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“Sarvendriyaanaam Nayanam Prad hanam”
which loosely translates into,
“Of all the sense organs, vision is the most important”.



Pupil Invisible eye tracking glasses: Instant insight into human behavior (youtube.com) 2021


https://www.youtube.com/watch?v=_0zXfxxbeXg
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Historical Perspective

Early approaches to gaze estimation

(a) Mobile corneal reflex system (b) Head-mounted system (c) Head-mounted system

Credits: Appearance-based Gaze Estimation with Deep Learning: A Review and Benchmark,
Gaze Direction Estimation - google/mediapipe, Tobii Eyetrackers



Historical Perspective

Early approaches to gaze estimation

Deep learning algorithms

Modern Approach for Gaze Estimation

Credits: Appearance-based Gaze Estimation with Deep Learning: A Review and Benchmark,
Gaze Direction Estimation - google/mediapipe, Tobii Eyetrackers



Historical Perspective

Early approaches to gaze estimation

Building Wearable EyeTrackers

Dark Pupil Effect '
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Deep learning algorithms

Modern Approach for Gaze Estimation

Credits: Appearance-based Gaze Estimation with Deep Learning: A Review and Benchmark,
Gaze Direction Estimation - google/mediapipe, Tobii Eyetrackers



Understanding the Perspective

labels: landmarks and gaze components (X, Y) predictions: landmarks and gaze components (X, 553
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https://medium.com/@olga.mindlina/gaze-estimation-problem-solutions-and-practical-experiments-412a7a232673
https://www.researchgate.net/figure/Orientation-of-the-head-in-terms-of-pitch-roll-and-yaw-movements-describing-the-three_fig1_279291928
https://www.researchgate.net/figure/Orientation-of-the-head-in-terms-of-pitch-roll-and-yaw-movements-describing-the-three_fig1_279291928
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What are we going to discuss?

* Types of Gaze Estimation

Datasets

Evaluation Metrics of Gaze Estimation

e Appearance Based Gaze Estimation (AGE)

End-to-End Frame-to-Gaze Estimation (EFE)

Real World Case Study of Appearance Based Gaze Estimation
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Types of Gaze Estimation
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Also called the Appearance Based Gaze Estimation


https://cix.cs.uni-saarland.de/wp-content/uploads/2022/05/Zhang2021_Chapter_EyeGazeEstimationAndItsApplica.pdf
https://www.researchgate.net/profile/Eduard-Bairamov/publication/372560398/figure/fig9/AS:11431281176584790@1690204533232/Wearable-eye-tracker-Tobii-Pro-Glasses-2-Source-64.png

Different aspects of eye tracking

* Face tracking

* Face landmark

* Data normalization
* Gaze origin

 Gaze direction
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Introduction of MPIlIGaze Dataset along with its CNN model


https://perceptualui.org/publications/zhang19_pami/
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Gaze-based intention estimation: principles, methodologies, and applications in HRI (ANNA BELARDINELLI, Honda Research Institute Europe, Germany)
An End-to-End Review of Gaze Estimation and its Interactive Applications on Handheld Mobile Devices, https://www.mdpi.com/2218-6581/10/2/68/xml
https://flightsafety.org/asw-article/eyeing-the-eyes/ , https://research.adobe.com/publication/vrdoc-gaze-based-interactions-for-vr-reading-experience/



https://www.mdpi.com/2218-6581/10/2/68/xml
https://flightsafety.org/asw-article/eyeing-the-eyes/
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https://www.mdpi.com/2218-6581/10/2/68/xml
https://flightsafety.org/asw-article/eyeing-the-eyes/
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https://www.mdpi.com/2218-6581/10/2/68/xml
https://flightsafety.org/asw-article/eyeing-the-eyes/
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https://www.mdpi.com/2218-6581/10/2/68/xml
https://flightsafety.org/asw-article/eyeing-the-eyes/

Other Applications?



Live Demo of
Appearance Based Gaze
Estimation



Live Demo of
Appearance Based Gaze
Estimation
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How to create the Datasets?

