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vascular Invasion Prediction in

Hepatocellular Carcinoma,” in Proc. 2024 IEEE 21st Int. Symp. Biomedical Imaging (ISB), 2024.
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Example Frames from CEUS Dataset Objectives

Localize ‘
_—

FramelPa(ld'mg

HCC
‘—’— MLP Classification —
-

+ localize the lesion from CEUS

dataset
» classify hepatocellular carcinoma
(e) (f) (2) (h) (HCC) by comparing it with benign
[Fig. 1. CEUS Video Images. (a)—(d): arterial phase; (e) and (f): portal venous phase; tumors SU_CI'I as focal nodular
(g) and (h): delayed phase of liver CEUS video images.] hyperplaSIa {FNH)

Frame Selection Frame Selection : Arterial Phase

H nspoke - @
]
Training

AP PP, LP, KP
Enhance Pattern Wash-out

Focal Nodular Cantrifugal Hypar-anhancament/

Hyperplasia Spoke-wheel Pattern
IssHygsbr-anhaneing.
Conirifugal Hyper-srihancamentl with or without
Spoke-wheel Paern Comgplule Hygmr-enhancessnt Non-enhancing Centeal Scar

Basket Pattern
I —

37

@
(]
=

Malignant
Training
Hyporantancamn Hyper-enhancement,
",;'r";s'““‘"""‘"""“‘“"" Rim hyper-enhancement,
HNon-enhancing Areas Hypo-anhancement(E arly Washoul) Hypo-anhancemment hyper-gnhancemeant with
Nen-enhancing Areas
[Fig. 7. Key Frame Selection Strategy for Each Phase.] [Fig. 8. Key Frame Selection Strategy for Arterial Phase.]
« AP : Select frames with prominent enhancement = Separately train: inner, boundary, and external regions

changes
- Used to learn basket or spoke-wheel patterns

- Training basket & spoke-wheel patterns

* PP, LP, KP : Select frames showing clear wash-out

23 9. CEUS G[oJEIMIQ] oflA] Ut FHO| SFX £ IiT(e.g., basket and spoke-wheel}g 8% FNHY HCC &7
AT T QY MEH ek

1. Deep Learning Classification of Focal Liver Lesions with Contrast-Enhanced Ultrasound from Arterial Phase Recordings,” in
Proc. IEEE Int. Conf. Electronics, Information, and Communication (ICEIC), 2023
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