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Motivations Gaming Protocol

1. Leverage the impact of these well known games to attract more workers.
2. Encourage workers to work more carefully.
3. Integrate the quality control to the experiment naturally.

Data Collection

1. Traditional eye tracking requires special hardware.
2. Collecting data 1s expensive, tedious, slow.
3. Data cannot be collected from crowd sourcing platform, e.g. AMT.

Dataset & Benchmark

1. Small datasets limit the potential for training data intensive algorithm
2. Benchmark can be easily overtfit.

Calibration

TurkerGaze: Crowdsourcing Saliency with Webcam based Eye Tracking

Yinda Zhang Adam Finkelstein

Procedure:

Our Approach

1. Angry Birds

1. We propose a webcam-based gaze tracking system, which can collect
large-scale data from Amazon Mechanical Turk

2. We apply a carefully designed gaming protocol to ensure the quality
of the collected data.

Calibration Validation Image Viewing
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Procedure:

2. Whac-a-mole

Challenging

. Efficiency: Real-time performance in web browser.

. Uncontrolled environment: Head movement & I.ack of attention.
. Privacy 1ssue: Cannot streaming recorded video.

System Performance
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Crowdsourcing vs. Lab Collected
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Fixation prediction with
14 Judd subjects’ fixations

Distribution of fixations collected
in the lab and on AMTurk

ISUN Database
Eye tracking saliency on SUN database: 9000 images (expected to label 20608 images)

Statistics of basic information
for workers from AMTurk

1. Saliency data on scene 1mages. 2. Pixelwise semantic labelling + Scene category
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Object saliency statistics. Overlapping with top percents of saliency map.
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(5) semantic labels

(4) saliency (6) salient objects

Example of the saliency data obtained by our system.

Video Saliency

Frame 1: The woman is talking Frame 2: The man is talking

Video Clip

Panoramic Saliency
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