Lab setting vs in-the-wild
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CAVE | Database: Columbia Gaze Data Set



https://www.cs.columbia.edu/CAVE/databases/columbia_gaze/

Datasets

Lab setting vs in-the-wild
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Datasets

Lab setting vs in-the-wild

DD

D

18 15: L

g gL

Columbia (2013)

_
Subject @ Blsck
\u..m«»a

m.\
3 "'l‘ wall

With Dots

>4

DN DN E

NVGaze (2019)

EyeDiap (2014)

sa“ﬂ | T

ShanghaitechGaze (2018)

Machine Vieion Came

Webeam (Left)

EVE (2020)

%IEH

Rays tracing o,
Capruse markers

Subject i distance of
0.52% o camera

eyos (218,548 images)

Closed eyes (10,444 images)

S -

Uncerisn mages (annotator dasgreement)

KRGS0 camers

Gaze360 (2019)

RT-Gene (2018)

Less constructed




Datasets

Lab setting vs in-the-wild
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Gaze Plot of various datasets

How extensively do these gaze angles cover real world in each dataset?



Gaze Plot of various datasets
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Area covered by these models are show the area of the gaze points collected via each dataset


https://cix.cs.uni-saarland.de/wp-content/uploads/2022/05/Zhang2021_Chapter_EyeGazeEstimationAndItsApplica.pdf

What are some important aspects of dataset for appearance based gaze estimation?

COMPARISON OF 3-D GAZE ESTIMATION DATA SETS

Y[-178.99%, 177.05%]

Dataset Channel Full Face Camera Number  Total  Subject Distance  Gage Pitch/Yaw  Head Pose Pitch/Yaw
e : 2369 15 00em oS oy 714
om v w1 me n eem LISLE Seni
ColumbiaGaze(77] ~ RGB  Yes 5 5880 6 20em yret 0 Ta00r 30007
s s a3 s w e i RRD
Gaze360°[74] RGB Yes 5 = 172K 238 = 220 em YT[I?;%ES E:;i:;] -
NISLGaze[41] RGB Yes 1 2079 videos 21 90 ¢m 5[['_2211'_“1212 iﬁ'ﬁ?} -
mawn s w1 mm 5 ;e [Ggin fomam
ShanghaiTechGaze[56] ~ RGB Yes 3 233796 137 - ,f_f[g'gi o ppy Zﬂ -
UnityEye[62] RGB Mo - user-defined - wser-defined user-defined user-defined
a0 mew o ew DG S0 ESID
XGaze[79] RGB Yes 18 1,083,492 110 100em L on69%.8921° - PI-89.50° §9.31°)

Y[-148.27%, 175.6°]




What are some important aspects of dataset for appearance based gaze estimation?

COMPARISON OF 3-D GAZE ESTIMATION DATA SETS

Dataset Channel Full Face Camera Number Total Subject Distance GGaze Pitch/Yaw Head Pose Pitch/Yaw
P[-48.94°, 13.057] P[-51.39%, 62.147]
MPHGaze[15] RGB MNo 1 213,659 15 4060 cm Y[-52.38°, 44.07°] Y[-73.14°, 73.14°]
P[-39.25%, 15.187] P[-45.58", 66.327]
MPIIFACEGaze|28] RGB Yes 1 213,659 15 40-60 cm Y[-45.26°, 36.99°] Y8171, 101.93°]
. P[-15.00°, 15.007] F(-00.00¢%, 00.00°]
ColumbiaGaze[77) RGE Yes 5 5880 56 200 cm Y[-10.00°, 10.00°] Y[-30.00°, 30.00°)
i . P[-84.68°, 66.31°] P[48.95°, 66.68°]
EYEDIAP[78] RGB-D Yes 2 94 videos 16 BO-120em | (N oo 6891°]  Y[.95.99° 94.80°]
. P[-T8.22°, 89.26%] -
Gaze36l®[74] RGB Yes 5 =]T2K 238 = 220 em Y[-179.88°, 179.88°]
, P[-21.48°%, 20.76°] -
NISLGaze[41] RGB Yes 1 2079 videos 21 90 ¢cm Y[-21.25°, 21.04°]
i P[-80.76°, 34.297] P[-63.39°, 26.70°]
RT-GENE[55] RGB-D Yes 1 277,286 15 = 182 cm Y[-50.89°, 66.69°] Y[37.49°, 37.50°]
. . P{0.09 cm, 33.44 cm] -
Syn th e tIC Shanghai TechGare[36] RGB Yes 3 233,796 137 Y[2.24 cm, 58.36 cm]
D UnityEye[62] RGB Mo - user-defined - wser-defined user-defined user-defined
atasets . P[-66.48°, 55.43%] P[-35.51°, 41.93°]
UT-Multiview[5] RGB No 8 1,216,000 50 60 cm YET792° 80.80°] Y[-39.90°, 38.78°]
XGaze[79) RGB Yes 18 1,083,492 110 100 em P[-89.69°, 89.21°] P|-89.50°, 89.31°]

Y[-178.99%, 177.05%]

Y[-148.27%, 175.6°]
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Evaluation Metrics of Gaze Estimation

