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ABSTRACT

Thanks to the advances of data acquisition techniques, we can
acquire ventricular blood flow data with very high quality.
This extremely complex spatiotemporal data calls for novel
visualization and analysis tools. In particular, the new tools
need to assist domain experts in quick identification of criti-
cal patterns. In this paper, we present a method using topo-
logical data analysis tools with simulated ventricular blood
flow, and automatically detect interesting topological features
within the flow. We show that this completely unsupervised
framework detects and extracts eddies formed from vortex
shedding during late diastole, which normally requires highly
specialized algorithms to capture.

Index Terms— Ventricular flow analysis, spatiotemporal
data, topological methods, persistent homology.

1. INTRODUCTION

After a patient survives a heart attack or other cardiovascu-
lar disease, they may be at risk of thrombus due to the al-
tered blood flow pattern within their left ventricle. In order to
make an accurate diagnosis and prescribe appropriate treat-
ment, doctors must analyze the blood flow patterns within the
left ventricle (LV), often using Color Doppler echocardiogra-
phy or MR phase-contrast flow imaging. In recent years, car-
diac blood flow simulation has been shown to produce blood
flow fields with much higher resolution and clarity [1, 2] and
thus becomes a new alternative source of the ventricular flow
analytics. However, as cardiac blood flow fields have become
increasingly detailed and complex, more sophisticated tools
of flow field visualization and analysis are required to allow
doctors to interpret their results.

Fluid field analysis has been a highly active field of re-
search for over 20 years. Most previous studies either visu-
alize the flow field directly, or are based on flow feature ex-
traction. The former method often uses arrow glyphs, stream-
lines, or textures to visualize the flow, and a survey of such
techniques in the context of cardiovascular blood flow can
be found in [3]. Alternatively, the latter method uses clas-
sification algorithms to find specific patterns of vector field
topology within the flow, such as vortices, critical points and

Fig. 1. Evolution of vorticity field (top), three high-persistence
cycles (middle), and corresponding persistence diagrams (bottom).
The x and y axes are the birth and death of the dots respectively.

shock waves [4]. 1 Regardless of the rich literature in flow
field visualization, the flow features in previous works are
insufficient for modern flow analytical tasks. The reason is
threefold. First, previous features mostly depend on the sin-
gularities of the flow field, and thus are sparse and not dis-
criminative enough. Second, these singularity-based features
are well-known to be unstable and thus cannot be used as ro-
bust features of the flow data. Third, these features are very
expensive to compute and track.

In this work, we present a new exploratory framework for
blood flow analytics. Our framework generates a rich set of
discriminative, multiscale and robust flow features in an auto-

1The word ‘topology’ in [5] means the combinatorial structure between
singularities like critical points and separatrices. Whereas the word ‘topol-
ogy’ in this paper means ‘algebraic topology’, a classic field in mathematics.



matic and parameter-free manner. These features, defined by
the theory of persistent homology, are thickened one- or two-
manifolds of arbitrary scales and shapes. These mid-level fea-
tures, describing the intrinsic structure of the data, have never
been explored in the cardiac flow analytic. We show that our
system can automatically detect and track interesting features
of the flow, such as vortex shedding during diastole. This pre-
liminary result proves the potential of topological methods in
the analytics of cardiac flow.

2. METHODS

There are three main steps to our flow analysis framework.
First, we acquire 3D animated models of the left ventricle, to
be used as boundary conditions. Next, we pass these bound-
ary conditions to a Navier-Stokes fluid simulator. We com-
pute the flow fields as well as various scalar functions, such
as vorticity. Finally, we use these functions as input into our
topological methods, which automatically compute features
of arbitrary shapes and scales. These features encrypt the in-
trinsic structure of the flow data and will be used for flow
analytics (Section 3).

Data Acquisition. Boundary conditions play a critical role in
determining the accuracy of our simulation results. For this
work, we use standard 3D model of a human left ventricle,
which was reconstructed from the high-resolution Visible Hu-
man Project datasets, as discussed by Hurmusiadis et al [6].
Ventricular motion was derived from a fiber-based deforma-
tion model, also described in [6]. Models generated using this
method were used in [7] to simulate flow through the left ven-
tricle with high accuracy, so we are confident that boundary
conditions that these models provide will produce acceptable
results for our flow analysis. We then add 3D models of the
aortic and mitral valves created from ultrasound data to each
mesh in the sequence, and open and close the valves at the ap-
propriate time steps. We then used this full, animated model
as the solid boundary conditions in our fluid simulator.

