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Background

Interobserver consistency (IOC) refers to the degree of similarity in the
gaze patterns of different observers when viewing the same image.
Here, we explored how image characteristics and observers’ viewing
task influence IOC.

Our Study

e Participants (N =96) viewed 192 images of scenes taken from the
ADE20K dataset (Zhou et al., 2017).

e Participants either free-viewed the images or performed a memory
task (between-subjects design).

 We recorded their eye movements.

Image Characteristics

We focused on two measures: visual clutter and semantic complexity.

Visual Clutter
e We used the Feature Congestion measure of visual clutter
(Rosenholtz et al., 2007) which analyses how features (e.g., colour and
luminance contrast) interact across an image.
e Feature Maps = Pooling = Conspicuity Maps — Normalisation —
Feature Congestion Value.
e Ahigher Feature Congestion value indicates greater clutter.

Semantic Complexity
e \We used GloVe (Pennington et al., 2014) to capture the complexity of
the semantic content of each image.
e To do this, we selected images from the ADE20K dataset of labelled
Images (Zhou et al., 2017).
e \We mapped object labels to vectors in the GloVe word embedding
and calculated the pairwise semantic dissimilarity between objects
within each image.
e Then, we took the average to obtain a ‘semantic complexity’ value
perimage, where higher scores indicate greater complexity.
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Image Selection

e \We wanted a diverse set of images covering the range of visual
clutter and semantic complexity scores, with these metrics
uncorrelated.

e To achieve this, we computed metrics for all images and selected a
final stimulus set meeting this criteria.
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Gaze-Compliant

Interobsever Consistency

How well the fixation heatmap of N-1 observers predicts the fixation
heatmap of the remaining observer using Pearson’s correlation
coefficient.

Linear Mixed Effects Model

|OC ~ Visual Clutter * Task + Semantic Complexity * Task + Number of
Labels + (1|Image) + (1|Participant)
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Conclusions

e Image characteristics influence IOC, with |OC decreasing as visual
clutter increases and IOC increasing with semantic complexity.

e Task also impacts |IOC, being higher during the memory task
compared to freeviewing. However, a more defined task may enhance
this effect.

e (Clutter exerts a greater influence on IOC during the memory task
compared to freeviewing.
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