@ Real Look-At-Point

@ Estimated Look-At-Point
@ Angular Error



Evaluation Metrics of Gaze Estimation

L2 Distance:

The primary metric used to evaluate the
accuracy of 2D gaze point estimation

Angular Error:

The predicted gaze direction vector is produced
by connecting the head point to the predicted
gaze point

@ Real Look-At-Point

@ Estimated Look-At-Point
@ Angular Error



Evaluation Metrics of Gaze Estimation

L2 Distance:

The primary metric used to evaluate the
accuracy of 2D gaze point estimation

Angular Error:

The predicted gaze direction vector is produced
by connecting the head point to the predicted
gaze point

Other Metrics:

Mean Angular Error (MAE)
Mean Square Error (MSE)
Average Precision (AP)
Classification Accuracy

B wnN e

@ Real Look-At-Point

@ Estimated Look-At-Point
@ Angular Error
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Appearance Based Gaze Estimation

What can Model adapt to?
- Person specific
- Person Independent

Calibrations Requirement

1. No calibration

2. One point calibration

3. Multiple point calibration

13 Conv layers

Fully connected

(a) Gaze estimation with eye images

5 Conv layers

Fully connected

(b) Gaze estimation with face images

. 1x1 Conv
."f::: Gaze
e

4 Conv layers
ﬁ 3
3L
4 Conv layers  —
— ] g Gaze
B+

~— |Fully connected

/

Grid Fully connected

(c¢) Gaze estimation with face and eye images



What are some of the problems in
Appearance Based Gaze Estimation?



Problems in Appearance based
Gaze Estimation

Gaze
Feastures

Regression

1 |

i T 1 |
HAZRS

Head Pose Eye Blink Occlusion Image Blur Individual Bias
Variance

Eye
Detection
A

Eye Region

Input Image

Influence

Influence

Overview of a simple gaze estimation which consist of eye detection, feature extraction, and gaze
regression. Challenges of gaze estimation are head pose variance, eye blink, occlusion, blur images

and individual bias.



What are we going to discuss?

+Appearance-Based-Gaze-Estimation{AGE}
* End-to-End Frame-to-Gaze Estimation (EFE)

e Real World Case Study of Appearance Based Gaze Estimation



EFE: End to end frame to gaze estimation

New approach in Gaze estimation = Forget the old approach completely

I = | Frame-to-Gaze Model :--l
1
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|
|

Face @ Landmark - Data Gaze
I Det&cmru ™! Detector WNunﬂalizatian - Estimator

|F'I'E".|'ir_‘ru5 approach

[2305.05526] EFE: End-to-end Frame-to-Gaze Estimation - arXiv.org



https://www.bing.com/ck/a?!&&p=b226701c7ff3d2ff85c669e483e4a1ff023d37a2091bf986b88244de90933608JmltdHM9MTcyOTM4MjQwMA&ptn=3&ver=2&hsh=4&fclid=2443ae73-56b2-6ae7-1270-ba6f57606ba9&psq=EFE+gaze+estiamtion&u=a1aHR0cHM6Ly9hcnhpdi5vcmcvYWJzLzIzMDUuMDU1MjY&ntb=1

EFE: End to end frame to gaze estimation

New approach in Gaze estimation = Forget the old approach completely

= | Frame-to-Gaze Model

m |Dur End-to-end Frame-to-Gaze Estimation (EFE)

Data

Gaze

A lOurEnd-to-end Frame-to-Gaze Estimation (EFE)  __ __ __ __ __ ____ __ __ __ _ ________ ____ |
& —» == _ _ - —P P
u ™ @ Landmark 3 LY N

I Face
I

Detector . ‘

IF'I'EUiEI-uS approach

Detector a-. - "

Marmalization

Estimatar

Goal of the new approach

directly regresses a 6D gaze ray i.e.
(3D origin and 3D direction)
Use frames of the images without
preprocessing as the model input

Main Challenges in new approach

Small Eye Region
Gaze Origin Estimation

How did we get there?

[2305.05526] EFE: End-to-end Frame-to-Gaze Estimation - arXiv.org



https://www.bing.com/ck/a?!&&p=b226701c7ff3d2ff85c669e483e4a1ff023d37a2091bf986b88244de90933608JmltdHM9MTcyOTM4MjQwMA&ptn=3&ver=2&hsh=4&fclid=2443ae73-56b2-6ae7-1270-ba6f57606ba9&psq=EFE+gaze+estiamtion&u=a1aHR0cHM6Ly9hcnhpdi5vcmcvYWJzLzIzMDUuMDU1MjY&ntb=1

Looking at the traditional approach using the webcam.....