2.1. Fluid Simulation

After we acquire the animated model of the left ventricle, we
use it as boundary conditions in our fluid simulator. The mo-
tion of an incompressible fluid is governed by the laws of
conservation of momentum and mass, modeled by the Navier-
Stokes (NS) equations:

ρ(∂u∂t + u · ∇u) = −∇P + µ∇2u,
∇ · u = 0.

Here, ρ is the fluid density, u is the 3D velocity vector field,
P is the pressure field, and µ is the coefficient of viscos-
ity. We seek to solve these equations for velocity and pres-
sure. Further, we can compute vorticity through the equation
ω = ∇× u.

Foster and Metaxas [8] were the first to develop a fast
method of solving the NS equations for graphics applications
by applying a staggered grid across the domain and explicitly
solving for velocity at the cell faces. Our fluid-solid inter-
action system uses the immersed-boundary formulation [9],
allowing for an simple treatment of complex moving geome-
tries embedded in a closed computational domain. The heart
models used here are embedded in a computational mesh of
963 cells on which the full NS equations are solved using Fi-
nite Difference Method (FDM). Vorticity is then also com-
puted using finite differencing. When computing vorticity,
cells near the solid wall boundary (less than two cells dis-
tance) are ignored. The blood is modeled as a Newtonian
fluid, with viscosity of 4mPa· s and density of 1050kg/m3,
which are physiologically accepted values for normal human
blood[10]. The heart model is given to the solver as a set of
meshes with point correspondences, which allows for easy in-
terpolation and also obtaining the velocity of the heart mesh at
every point in time. Our system represents the 3D meshes as
a Marker Level Set (MLS) [7], where markers are placed on
the boundary and are used to correct the level set at every time
step. Since markers are only placed on the surface, MLS has
been proven to be more efficient and more accurate for com-
plex boundaries. The MLS and its velocity are rasterized onto
the Eulerian grid and are used to impose Dirichlet boundary
conditions for the fluid velocity in the solver. To ensure our
analysis is based on a fully-developed flow, we run the sim-
ulation for 1.5 cardiac cycles, and remove the first half-cycle
before analysis.

2.2. Persistent Homology

Persistent homology [11] is a topological data analysis tool
which uses the language of algebraic topology to define a sig-
nature of a given function, e.g. the vorticity, velocity or pres-
sure of the cardiac flow. The output, persistence diagram, is a
set of dots on a 2D Euclidean plane. In Figure 2(a) and 3(c),
we show a 3D function and its persistence diagram. Each dot
corresponds to one topological structure that is salient rela-
tive to its surroundings. In this example, we clearly observe
two handles, i.e. thickened loops. The reason is because the
function values along these handles are relatively dark yet the
function values inside these handles are relatively white. We
call the maximal function value along a handle its birth and
call the maximal value inside the handle its death. The differ-
ence between the death and birth of a handle, called its persis-
tence, measures how salient this handle is, or say, how easily
a human can observe it. Each handle corresponds to a dot in
the diagram using the birth and death as the coordinates. The
persistence is simply the distance of the dot from the diago-
nal. In general, a topological structure could be a connected
component, a handle, or a void (a thickened sphere). The the-
ory of persistent homology provides a principled definition
of these topological structures and an efficient algorithm to
detect all of them, regardless of their shapes and scales. Per-



Fig. 2. Illustration of persistent homology. From left to right: a 3D scalar function, the sublevel sets (see text for definition) at thresholds
b1 < b2 < d2 < d1.

(a) (b) (c)

Fig. 3. (a) A cubical complex; (b) A set of cycles belonging to a
same homology class, corresponding to the big handle in Figure 2;
(c) the persistence diagram of the synthetic function in Figure 2(a).

sistent homology has many theoretical guarantees, making it
appealing in both theory and application. Cohen-Steiner et
al. [12] showed that the persistence diagram is stable with re-
gard to changes of the function.

