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Our Goal/Motivation

Our goal is to create and implement a system using full
body emotion recognition from multiple views in
everyday life.






Indoor Camera Test




Dataset: MPIIEmo Emotion recognition from embedded bodily expressions
and speech during dyadic interactions

Philipp Muller, Sikandar Amin, Prateek Verma, Mykhaylo Andriluka, Andreas Bulling
Proc. International Conference on Affective Computing and Intelligent Interaction (ACII), pp. 663-669, 2015.


https://www.perceptualui.org/research/datasets/MPIIEmo/
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OpenPose

OpenPose is an open-
source system for human
2D pose estimation of
multiple people.




ByteTrack

« Designed for multi-object tracking (MOT).
* Enhances association accuracy between detected objects across frames.
* Maintains consistent identities over time.

frame: 1 fps: 27.98 num:z 17

GitHub - ifzhang/ByteTrack: [ECCV 2022] ByteTrack: Multi-
Object Tracking by Associating Every Detection Box



https://github.com/ifzhang/ByteTrack
https://github.com/ifzhang/ByteTrack

Processing the Data



OpenPose

Worked perfectly on

the MPIIEmo dataset for
detecting key points and
drawing the skeleton after.




OpenPose

Next steps:

Draw bounding boxes based
on tracking results.

Crop bounding box image
sequences from videos.
Create separate videos from
these sequences.




Challenges with OpenPose

OpenPose indeed excels at
detecting and tracking human
key points, but it does not
provide unique IDs for each
detected object across frames.
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ByteTrack

Process:
ByteTrack generates tracking results and
output video files with bounding boxes.
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Challenges with ByteTrack

Issue 1:
Cropped separate videos by unique ID's based on tracking results are stretched. Because
dimensions for each bounding box in tracking file are different on every frame.

Fix:

Resize all bounding boxes to have the
same maximum width and height found
in the tracking results, while ensuring that
each bounding box remains centered
around its original position.



http://drive.google.com/file/d/1HGEePTgVAnTLC6uofptD1jQA7PljhHZF/view

Challenges with ByteTrack

Issue 2:

If an Object is near the camera, ByteTrack would write a very big number for it's dimensions.

After checking tracking results file, we see anomaly
in height size:

Frame| ID X1ANDY1 width, height

35,447,803.09,508.11,148.18,458.85,0.92,-1,-1,-1
35,448,28.76,405.19,516.68,1332.17,0.79,-1,-1,-1
36,447,802.78,507.90,148.85,460.29,0.92,-1,-1,-1
36,448,18.56,398.66,533.63,1344.67,0.81,-1,-1,-1
37,447,802.67,507.80,148.94,459.99,0.92,-1,-1,-1

Without fixing this, after processing tracking
results, all bounding boxes for that id would get
same height size.



Challenges with ByteTrack

Issue 2:
If an Object is near the camera, ByteTrack would write a very big number for it's dimensions.

Fix

Solution Steps:

1. Parameter fine-tuning for adjustment process.

2. Modifying height and width to handle extreme
outliers.

3. Detecting and adjusting anomalies.

4. Updating bounding boxes while maintaining centre
position.

e Percentile based method to remove possible outliers.



Challenges with ByteTrack

e While experimenting with both, we got our desired results.
After updating dimensions for bounding boxes, median smoothing was applied and new tracking file was

generated .




ByteTrack

Outcomes:

1. Cropped bounding box sequences for each unique ID.

2. Created new video files from image sequences.

3. Annotated videos according to provided instruction file from Dataset.




Feature Extraction - DINOv2

DINOv2 (Distillation with No Labels v2) is a self-supervised learning framework developed
by Facebook Al (how Meta Al) for computer vision tasks.

w | Hugging Face
DINOv2 (huggingface.co)
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https://huggingface.co/docs/transformers/en/model_doc/dinov2

DINOv2

Output file size was huge.

View1 which has 459 video files, had 331GB size of extracted features.



What's Next



Swin transformer

® The Swin Transformer is a vision transformer.
® Uses shifted windows to efficiently capture local and global image features.

® Enhances performance and scalability for tasks like image classification and object detection.



Why use Swin Transformer?

1.Provides high accuracy with lower computational cost compared to traditional ViTs.

2.Combines the strengths of convolutional neural networks (CNNs) and transformers.



Swin Transformer and CNN Fusion module
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3D local window to
perform self-attention
H
A token

=27

Layer 1+1
# window: 3x3x3

# window: 2x2x2=8
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Shifted Window Mechanism



Hierarchical Structure

(c) Pyramidal feature hierarchy (d) Feature Pyramid Network



Metrics for assessing model performance

1. What is concordance correlation coefficient
2. Why concordance correlation coefficient is better than rmse, pearson correlation



Concordance correlation coefficient

- - - Line of perfect concordance

® Measures Agreement —— Line of best bivariate fit
e Combines Metrics
® Range




CCC,RMSE and Pearson Correlation

e Comprehensive Evaluation
® Sensitivity
® Optimization



RMSE and Pearson Correlation

Scatter Plot of True vs. Predicted Values Comparison of Metrics
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