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I 1. Introduction
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Human Pose Estimation

e Pose Estimationg| 2

1) Bottom-up method
2) Top-down method
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Human Pose Estimation

e Pose Estimation?| &2t All Point Detection Distinct PersqnsPointGrouping

Input Image All Point Map Output Multi-Person Pose

1) Bottom-up method
1. SO LIELH= Key pointsE 25 =7
2.  Keypoints?to| HZ2HE 24

3. XXFFH

(a) Bottom-up Approach

v HE9| Detectiont Cropping 20| 22 i3
v QIIES ﬁBIEé!EEML ALL = 7} HFS (Multi-Person X =01 X&)

v ot X2k Key points= XZot/| 0i&ol= 20| & 7| =0 S/t Top-down E40 Hlol ZS

=XMEHst W Senseable AIFT A MO|LE HIZXIE



» Senseable Al Lab

I 1. Introduction

Human Pose Estimation
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2) Top-down method
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Human Pose Estimation

* Real-time pedestrian pose estimation, tracking and localization for social distancing (22.12.05)
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Real-time pedestrian pose estimation, tracking and localization for social distancing (22.12.05)
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Real-time pedestrian pose estimation, tracking and localization for social distancing (22.12.05)
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2.1. Related works tables

Paper Year Contribution
Reaserch and implementation of social distancing monitoring technology based on SSD [28] 2021 SSD OFZ[|IX, ALSIE HEIS 7| A4t
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Social Distance Monitoring Approach Using Wearable Smart Tags [3] 2021 AOE 2Y02= EHi
Monitoring COVID-19 social distancingDv;ggspotar;st()erégre]zit;j:éciso[nza;]\d tracking via fine-tuned YOLO v3 and 2020 YOLOV3, DeepSORT, AFSIE Ha|E 7| 24t X|4 ZAt
Simple online and realtime tracking with a deep association metric [34] 2017 DeepSORT €112|&
Using Computer Vision to enhance Safety of Workforce in Manufacturing in a Post COVID World [26] 2020 =2 2tE DLIEE
A Vision-based Social Distancing and Critical Density Detection System for COVID-19 [35] 2020 S NS E E8%H 1 AIAH
The Visual Social Distancing Problem [12] 2020 Pose estimation, Z4H| H2| 58
Omni-Scale Feature Learning for Person Re-ldentification [1] 2019 Pose estimation, 24kl H2| &8
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Solution Year Contribution
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Social Distance Monitoring [16] 2020 LiDAR 7[gt A[AE
Using 3D Cameras to Monitor Social Distancing [31] 2020 AHIZIL FHHIZE 715 AJ AR

=XMEHst W Senseable AIFT A MO|LE HIZXIE



» Senseable Al Lab

—

I 2. Related works

2.2. Related works Limitation
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3.1. Planar homography estimation

e Homography
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Figure 2. A visual representation of homography and the corresponding points
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3.2. Pedestrian detection with YOLOv5
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Figure 3. Graph showcasing performance of different YOLOv5 models taken from
Yolov5h GitHub repository

Figure 4. Bounding boxes drawn on an original frame from the result of the YOLOv5 neural net
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3.3. Human pose estimation using OpenPifPaf with detection
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3.3. Human pose estimation using OpenPifPaf with detection

* YOLOV5 + OpenPifPaf

Detection :> 50 x 1002 B-Box=27| I:> Pose Estimation
(YOLOV5) P (OpenPifPaf)

K| QI A S B0 S o

Table 2 Validation results on 100 pedestrian setting images from the CrowdPose dataset [22], after revising the validation set to include missed

labels
Method Average precision (AP) Average recall (AR) FPS
IoU=0.50:0.95 ToU=0.75 IoU=0.50 IoU=0.50:0.95 IoU=0.75 [oU=0.50

