Supplementary Material – Gaze-Sensing LEDs for Head Mounted Displays
We share additional results and details in this supplementary materials. Curious readers can find details related to
calibration data collection, error metric definition, distance measures, and engineering choices.

Calibration data collection:
Calibration data collected from the L6 stage has a homogeneous distribution across the screen. In the L9 stage, we
show a fixed number of random gaze targets. When a user is gazing at a gaze target at the L9 stage, there are three
possible outcomes of our experiment: (1) previous calibration data is good enough to detect the user is gazing at a gaze
target, and we turn the gaze target’s color gradually to green. In that case, after a certain gaze fixation time, we add
this data to the calibration data, (2) previous calibration data is not good enough, algorithm turns gaze target’s color
to red gradually in time. In that case, the user confirms they are indeed looking at the target by pressing a specific
button on the controller, while continuing to gaze at the gaze target; again, after a certain fixation time, this data point
is added to the calibration data, (3) previous calibration data is not good enough, algorithm turns gaze target’s color
to red gradually in such a case. Sometimes, a user does not indicate, and does not press anything on a controller. In
such cases, the step is skipped after a while, and a new gaze target appears. Thus, positions of calibration data of each
subjective experiment is likely to be different from another.

Error metric definition:
Calculation of our error metric is illustrated in Figure 1. We take the absolute difference of angular gaze estimation
output from the angular position of the gaze target, which can be interpreted as the visual angular error. We intentionally
ask the user to gaze at a target of a certain size. We borrowed this methodology from existing devices as they are also
using targets with a certain size for calibration rather than a single point in space. The main reason behind this choice
lies in the fact that; for a human subject, fixating gaze at a certain spot with narrow angular spread is a challenging task.

Figure 1: A sketch showing how we calculate error for two different sample gaze estimation outputs. As each pixel
correspondence to a visual angular degree, θ, we have converted pixels to angular errors accordingly. A red dot in our
experiments has a radius of rdot = 5 px with an angular spread of 2 × rdot × θ ' 1.2o )

Distance Measures:
We include the definitions of the remaining distance measures here. The Cosine measures calculates the cosine of two
vectors from the Euclidean dot product,
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where a and b represents two vectors that are in process of comparison, and i represent the index of the element within
a given vector. As cosine of an angle is bounded in between −1 ≤ cos(θ) ≤ 1, value of 1 represents exact similarity,
value of −1 represents exact opposition, and finally, value of 0 represents orthogonality. Bray-Curtis dissimilarity
measure is calculated as in
n
P
| ai − bi |
.
(2)
k(a, b) = i=1
n
P
| ai + bi |
i=1

Another method that we have experimented with is the chessboard distances, which is calculated through finding the
element-wise difference of two vectors as in
k(a, b) = max | ai − bi | .
i

The Canberra distances is defined as:
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Engineering choices:
Our GPR implementation is shown in Algorithm 1, where s(t) represents a data capture at a given time, c̄ contains all
the calibration data {c̄p }. The reasoning for the if statement within this implementation is to save computation power
by only updating C when the calibration data has been augmented. Meaning of c̄ can be interpreted as a new calibration
data is injected into the model, which is useful to increase the resolution of estimation for an adaptive system by using
user’s feedback.
Algorithm 1 Gaussian Process Regression
1: procedure GausReg(s(t),c̄(nm ),type)
2:
if c̄ changed then
3:
C = C(type, cal)
4:
C −1 = pinv(C)
5:
f ← C −1 ux
6:
end if
7:
k T = k(type, p)T
8:
[ex , ey ] ← k T f
9:
return ex and ey
10: end procedure
We would like to highlight that a major challenge in an implementation of such smartphone application is to
find a software base that runs across platforms, helps productivity by avoiding porting, we choose to use Python 1
programming language among with Kivy 2 and Numpy 3 libraries.
Our prototype consists of 3 LEDs4 per eye functioning as light sources, 6 LEDs5 per eye functioning as light
sensors, a smartphone6, an Arduino Nano7 microcontroller (uC) per eye, a Universal Serial Bus (USB) hub8, a USB
1https://www.python.org/
2http://kivy.org/
3http://www.numpy.org/
4http://www.adafruit.com/product/388
5http://www.osram-os.com/Graphics/XPic8/00082747_0.pdf
6http://www.samsung.com/global/microsite/galaxynote4/
7https://www.arduino.cc/en/Main/ArduinoBoardNano
8http://www.trust.com/en/product/14591-vecco-4-port-usb-2-0-mini-hub-black
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On-The-Go cable9, a controller10, and a VR headset11 as a housing. Our gaze tracking algorithm runs on a smartphone,
with a uC driving LEDs.

Effect of changing m in GPR with Minkowski Distances:

Figure 2: Two-dimensional plots showing off-line simulation re- sults on angular error in degrees with changing
number of LEDs and calibration points: top: m = 3, and bottom m = 4.

Power consumption:

9https://www.adafruit.com/products/1099
10http://gaming.logitech.com/en-us/product/f710-wireless-gamepad
11http://sunny-peak.com
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Figure 3: A photograph captured during our power consumption test. At this particular case, gaze tracker was
operational.

Comparison of distance measures and results from different subjects:

4

Figure 4: First two rows shows angular positions of a target on a screen along X and Y axes in red color among with
the outputs of different methods and distance measures. Regions highlighted with Magenta color shows blink events,
and regions highlighted with yellow color shows Saccadic Reaction Time (SRT) with a gaze transition (saccade).
Remaining figures shows normalized histograms of angular errors for each method. There are 82 calibration points in
this sample dataset (16 from calibration grid, 66 from VR gaming).
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Figure 5: Subject II (top) and III (bottom): Top row shows angular positions of a target on a screen along X axis in red color among with the outputs of
GPR with Minkowski and SVR with RBF in green and blue color respectively. Middle row shows angular positions of a target on a screen along Y axis in
red color among with the outputs of GPR with Minkowski and SVR with RBF in green and blue color respectively. Both in top and middle rows, Regions
highlighted with Magenta color shows blink events, and regions highlighted with yellow color shows Saccadic Reaction Time (SRT) with a gaze transition
(saccade). Bottom row shows normalized histograms of angular errors for GPR with Minkowski and SVR with RBF in green and blue color respectively.
There are 82 calibration points in this sample dataset (16 from calibration grid, 66 from VR gaming).
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Figure 6: Subject IV (top) and V (bottom): Top row shows angular positions of a target on a screen along X axis in red color among with the outputs of
GPR with Minkowski and SVR with RBF in green and blue color respectively. Middle row shows angular positions of a target on a screen along Y axis in
red color among with the outputs of GPR with Minkowski and SVR with RBF in green and blue color respectively. Both in top and middle rows, Regions
highlighted with Magenta color shows blink events, and regions highlighted with yellow color shows Saccadic Reaction Time (SRT) with a gaze transition
(saccade). Bottom row shows normalized histograms of angular errors for GPR with Minkowski and SVR with RBF in green and blue color respectively.
There are 82 calibration points in this sample dataset (16 from calibration grid, 66 from VR gaming).

