer-grained and more natural
understanding of human behavior.

(Crowd pose estimation with multi-instance analysis)

This will have a big impact on various fields, for example, autonomous driving, sports,
healthcare, and many more. Today, the majority of self-driving car accidents are caused by
“robotic” driving, where the self-driving vehicle conducts an allowed but unexpected stop, and
a human driver crashes into the self-driving car. With real-time human pose detection and
tracking, the computers are able to understand and predict pedestrian behavior much better —

allowing more natural driving.
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O What is Human Pose Estimation?

Human pose estimation aims at predicting the poses of human body parts and joints in images
or videos. Since pose motions are often driven by some specific human actions, knowing the
body pose of a human is critical for action recognition and video understanding.

O What is 2D Human Pose Estimation?
2D human pose estimation is used to estimate the 2D position or spatial location of human

body keypoints from visuals such as images and videos. Traditional 2D human pose estimation
methods use different hand-crafted feature extraction techniques for the individual body parts.
Early computer vision works described the human body as a stick figure to obtain global pose
structures. However, modern deep learning based approaches have achieved major breakthroughs
by improving the performance significantly for both single-person and multi-person pose
estimation. Some popular 2D human pose estimation methods include OpenPose, CPN,
AlphaPose, and HRNet.

O What is 3D Human Pose Estimation?

3D Human Pose Estimation is used to predict the locations of body joints in 3D space.
Besides the 3D pose, some methods also recover 3D human mesh from images or videos. This
field has attracted much interest in recent years since it is used to provide extensive 3D
structure information related to the human body. It can be applied to various applications, such
as 3D animation industries, virtual or augmented reality, and 3D action prediction. 3D human
pose estimation can be performed on monocular images or videos (normal camera feeds). Using
multiple viewpoints or additional sensors (IMU or LiDAR), 3D pose estimation can be applied
with information fusion techniques, which is a very challenging task. While 2D human datasets
can be easily obtained, collecting accurate 3D pose image annotation is time-consuming, and
manual labeling is not practical and expensive. Therefore, although 3D pose tracking has made

significant advancements in recent years, especially due to the progress made in 2D human
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pose estimation, there are still several challenges to overcome: Model generalization,
robustness to occlusion, and computation efficiency. A popular library that uses neural networks

for real-time 3D human pose estimation, even for multi-person use cases, is OpenPose.

(Real-time human pose tracking with deep learning)

O 3D Human Body Modeling (ft. OpenPose)

In human pose estimation, the location of human body parts is used to build a human body
representation (such as a body skeleton pose) from visual input data. Therefore, human body
modeling is an important aspect of human pose estimation. It is used to represent features and
keypoints extracted from visual input data. Typically, a model-based approach is used to
describe and infer human body poses and render 2D or 3D poses. Most methods use an
N-joints rigid kinematic model where a human body is represented as an entity with joints and
limbs, containing body kinematic structure and body shape information. There are three types
of models for human body modeling: Kinematic Model, also called the skeleton-based model, is
used for 2D and 3D pose estimation. This flexible and intuitive human body model includes a
set of joint positions and limb orientations to represent the human body structure. Therefore,
skeleton pose estimation models are used to capture the relations between different body parts.
However, kinematic models are limited in representing texture or shape information. Planar
Model, or contour-based model, is used for 2D pose estimation. The planar models are used
to represent the appearance and shape of a human body. Usually, body parts are represented
by multiple rectangles approximating the human body contours. A popular example is the
Active Shape Model (ASM), which is used to capture the full human body graph and the
silhouette deformations using principal component analysis. Volumetric model, which is used for
3D pose estimation. There exist multiple popular 3D human body models used for deep
learning-based 3D human pose estimation for recovering 3D human mesh. For example, GHUM
& GHUML(ite), are fully trainable end-to-end deep learning pipelines trained on a
high-resolution dataset of full-body scans of over 60’000 human configurations to model

statistical and articulated 3D human body shapes and poses. It can be used to infer.
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(a) Kinematic (b) Planar  (c) Volumetric

O Head Pose Estimation

Estimating the head pose of a person is a popular computer vision problem. Head pose
estimation has multiple applications, such as aiding in gaze estimation, modeling attention,
fitting 3D models to video, and performing face alignment. Traditionally head pose is computed
with the use of keypoints from the target face and by solving the 2D to 3D pose
correspondence problem with a mean human head model. The ability to recover the 3D pose of
the head is a by-product of keypoint-based facial expression analysis that is based on the
extraction of 2D facial keypoints with deep learning methods. Those methods are robust to

occlusions and extreme pose changes.