Camera
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Looking at the traditional approach using the webcam.....

, 3D Gaze Origin, o
/
/

‘; #! 3D Gaze Direction, d

Y
| Head
- Coordinate

~ . Space

|

User

Camera
Coordinate
Space

Screen
Coordinate
Space

~ T =~ O Point-of-Gaze (PoG), g

Screen / Display

Main assumptions of the approach:

Person head pose is co-planar to the screen i.e
it always faces the screen

Calculating the 3D head translation estimation
from a 2D image without any error

Diverse head pose with corresponding gaze
points calculated

Ground truth of the datasets are perfect



Before we go into the related works....



Prof. Danna asks :
How do you find the Gaze Direction for each
person in the image?

[2204.09480] GazeOnce: Real-Time Multi-Person Gaze Estimation
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Prof. Danna asks :
How do you find the Gaze Direction for each

person in the image?

| pointed them out like this.

[2204.09480] GazeOnce: Real-Time Multi-Person Gaze Estimation
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Prof. Danna asks :
How do you find the Gaze Direction for each
person in the image?

Original

| pointed them out like this.

Prof. Danna asks :

A : TRl 7 - How would you find it doing the current

> 0 ' e o . approaches in computer vision that was taught
@ @ ‘ in the class?

N 3 !v'

[2204.09480] GazeOnce: Real-Time Multi-Person Gaze Estimation
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Prof. Danna asks :
How do you find the Gaze Direction for each
person in the image?

Original

| pointed them out like this.

Prof. Danna asks :
How would you find it doing the current

- “ [y’
, & Y

2 @ @ : @ 7 28 approaches in computer vision that was taught
= : in the class?

Vision Transformers ? Attention Models ?
Feature pyramids ? Larger Datasets ?

Utterly Confused?

[2204.09480] GazeOnce: Real-Time Multi-Person Gaze Estimation
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CNN based learning

Eye L e Backgar::: for
How do we extend the CNN’s learning = i !!!i' aame L L2 (=] |
capabilities? |

v
CNN- — i
> Backbone for H Eye R
Eye R Eye Channel =

o H

FC FC

H FC FC
b g CNN- 128 | 64 g
:7(2? FSQZLu g Backbone for | : Relu| Relu
o) Attention- ‘
Branch —
CNN-
Backbone for -
Face Channel CNN-
Backbone for >
Face Channel
(a) 12D Net
(b) AGE-Net
Conv| Conv | Conv| Conv| ([:)(i)l::ed ( g::ted g::ted (I::);I:\tled FC Conv| Conv | Conv | Conv | FC
64 64 P 64 256 32 64 % 128 | 256 [Mx 256
33)| (33) [ 11)| % (3.3) 128; (3,3) | 256; (3,3) | 256;(3,3) Rel 33) (33 > 33 2 Slammicti
(3:3)| (3:3) |5 | B3| @A ate=22 [ rate=3,3 | rate=45 | rate=s,11 | Retv (33| 3) WERl (3:3) | (33) WER Sigmot

(c) CNN-Backbone for Eye Channel

(d) CNN-Backbone for Attention-Branch

1 Conv | Conv| Cony[ Dilated (" Dilated Dilated [ Dilated £C
64 64 64 Conv Conv Conv Conv ‘ 256

| 63| 33| Ly 64; (3,3) 64; (3,3) 128 (33) | 256i(33) | oo/
Seas s T rate=r,r, | rate=r,r, \ rate=ry,r; \ rate=r,r, |

(e) CNN-Backbone for Face Channel

Modified version of AlexNet

Appearance-based Gaze Estimation using Attention and Difference Mechanism, CVPR 2021



How do we extend the CNN’s learning

capabilities?

1. Learning Eye Independent features

2. Modification of model layers

- Diluted Convolution
- Global Max Pooling

-  Ensemble model approach

| Model [ MPIiGaze | RT-Gene |
iTracker (AlexNet) [23]] 5.6° -
MeNet [35]] 4.9° -
Spatial-Weights CNN [41]) 4.8° 10.0°
Dilated-Net 4.8° -
RT-GENE (1 model) [16] 4.8° -
RT-GENE (4 model) [16] 4.3° 8.6°
FAR* Net [12] 4.3° 8.4°
Bayesian Approach [34] 4.3° -
[2D-Net (Proposed) 4.3° 8.44°
AGE-Net (Proposed) 4.09° 7.44°

