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Spectrograms are generated via short-time Fourier-transforms of  the veloci-
ty-time data within the aneurysm sac region of  each simulation [4]. Together 
these provide a rich representation of  the frequencies and duration of  flow 
disturbances in the patient cohort, but as a group are visually dense and dif-
ficult to classify manually.
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HEMODYNAMICS
“Turbulent-like” blood 
flow is thought to be an 
important factor in the risk 
assessment and treatment 
planning of  patients with cere-
bral aneurysms (local bulging 
of  arteries in the brain)[1].  Towards 
making sense of  large patient-derived 
CFD datasets, we present an illustra-
tion-inspired visualization of  these “hemodynamics” 
and their spectral characteristics classified by a 
neural network.

IMAGE 
SEGMENTATION
3D models of  each patient 
are digitally reconstructed from clinical imag-
ing, and subjected to high-fidelity CFD. Fifty 
different aneurysms are shown, and analysed for 
their pulsatile hemodynamics[2]. 
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CFD & FLOW VISUALIZATION
Iso-surfaces of  Q-criterion for three repre-
sentative cases show phenotypes ranging 
from smooth laminar flow to vortex-shedding 

to “turbulent-like” flows [3].
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MACHINE LEARNING
To sort spectrograms by similarity, each spectrogram 
is first compressed into a feature-space object by 
passing the spectrogram through a deep convolutional 
neural network (“VGG19”) [5]. These high-dimensional ob-
jects are then passed to a stochastic neighbor embedding algo-
rithm (“t-SNE”) [6], which intelligently sorts and clusters similar 
spectrograms into a lower-dimensional space. 

SPECTRAL LANDSCAPES
To amplify their appearance, spectrograms are extruded in 3D and shown in 

perceptually-optimized [7] “landscape” to visualize all 50 cases simultaneously, while also 
being able to discern the presence and nature of  the (time-varying) flow instabilities. 

Spectral “lowlands” correspond to cases with low frequency (laminar) flows. Progressively higher “mountain 
ranges” represent clusters of  cases having similar intensity and harmonic content of  flow instabilities: terraces indi-

cate the presence and nature of  narrowband (vortex-shedding) phenomena, whereas weathering indicates broadband 
(more “turbulent-like”) flows. Persistence of  flow disturbances into the cardiac cycle is indicated by the horizontal extent of  

the peaks, while plateaus reflect the unavoidable clipping of  our dense CFD data files at a (1250 Hz) Nyquist limit. Note the 3 
highlighted cases, corresponding to the “laminar”, “vortex-shedding” and “turbulent” flow cases highlighted above.
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