O Video Person Pose Tracking

Multi-frame human pose estimation in complicated situations is complex and requires high
computing power. While human joint detectors show good performance for static images, their
performances often come short when the ML models are applied to video sequences for
real-time pose tracking. Some of the biggest challenges include handling motion blur, video
defocus, pose occlusions, and the inability to capture temporal dependency among video frames.
Applying conventional Recurrent Neural Networks (RNN) incurs empirical difficulties in
modeling spatial contexts, especially for dealing with pose occlusions. State-of-the-art
multi-frame human pose estimation frameworks, such as DCPose, leverage abundant temporal
cues between video frames to facilitate keypoint detection.
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AASITE 50077 W RnE 0l A 9ov] of YWAFE TAAL AUsHE

[t
i
e

m

Fal =
gt guelz 4o 1087 Gtk 2A A4, A2 A4, A2 ce_w% HES AH2FY A5

F, OCR #=7], &% A 5ol &8 + 3

N

o000

opencv-python

opencv-contrib-python
opencv-python-headless
opencv-contrib-python-headless
Python OpenCV+ E}OJ‘L} z
=0| Zohd IR0, F7t
g}o| B g g] EEA:}dcﬂ o%cﬂ A

i

2 U 79 #71xE Agetrh contribZt EoE mrIxE S =
2Eo ] Z3He OpenCVE 2%ttt headless?t E3HE m7]|A|= GUI
H 3HF(Docker, Cloud)olAl AR&SH 4 QlE OpenCVE AX|stth E




BASE_DIR=Path(__file__).t1 ().pat

protoFile = str(BASE_DIR)+”/filc/pbse_deploy_lLnevec_faster_ﬂ_stages.prototxt“

weightsFile = str(BASE_DIR)+"/file/pose_iter_160000.caffemodel"

net = cv2.dnn. T (protoFile, weightsFile)

20O

import cv2
from pathlib import Path

BODY_PARTS = { "Head": 0, "Neck": 1, "RShoulder": 2, "RElbow": 3, "RWrist": 4,
"LShoulder": 5, "LElbow": 6, "LWrist": 7, "RHip": 8, "RKnee": 9,
"RAnkle": 5 "LHip™: , "LKnee": , "LAnkle": , "Chest":
"Background": }

El

POSE_PAIRS [ ["Head", "Neck"], ["Neck", "RShoulder"], ["RShoulder", "RElbow"],
["RElbow", "RWrist"], ["Neck", "LShoulder"], ["LShoulder", "LElbow"]
["LElbow", "LWrist"], ["Neck", "Chest"], ["Chest", "RHip"], ["RHip", "RKnee"],

["RKnee", "RAnkle"], ["Chest", "LHip"], ["LHip", "LKnee"], ["LKnee", "LAnkle"] ]

capture

inputWidth=
inputHeight=
inputScale=

o000

if not hasFr
cv2.
break

frameWidth = frame
frameHeight = fram

inpBlob = cv2.dnn.blobFro ge(frame, inputScale, (inputWidth, inputHeight), (0,

imgb=cv2.dnn. inpBlob)

, 0), swapRB=False, crop=False)

woh
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Ao

put(inpBlob)

output = net.forward()

points = []
for 1 in range(0,15):

probMap = output[0, i1, :, :]
minVal, prob, minLoc, point = cv2.minMa

neWidth * point[0]) / output
eight * point[1]) / outpu

if prob >
cv2.circle(frame, (int(x), int(y)), 3, (0, 5 ), thickness=

G utText(frame, "{}".format(i), (int(x), int(y)), c
lineType=cv2.
point nd((int(x), int(y)))
else :
points.append(None)

for pair in POSE_PAIRS:
partA pair[0]
partA BODY_PARTS[partA]
partB pair[1]
partB = BODY_PARTS[partB]

if points[partA] and points[partB]:
cv2.line(frame, points[partA], points[partB], (0,

cv2.imshow( "Output-Keypoints",frame)

capture
CV2.0

4) Flask2 ¥ ZYYHIE A&

— Flask#&?

Z8~F(Flask) = ooz ZAYE wlolm=z ¢ ZHdYT9 vtz Werkzeug &2 3 Jinja2
22l ol e 7|HkS F= BSD gho]Ad o]t}

o2 ZYdYasE Abgske ofEddloldels AEHAE, B2, Ee2a AAE 9% ¥

A 9 AolA S EFwh.