Lower is better

CNN based learning

Eye L

i- -~

>
Eye R

Conv
64 64
(33)| (33)

Conv [FLUER

CNN- [ -
Backbone for ' ]
Eye Channel -

CNN- {
Backbone for -
Face Channel

(a) 12D Net

\ Eye L

Conv| Conv| Cony( Dilsted (" Dilated
ool IETY 64 64 Conv Conv
>2) I 33| (11 64; (3,3) 128; (3,3)
bl (€8 )7 7( 2 )7 (1.1) \ rate=2,2 |\ rate=3,3

(c) CNN-Backbone for Eye Channel

G

=8l Conv

Conv| Conv
64 64 Pool .S
(5,5)| (3.3) e (3.3)

CNN-

> Backbone for !
m [ Eye Channel H —
Eye R
m Fc | ke
| :;8 gi L]z ' CNN- L — | 128 | 64
g Backbone for Relu| Relu
Relu| Relu Attention-
Branch
5. . CNN-
—> Backbone for =
" Face Channel
- 1)
(b) AGE-Net
= > Oy — ——>
[c)llated g'hted FC Conv| Conv [/ /5F8l Conv | Conv 518 FC
e | S |25 32 | 64 [MIBN 128 | 256 256
rate=45 | rate=511 | Relv | B3] 53 Bl 33 | 33) § “;“'H:,S'gmld

(d) CNN-Backbone for Attention-Branch

[ conv| Cony[ Dilsted (" Dilated ("Dilasted (" Dilated EC
64 64 Conv Conv Conv Conv 256
33| @ 64; (3,3) 64; (3,3) 128; (3,3) 256; (3,3) Relii

- 7 rate=r,r, \ rate=r,r, \ rate=ry,r; \ rate=r,r,

(e) CNN-Backbone for Face Channel

/4

Modified version of AlexNet

[2104.12668] Appearance-based Gaze Estimation With Deep ...

’
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Few-Shot Adaptive Gaze Estimation

Training data {image, gaze}

Representation

leamning Meta-learning

calibration data calibration data

{image, gaze} Adaptable

gaze estimation network .

(AdaGen)
o |I -
i \ test image
test image ilr' ¥ q
Person-specific
—»{ gaze estimation network PS-Gen B
(PS-Gen) A [
person A v v person B
Gaze X N Gaze
direction . * | ¥ | £ y direction
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Few-Shot Adaptive Gaze Estimation

Training data {image, gaze}

~,

Metadeaming ¥——— Model-Agnostic Meta-Learning(MAML)

Representation
learning

calibration data calibration data

{image, gaze} Adaptable

gaze estimation network

(AdaGen)
3 :
i \ testi

test image v 4 est image

Ferson-specific -

—»{ gaze estimation network P5-Gen B -l—l

{PS-Gen) A _
person A v v person B

Gaze | X N Gaze
direction | * | L I y direction
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Few-Shot Adaptive Gaze Estimation

Training data {image, gaze}

~,

Metadeaming ¥——— Model-Agnostic Meta-Learning(MAML)

—'—/

calibration data

Representation
learning

Fine-tuning to person-specific

Y

Adaptabile / {image, gaze}
gaze estimation network .
(AdaGen)
'I ]
test image v Y testimage

Person-specific |
—»{ gaze estimation network P5-Gen B <
(PS-Gen) A

person A 4, i person B
Gaze | Gaze
L direction | * | L I LY 12 | direction
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Few-Shot Adaptive Gaze Estimation

Training data {image, gaze}

~,

. Model-Agnostic Meta-Learning(MAML)

Representation

g Meta-learning
learning

—'—/

calibration data

T

¥ y

Fine-tuning to person-specific

A

r

Adaptab.re / {image, gaze}
gaze estimation network
% (AdaGen) ; 55 5.5 .
g v —8— Zhang et al. [2019]
| 504 50 |
4’ ‘-I' test imﬂ.ge . 50 . 5.0 _—:—_ I;‘m' c.t al. [IZEMB|
2 L AZE (onrs)
. — 45 ~ 45
Person-specific o -
gaze estimation network P5-Gen B < B o E 4ol
(PS-Gen) A 7 H
person A 4, person B | 357 £ 35
Gaze | " 5 Gaze o ay
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p ] A 5 o
25- T T T T T T T T T T T T T T T T T T T T 2, T T T T T T T T T T T T T T T T T T T T
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Gaze Once

,..

