Paper #112

%

MIDL

Zirich 2022

Pulmonary Embolus Detection with
Dual-Energy CT Data Augmentation

Cornelia HofsdR'?, Roman Johannes Gertz?, Tanja LoRau?, Jens-Peter M. Zemke?,
Tobias Knopp?#, Tobias Klinder?!, Alexander C. Bunck3, Hannes Nickisch.

! Philips Research, Hamburg; 2 Hamburg University of Technology; 3 Uniklinik Koln; # University Medical Center Hamburg-Eppendorf

| INTRODUCTION

Background

A pulmonary embolus (PE) is a blood clot in the pulmonary arteries, obstructing
the blood flow, resulting into dead space and poor oxygenation of organs [1,2]

 The standard method for detecting PEs is a CT scan, which must be acquired
according specific protocols to achieve contrast in the arteries [1,2,3]

* Emboli become visible by contrast occlusions within CT scan [1,2,3]

Motivation
* Early detection decreases lethality rate from 30% to 2% [4]

Problems

 Deviations from PE protocol affect contrast in CT scan and visibility of emboli [5]

 Detection algorithms are limited on CT scans acquired regarding PE protocols and
cannot handle contrast variations [5]

 Data sets covering all variations are difficult to generate, especially due to the
problematic annotation on low-contrast images [5]

Objective: Implementation of a deep-learning based automatic detection of
pulmonary emboli. Thereby, the generalization capacity regarding different data
sets and contrasts is analyzed and improved.

Il DATA SETS

Public and Single-Energy CT (SECT) data sets

* FUMPE: Ferdowsi University of Mashhad's Pulmonary Embolism [1]
« CADPE: Computer Aided Detection for Pulmonary Embolism [2]
In-house and Dual-Energy CT (DECT) data set

 UKKPE: Uniklinik K&ln Pulmonary Embolism

ERICAEICT T
UKKPE 2021 114 4. 84 4.5-1073/1.44 /65.24
FUMPE 2018 35 3.14 61 39 0.5-1073/4.24 / 46.27
CADPE  2013/19 91  3.48 37 63 3.4-1073/4.40/63.65

Overview of the data sets, while N is the number of scans, Npr the number of emboli,
Nperi/proxi the number of peripheral/proximal emboli and V the volume of emboli

Single-Energy CT (SECT)
 Image were collected with one spectrum, resulting in conventional scans [6]

Dual-Energy CT (DECT)

 Simultaneously collection of low and high energy data [6]

 Enables computation of different image representations [6]

 Take advantage of energy dependency for material differentiation [6]

* Monoenergetic images simulates how the image would look like, if the data is
measured with a monochromatic X-ray beam at that energy [6]

* Low/high monoE images has a high/low contrast [6]

MonoES50 MonoE150
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Il METHODS & EVALUATION

Conventional 3D U-Net [7]
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IV RESULTS

Performance comparison without and with DECT training
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Evaluation of the seven networks on conventional test images from FUMPE, CADPE,
UKKPE and on monokE test images of fixed energies of UKKPE

Conventional trained networks

 Cannot handle contrast variations of monoE test images

 Generalizability depends on used training data set

DECT augmentation

* increases performance on monoE test images

 improve the performance on conventional test images

Network trained with DECT augmentation still detects emboli on monoE150 images, while
networks trained without DECT augmentation tends to segment the complete vessel tree.
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Results: Conventionally trained networks cannot handle contrast variations.
Training with DECT augmentation leads to more contrast-independent networks
and can increase the performance on conventional images.