OpenPifPaf (solo) 0.421 0.451 0.573 0.613 0.722 2.85
Our method (with YOLOV5x) 0.451 0.470 0.644 0.676
Our method (with YOLOv51) 0.441 0.467 0.638 0.677 0.789 345
Our method (with YOLOv5m) 0.458 0.491 0.640 0.680 0.792 4
Our method (with YOLOvS5s) 0.455 0.493 0.623 0.669 0.762 5
DEKR 0.515 0.585 0.593 0.644 0.680 1.66
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3.3. Human pose estimation using OpenPifPaf with detection

* YOLOV5 + OpenPifPaf

Figure 8. A comparison from the CrowdPose dataset showcasing superior performance of our method on far away
pedestrians: a shows output from our method (YOLOv5 bounding box and OpenPifPaf pose estimation); b shows
output from DEKR [14]
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3.4. Tracking using DeepSORT with optical flow
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3.4. Tracking using DeepSORT with optical flow
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3.5. Pedestrian localization and distance calculation
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3.6. Smart violations detector

1 Senseable Al Lab
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3.6. Smart violations detector
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Figure 12. People walking and having Fréchet distance of their paths less

than a threshold are considered together and have blue circles around
them
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3.6. Smart violations detector
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3.6. Smart violations detector
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Detection

Algorithm 1 Check if two people are facing each other when
standing

Require: v; is inside or intersecting R
Ensure: ¢ is not close to 90
if any(ejq1.,e,1) and (not all(ej2,e,2) and chz) then
return True

else if any(e;2,¢,2) and (not all(e;1,e,1) and ch) then
return True

else if any(ez,e,2) and any(e;;,er1) and (not all(ej,e;2) or not
all(e;1,e,1)) then

if 62 > 90 and dist(eye;,ear2)> dist(eyei,evez) then - 62 check
is optional
return True
end if
end if
Return False
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3.6. Smart violations detector

o HAXI O ZX|(ZD)
« OIO|E| 4! : Oxford Town Centre Dataset(2AHE A|Lf CCTV HIO|E)
-  HIXO| D S0 CHt 20| 97| 20, MZ2 &S 2E (22 TALE Tiahote 202 S0 A Ground truth 242!

—

Table4 Total together detections from the Oxford Town Centre dataset
[5] that are interacting with each other

Ground truth (GT) Total detected In GT Not in GT

21 19 17 2

81%2| =t

=XMEHst W Senseable AIFT A MO|LE HIZXIE




1 Senseable Al Lab

I 3. Methods

3.7. Social distancing visualization

o A=A AHZ|F7] AlZe EE
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(@) ®

Figure 18. Social distancing initial representation with bounding boxes and lines: a Bounding boxes for
pedestrians and lines between them in green ( greater than 6 feet) and red ( less than 6 feet). b Dense crowds
may overwhelm the viewer in this kind of view
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3.7. Social distancing visualization
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3.7. Social distancing visualization
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Figure 20. The homography between two images
induced by a world plane (the concatenation of two
homography matrices)
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Figure 19. Scaled blank image top-down view
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3.7. Social distancing visualization

o AI=[H AHZ|F7] AlHst Z1}
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Figure 21. 1 Social distancing final representation. a Social distancing enhanced visualization with circles around
pedestrians. The image is a real-time composition of background, circles and pedestrian images(2/%) showing the right
perspectives, sizes and occlusions. b Top down view with the social distancing circles added to the corresponding
satellite image(2@2%
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I 4. Experiments R

Experimental Settings

e Development Environment
e CPU:Intel corei7-8750H

 GPU:NVIDIAGTX1050tiM
* RAM:16GB

Table 5. CPU, GPU,RAM usage and fps reported on the Oxford Town Centre datase

Component Average Max

CPU utilization 44% 72%

GPU utilization 18.48% (747TMB) 18.48% (747MB)
RAM utilization 2GB 2GB

FPS 5 7

Pedestrians visible in frame 15 24

The specifications of the machine are GPU:GTX 1050tiM and CPU:core 17-8750H
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