p ~‘: J Classification hcad}’ Yo oy W
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- JI Landmarks hcadj}- >y 3
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|}

uonadfosd wos g

" 1 3D g}uc head 73}' *| ¥
4 ;@é‘a_/c head - F E’ .;' ye X : Je=| 1, ‘
Ne— 1 2l)>ga/c head - [ v |> 3- o E :
1 2D gaze head - S { 5 }*E' ¥s -’@1—‘ 1 Iq E
t

uoistAdns-j s
paseq uonaforg

: ‘ Feature extraction Context modules S s
/ Input image / with pyramid networks Multi-task downstream heads
F I )
rame as Input optimizing face localization and gaze estimation
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Gaze Once

2 P; ° :' ! A Classification head E > ¥n y ;E_
3 ‘;—/( ¢ S A Localization head .}' > ¥y 2 F
Ai_,@ ; » 21 . !:nndm.nh head -}‘ > ¥ := OCus Oon
gee T g NG & i Gaze
[:Ek? Se— / 7 I\ 3D gaze head ~\ Y, % =
7 D : 2D gaze head - | '—‘—J , 5 2 i i
70 —’e,, == {2Dguencad-F 2}y, ‘ Direction
I\L___;'_"_,’ 2D gaze head -1 L } > yr -
: ! 2D gaze head - S Lg } >
- Feature extraction Context modules - g}
/ Input image / with pyramid networks Multi-task downstream heads

N

Frame as Input optimizing face localization and gaze estimation

Gaze error (lower is better) w.r.t. the width of faces
30-60  60-90 90-120 120-150 150-180 180-210 210-240 =240
Full-face AlexNet 1 normalized face ~ 24.99  20.00 17.56 17.03 16.47 14.74 1343 1231
ETH-18 ResNetl18 1 normalized face ~ 28.89 2193  16.66 14.90 14.33 12.44 11.68 10.32
ETH-50 ResNet50 1 normalized face ~ 29.82 21.87 16.93 14.76 13.87 11.79 11.13 9.98
GazeTR ResNetl8 1 normalized face ~ 24.51 16.84  14.59 13.37 13.65 11.72 10.71 9.96
Ours MobileNet0.25 1 full image 2294 17.55 13.69 11.08 11.13 941 8.17 7.74
Ours ResNet50 1 full image 21.17 13.77 10.58 7.9 8.57 6.68 6.01 5.56

Method Backbone Input
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Transformers with Gaze Adaptation Module
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. P — Transformer —_— :
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Merging Multiple Datasets for Improved Appearance-Based Gaze ...
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Transformers with Gaze Adaptation Module

Two-stage Transformer-based

Gaze-feature Fusion

e

TP

Model Transformer |Feature Fusion|MPIIFaceGaze| RT-GENE|EYEDIAP
FullFace |8] NO Face Only 4.93° 10.00° 6.53°
RT-GENE [10] NO Two Eyes 4.66° 8.00° 6.02°
DilatedNet [9] NO PAR 4.42° 8.38° 6.19°
iTracker [12] NO LR-EH 4.33° 7.12° 5.28°
iTracker-MHSA [21] YES LR-EH 4.05° 7.06° 5.17°
GazeTR-Hybrid [19] YES Face Only 4.18° 7.12° 5.33°
GazeCADSE [42] YES Face Only 4.04° 7.00° 5.25°
Proposed YES EH-LR 3.88° 6.46° 4.89°

-

.~ S
F Y A
1 ' L
'
I Transformer 1
! Encoder —_— 1
1 with FC 1
I - I
\ Transformer 1 ~
. Encader —| MLP |—> § — —y
! with FC 1
=t | Eyc Backbone - [}
1 Transformer 1
! Encoder I
I with FC |
—_— I
I
~—  / [
r : 1 7
\ Two-stage Transformer-based Gaze- ’
? Face Backbane S feature Fusion Module (TTGF) -
b @ element-wise addition
P A— T T

Al
® matrix multiplication |l MLPy ] :
Dy : 1
D, } feature concatenation H MLP, J 1
: . ] :_'1 % |—=Ag
. ]
Dyg-1 I_:l 1 :
. 1
L]
\ 1

Feature Extraction from multiple datasets

Merging Multiple Datasets for Improved Appearance-Based Gaze ...
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What are we still missing?