Solst 5N w7 golneest da gl Mol vlolam megieizet F2u) dole)
ol FAT AF, FH KEA F, Vg 71E A Pojnelert FE J15S ATHE T
4 87t g
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=, 92 TF ZHdda dd =Ee el SAs & VleeEs A
E

Flask

web development,
one drop at a time

[kl ot
o
o|\ N
N olr

[l
5
uic)
2 N

< g

ol ek OpenCVel Flasks Ab&stE™ 941 Pythons thEZEsdbal oju o] Tzt &=
pipS AF&3e] pip WEH O Z OpenCVe FlaskE vt = yk=t}

Visual Studio Code Ejn]geo] HHo] = =43k

o

il

pipo|&?

pipE Fol¥loz ZAE H7)A] AZEY oE AX
Python Package Indexolx] &< 3}o]
3.4 o]F WAL pips 7| EAH R XTI

Wk H7IA dE] AlAE ot
0 o dpeldl 2.7.9 o] F WA dol

o
N

N

il

M HE
_‘

¥2,

terminalol|A] AX] oA
¥ nikhil@nikhil-Lenovo-V130-151KB: ~

File Edit View Search Terminal Help

nikhil@nikhil-Lenovo-V130-15IKB:~$ pip3 install opencv-pythen
Collecting opencv-python
Downloading https://files.pythonhosted.org/packages/c0/a9/9828dfaf93f40e190ebf
b292141df6b7eala2d57b46263e757f52beB589f fopency _python-4.1.2.30-cp36-cp36m-manyl
inux1l x86 64.whl (28.3MB)
100% || | 25 .3M5 40kB/s

Collecting numpy=>=1.11.3 (from opencv-python)
Using cached https://files.pythonhosted.org/packages/62/20/4d43e141b5bc426ba3g
274933efBe76eB85cT7adea2c32lecfebf7421cedf /numpy-1.18.1-cp36-cp3otm-manylinuxl x86
64.whl
Installing collected packages: numpy, opencv-python
Successfully installed numpy-1.18.1 opencv-python-4.1.2.38
nikhil@nikhil-Lenovo-V130-15IKB:~$ [

— OpenCV Ax #H=o]
pip3 install opencv—python
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Fitg  Edit View Search Termingl Halp
ak@sh:~5 |pip install flask
cting flask
Using cached https://files.pythonhosted.org/packages/9a/74/670ae9737d141147530
FcAfdf2eBbdz12a05d3b361ab15ba4937dfd46985/Flask-1.0.3-pyZ. py3-none-amy.whil
Collecting JinjaZs=Z.18 Fruum flask)

Using cached https:// 5.pythenhosted, org/packages/1d/e7 /[Td8b581eTabdFad92ad
[3deb7b9d833d39¢ca i hE ddla494rau;1£]1n]a1 2.18.1-py2.py3-none-any.whl
Collecting click= from flask)

Using cached https://files.pythonhosted.org/packages/fa/37/451 35 b53hb[3UdJ35-
104c434felbfTe5a195a684 T506cAT452Taa59%c /Click-7. 0-py2 . py3-none-any . whl

— Flask A x| @ o]
pip install U Flask (¢ W&ol fJdo]E7A] Aag3t)

5) 2a3id
OpenPosellM 2ES =212

Predict the confidence maps of different
body parts location

Stage 1 Stage £, (1 > 2)
Loss :
1 Ji . t
Branch 1 p ' Branch 1 P
P Pooling = l =il -
il e x 11 . H | Txafimsq el mer|fie
¢ Convalution i"(ﬁ gt g oy = N — clalcl sl e e
] [ el o T Il = e
i) 33| axg el | TS Shllrafizsaiizsafmerfie i
((!(tl-(‘(((‘“(( rr(‘(‘( T PN | cllclecllefec|c|c
| F Rt | i 1o | |
= B .
Vea -1 Branch 2 o' Loss ‘ s Branch 2° @
1 '

Represents a degree of ciation

between different body parts + Bottom up approach, higher accuracy
- 2 + Greedy inference
\ * St

Pythono2 st 2=S 2 71 5
O[5 |3 WY MO FA| HFE 7

—

o 2Zzof Ao ZEM MoZ HASiRO MY A:E
Ct

7) 3tH &5

HTMLZ 3t £&3517] 2I5H, JavaScript2 £& IEE 2HA3IC
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index html x

https://mv346.csb.app/
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