Ultrasound Image Representation Learning by Modeling Sonographer Visual Attention
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Can transferable image representations be obtained automatically
by learning to predict expert gaze?

Introduction Visual Attention Modeling

Quantitative Evaluation

Research Question

* Image representations are commonly learned via class labels

> Simplistic approximation of human image understanding Saliency-VAM Gaze-VAM

KLD NSS AUC [%] CC [%] SIM [%] f>-norm
Static 3.41 +0.02 1.39 +0.05 85.9 4+0.3 14.9 +0.4 8.5 +0.1 54.4 +0.6
Learned| 2.43 +0.03 4.03 +0.05 96.7 +0.2 31.6 +0.3 18.5 +0.2 27.4 +0.4

* Humans direct their visual attention towards informative regions
> Location of visual attention can be recorded via gaze tracking

* The visual patterns that attract gaze can be learned with CNNs

~"Vlisual attention model (VAM)'(visual saliency prediction) * Predictions more accurate than typical benchmark scores and related work [ 3]
* | ack of additional baseline methods since typical saliency predictors cannot
nandle classification

UOIIEATION

* Can visual attention models transfer to medical imaging tasks?

*Image representations are learned by training a CNN to predict
automatically acquired gaze on routine ultrasound scans

Qualitative Evaluation

Frame Saliency-VAM Gaze-VAM
Ground Truth Prediction Ground Truth

Prediction

* The learned representations are evaluated on the task of detecting
anatomical standard views [ 1]
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* Target S*is generated as mixture *|L2loss * Most standard planes are well-separated in feature space
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. . g\P »P)—|IP Pllo
* Kullback-Leiber divergence loss
L4(S*, é) — Dkr(S*|| S) Regression on Fixed Representations
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* Full-length videos of fetal ultrasound scans 0 0
. . 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
* Simultaneous recording of operator gaze CNN Layer CNN Layer CNN Layer

* High-level features predictive for fetal anomaly standard plane detection
* Predictiveness decreases in last layer, indicating task-specificity

tracking and probe motion data
* To better understand and facilitate ultrasound
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