End-to-End Frame-to-Gaze Estimation (EFE)

Learning-based PoG Estimation

A

'I @ o I"—~> Encoder >

é > Decoder
=}
g

Frame Input

EfficientNet-V2
(UNet)

» MLP

-

Res.
Block

Res 1

MSE loss Leveraging camera
MSE loss
] '"""“s intrinsic properties
Gaze
{g Origin Location h % dlrectly
Gaze Origin 2 g
Heatma E - -
- E— Ol IgGaDeplh
S
Gaze
Sparse Ly |°SS Origin MSE loss
! Depth Map |

E
M «—— Angular Loss v

- . |Screen Plane
7| Intersection PoG

Gaze Direction 1
Camera
Extrinsics

Leveraging camera intrinsic
properties directly




Predicting Gaze Origin

MSE loss

MSE loss N Cal.nm:a
_________ = Intrinsics
ST ¢ = Gaze \[,
///"/ ________ 4 % > %‘D = Origin Location
Ty 2 Res. . )
’ -~ - g
A | § Gaze Origin s ’ a E _ Gaze
S —> Encoder > g > Decoder Heatmap - l « g Origin
u 8, [ 5 '§ N Gaze £
Res. = ..
-]
Sparse . L1 Loss
Depth Map
Heatmap Prediction:
n
1 o112 h : The 2D gaze origin heatma
ﬁheatmap = E ZHh - hH21 _ 8 8 P
S d : The Sparse depth map
: 2D position of gaze origin predicted using h
Sparse depth map loss: 8 P g sinp g
z : The gaze depth
z=h-d Ly=|z—z, h : The ground truth heatmap generated by
drawing a 2D Gaussian centered at the gaze origin
2D location of gaze origin loss: g : The ground truth gaze location on the

~ 112
Le =g —gl3 cameraframe



Calculating the Origin of 3D Gaze

1. Normalize 2D gaze points

f: 0 ¢ e
K=|0 f, ¢ T
0 0 1 Yy —Cy

V=

o fy
1. camera intrinsic matrix K

2. Calculate the origin of 3D gaze
2. The 2D Gazing Point

Coordinates g = (X, V) ]
u
Y| _ -1
3. The 2D Gazing Point L = K " |v|-d
Depth d q 1

3. Finally obtaining 3D gaze point 0 = (X, V, Z)



Predicting Gaze Direction

N e
Gaze Direction loss: T "
/ Ty u
E f‘ o A g:‘
= dIccos -~ S
' Hf‘| HrH . @ —> Encoder - ol = Decoder Anglﬂar loss
| a— 2
-~

l

[
—— MIP ——— &

| a—

Gaze Direction

We can obtain the 3D gaze direction (r).




Predicting Gaze Direction

. . / _________ \\\\
Gaze Direction loss: Y g — Wy
/ Ty o
f‘ o A W@
L, = arccos | — A g
Hr| HI'H . = —> Encoder -> al > Decoder
| a— 2

We can obtain the 3D gaze direction (r).

Total Loss

ETt}ml — )\gﬁg + An Eheatmap + )‘-dﬁd + Ar Er + )‘-PGG‘EPUG

—> MLP ————>

Angular loss

l

@
. a—

Gaze Direction



End-to-End Frame-to-Gaze Estimation (EFE)

Learning-based PoG Estimation

A

'I @ o I"—~> Encoder >

é > Decoder
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g

Frame Input

EfficientNet-V2
(UNet)

» MLP
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Res.
Block

Res 1

MSE loss Leveraging camera
MSE loss
] '"""“s intrinsic properties
Gaze
{g Origin Location h % dlrectly
Gaze Origin 2 g
Heatma E - -
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E
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Gaze Direction 1
Camera
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Leveraging camera intrinsic
properties directly




Calculating the Point of Gaze(PoG)

REGT Camera

Subject Head

Remote Eye Gaze Tracking Research: A Comparative Evaluation on Past and Recent Progress
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Calculating the Point of Gaze(PoG)

Intersection of the line of sight
with the screen plane
p=0+Ar

Distance from the screen : A

r-ng
A

=(as_o)'ns

REGT Camera

Subject Head

Remote Eye Gaze Tracking Research: A Comparative Evaluation on Past and Recent Progress
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Calculating the Point of Gaze(PoG)

Intersection of the line of sight
with the screen plane
p=0+Ar

Distance from the screen : A

r-ng
A

B (as — 0) - ng PoG estimation

Lpoc = |Ip — ﬁ”%
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Baseline Models for EFE

MSE loss
PoG
(a) Direct Regression
How to understand the importance of this complex model?
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Baseline Models for EFE

MSE loss
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(a) Direct Regression

How to understand the importance of this complex model?

Angular loss
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We perform ablation study to understand the model. | Drecion 1> iy, v
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Baseline Models for EFE

How to understand the importance of this complex model?

We perform ablation study to understand the model.

