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Image Processing

From Virtual Reality to Deep Learning

Dr Rensu Theart

‘ l‘a‘l'v\l( '
4 Y !

J 'u - i- ‘;;
\‘ J \- /3.‘-0 o

;‘ ' 7 .‘}\_ ."

A !
Ny |

— e T g Photo by Stefan Els



Image Processing &) s

IYUNIVESITHI
UNIVERSITEIT

* |s the use of a computer to process digital images through an algorithm.

 Digital images could be from many sources, such as a camera, medical imaging devices
like MRI or CT scanners, satellites, etc.
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Images only contain three colour @l Sillenbosch
components

* Camera sensors are designed to capture RGB.




Pixels and RGB values { Stellenbosch | vy
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(A) Original image (B) Enlarged view from (A) (C) Pixel values from (B)
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(c¢) Video B - first frame (d) Video B - last frame
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Mitochondria @l Stellenbosch

Mitochondrion

“powerhouse” of the cell
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Mitochondrial events @l Stellenbosch

Fission

g

Fusion

==

Depolarisation

-

An illustration of the different types of mitochondrial events



What we wanted to achieve Stellenbosch
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We need ground truth Sreenposeh
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Use time-lapse sequence to generate ground truth

Frame 1

4D mathematical
process flow

a0 S
c pras]
(7} Qo)
(V)] [
Q (qv]
(@) o
(@) Q
| - | -
(;.)_ o
A
(a1

0O

Frame 2
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A. Full sample MIP B. ROI MIP C. MEL 3D ROI D. GrthS
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e \/ideo here: https://www.dropbox.com/s/h4dw7frxq2rdx9md/VIPP.mp4?dI=0



https://www.dropbox.com/s/h4w7frxq2rdx9md/VIPP.mp4?dl=0

* \Video here:
https://www.dropbox.com/s/0us9ulejb9kw0mo/VR%20Minishowcase small.mp4?d|=0



https://www.dropbox.com/s/0us9u1ejb9kw0mo/VR%20Minishowcase_small.mp4?dl=0

Virtual Learning Experience improves

learning
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e \/ideo here: https://www.dropbox.com/s/1eyjb98hrqupu3f/VR tracking.mp4?d|=0



https://www.dropbox.com/s/1eyjb98hrqupu3f/VR_tracking.mp4?dl=0
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3D pose estimation

4 camera views (new system) Reconstructed 3D pose
T 5= '”' : e
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Spatial-Temporal Graph Convolutional Networks @lﬁsﬁgg:bosch
(ST-GCN) for metric learning

Skeleton action sequence Vector embedding Embedding space
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Figure 6.4: The metric GCN model. Illustration of the GCN feature extractor as a
feature encoder in a metric learning paradigm.




One-shot action recognition on 7 never @l&"bh
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Predicted label

Figure 6.6: Confusion matrix for the final one-shot tests in the seven SU-EMD classes.



Improving Face Recognition of Individuals
with Highly Pigmented skin

* 545 individuals

e 5 different orientations

Table 4: Accuracy for a model with fine-tuned weights.

VGG16
Optimiser | Visible Infrared Full Spectrum
Accuracy AUC  Accuracy AUC  Accuracy AUC
Adam 97.3 0.986  99.7 0.993 99.1 1.000
SGD 97.6 0.985  99.7 0.986 994 1.000
AdaGrad 97.3 0.986  99.7 L.000  99.1 1.000
ResNet50
Optimiser | Visible Infrared Full Spectrum
Accuracy AUC  Accuracy AUC  Accuracy AUC
Adam 0.0 - 0.3 - 0.0 -
SGD 97.9 0.991  99.7 0.998  99.1 1.000
AdaGrad 97.9 0.994 984 0.988 99.1 0.990
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Conclusion: Using infrared light improves the accuracy of face detection algorithms
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(a) Original image. (b) Activation map. (¢) Overlaid activation map.

Figure 4: Example of activation map produced from a CNN model, and how it can be overlaid on the original image.

Non-tunable model Fine-tunable model

Figure 13: Comparison of average activation intensity values over facial regions.



Internally developed PPG
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Thank you
Enkosi
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