Model Heatmap pred. Depth map pred. Gaze Origin (mm) Gaze Dir. (°) PoG (px)
Direct Regression - - 143.83
Separate Models 16.18 3.63 141.35
Joint Prediction 20.14 3.73 143.39
EFE w/o depth map v 18.28 3.82 146.82
EFE (ours) v v 16.07 3.53 133.73

So, Depth is important feature contributing to PoG estimation

MSE loss
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Importance of Heatmaps

g;;

Supervises the distance of the person from screen




Experimentation

Model Inputs PhonePoG TabletPoG

Model Inputs GazeDir.(°) PoG(px) .
. . iTracker Face&Eyes 2.04 3.32 Model Tnput GazeDir.(°) PoG(mm)
EyeNet (static) Right Eye 4.75 181.0 iTracker (frain aug) Face&Eyes 1.86 2.81
- 42

EyeNet (static) Left Eye  4.54 172.7 SAGE Eyes 178 2.72 Full-Face  Face 4.8 429

TAT Face 1.77 766 FAR-Net* Face&Eyes 4.3 -
FaceNet Face 3.47 134.10 ) )

AFF-Net Face&Eyes 1.62 2.30 AFF-Net Face&Eyes 4.4 39.0
EFE(ours) Frame 3.53 133.73 EFE(ours) Frame 1.61 2.48 EFE(ours) Frame 4.4 38.9

1. Comparison with state-of-the-art methods on the 2. Comparison with state-of-the-art methods on the 3. Comparison with state-of-the-art methods on
EVE dataset. GazeCapture dataset. the MPIIFaceGaze dataset.

PoG residual Maps

on EVE Dataset
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What are we going to discuss?

* Real World Case Study of Appearance Based Gaze Estimation



Efficient Interaction with Automotive Heads Up Displays using Appearance-based Gaze Tracking, AUTO Ul 2021



User Evaluation

85” DISPLAY FOR
LANE CHANGING TASK

HUD
,'/‘

7" DISPLAY

Fig. 3. User Interface Design on Head Up Display

LEAP MOTION
FOR GESTURE RECOGNITION

Study Statistics: ‘I
i 8 (5 Male; 1 Ieft handEd, AVg Age: 2475yr ) partiCipantS Fig. 2. lllustration of the Experimental Setup
(None of the participants had any motor impairment or
color blindness)

Efficient Interaction with Automotive Heads Up Displays using Appearance-based Gaze Tracking, AUTO Ul 2021



Understanding Subjective Analysis

Rating Sheet

Mental Demand

How mentall demanding was the task? Lo L4 High
Physical Demand

How physically demanding was the task? Lo e High
Temporal Demand

How hurried or rushed was the pace of the Low e High
tasi?

Performance

How successtul were you in accomplishing Poor [ ] Good
the task?

Effort

How hard did you have to work o accomplsh Low e High

your lovel of performance?

Frustration Level

How insecurs, discouraged, irritated, Low [ ] High
stressd, or annoyed were you?

(a) Rating sheet for various dimensions of NASA-TLX

Question 10f 15

Out of the following two workload measures, which one
contributed more to the task?

Mental Demand Physical Demand

How mentally demanding was How physically demanding
the task? was the task?

(b) Workload dimension comparison card

26.67 |
Performance
o
£
& 14
Mental
Demand
Frustration Physical Temporal
74 Level Demand Demand

Importance Weight

Il score

1007]

754

Overall Workload
M score

NASA-TLX WEB APP: AN ONLINE TOOL TO ANALYSE SUBJECTIVE WORKLOAD



Conclusion

NASA TLX (task load index) & SUS(system usability study)

Qualitative Metrics - User E;[ud'!nl Mean Selection Time for sfcﬂﬁdaﬁ' Task Comparing Driving Performance using Gaze and Gesture
- 2 7 50
& 7 5 “
T o ag
3 ¢ s
& .E £ a7 E
= -] £
@ o o : 54 E
e - E t <
o = 4 g ® g
# o0 £ ] 3 &
g £ 3
30 E 3 & 5 g
Ft 3 ! w
10 1 41
Q
0 42
w s o Gesture Gare
B Gesture W Gaze Gesture Gaze = vean Dev from Path e Std Dev of Steering Angle  ——Mean Speed
Fig. 5. Qualitative Metrics with Gaze and Gesture Interfaces Fig. 6. Mean Selection Time with Gesture & Gaze Fig. 4. Comparison of Primary Driving Task Parameters with Gaze and Gesture Interfaces

Applications on Automotive Driving?

Efficient Interaction with Automotive Heads Up Displays using Appearance-based Gaze Tracking, AUTO Ul 2021



Questions?



Thank you
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