To detect and compute all topological structures in the
persistence diagram, we need to go through all real values.
We use each value as a threshold to cut the domain, namely,
remove all points of the Euclidean domain whose function
value is bigger than the threshold. In Figure 2(b-e), we show
the cut results, called the sublevel sets, using four different
thresholds. Notice that the sublevel set in Figure 2(b), cor-
responding to threshold b1, has the larger topological han-
dle. But the sublevel set using any smaller threshold would
not have this handle. Therefore we know that b1 is the birth
threshold of the larger handle. Similarly, we know that b2,
d2 and d1 are the birth of the smaller handle, the death of
the smaller handle and the death of the larger handle, respec-
tively, based on the corresponding sublevel sets (Figure 2(c-
e)). We use the algorithm by Edelsbrunner [13] which effi-
ciently identifies all these critical thresholds, and more im-
portantly, pair them correctly, e.g. pair b1 with d1 and b2 with
d2. The algorithm, like most other algorithms computing per-
sistent homology [14], bases on a discretization of the domain
into complexes (Figure 3(a)) and linear algebra techniques, in
particular, matrix reduction algorithms.
Computation of representing cycles. Formally, the topo-
logical structures we are interested in are called homology
classes [11, 15]. Roughly speaking, a homology class is
an equivalent class of cycles which can be continuously
deformed into each other within the space.2 A d-cycle is a d-

2In fact, using “continuous deformed into each other” as the equivalence

manifold without boundary. For example, in our scenario, we
are interested in one- and two-dimensional cycles, i.e. loops
and bubbles. In many applications, we need to describe a
homology class using one of its cycles. In such case, it would
be useful to find the cycle with the most concise geometric
measure, e.g. length or area, depending on the dimension of
the cycle. Figure 3(b) shows three cycles of a same class,
namely, the bigger handle of the function in Figure 2. The
shortest one (blue) is the optimal one, best describing the
class. In the computation of persistent homology, instead of
computing the optimal one, we often use a convenient choice,
namely, the one corresponding to the remaining column of
the reduced matrix. This cycle is a reasonable approxima-
tion of the optimal cycle as we observed in practice. It also
comes free computationally as the result of the algorithm for
the computation of persistence diagram. In our experiments,
we compute one cycle for each topological structure in the
persistence diagram. In Figure 2, the cycles for the long and
short handles are the red and yellow cycles respectively. We
color their corresponding dots accordingly.

3. RESULTS AND DISCUSSION

Using the vorticity function of the flow field, we extracted
three topological structures of high persistence during late di-
astole. In Figure 1, we visualize the vorticity function in three
time steps near end diastole (top), topological structures with
high persistence overlaid on the vorticity field (middle) and
the corresponding persistent diagrams (bottom). In Figure 1
(top) and (middle), the color at a point is representative mag-
nitude of vorticity at that location - blue regions represent 0
s−1 vorticity, while red regions represent 1.07 s−1. As men-
tioned earlier, cells close to the heart wall are ignored in vor-
ticity computation, causing the jagged border.

We select the three topological structures (green, magenta
and yellow) with the highest persistence from the vorticity
field of the end diastole (the right column in Figure 1). We
only chose three for visualization purpose. In any learning
algorithm, we would use all topological structures as features

relationship is a very strong definition. A homology class is an approximation
of this equivalent class, called a homotopy class.



of the data. Therefore, our method is a completely parameter-
free feature generation algorithm. We find that these struc-
tures highlighted eddies created from vortex shedding, a phe-
nomenon that occurs when viscous fluid flows across an ob-
struction, and causes vortices to periodically form behind the
solid body and detach into the flow. Such shedding naturally
occurs in a healthy flow across the mitral valve wall, and a
lack of vortices may indicate pathology in LV or mitral valve
function [16]. Normally, detection of vortex shedding is per-
formed by specialized algorithms, such as in [17], but our
method found these topological features completely automat-
ically and without supervision. For completeness, we also
track and show these three structures at other time frames (the
left and middle columns of Figure 1). This provides a vivid
illustration of the movements and shapes of these these eddies
in the end-diastole stage.

Please note that this method is not simply detecting the
global maxima within the flow, as the true global maximum
for vorticity for this time frame is within the mitral valve. Fur-
thermore, our algorithm is not simply finding local maxima.
Within a same topological structure we show, there are many
local maxima. Rather, our method is finding truly interesting
flow features, which could be valuable analytical information
in a clinical setting.

4. CONCLUSION

In this paper, we have described our new framework to auto-
matically detect interesting features in flow topology through
the left ventricle using persistent homology. In our experi-
ment of blood flow through a healthy left ventricle, this un-
supervised method was able to highlight vortices caused by
vortex shedding, which is normally a very difficult problem.
As the flow fields we can acquire become increasingly com-
plex and high-resolution, such an automatic feature detection
system could be highly valuable in a diagnostic setting.

We note that the proposed method addresses all the three
issues of previous flow features as discussed in Section 1.
First, persistent homology generates a rich set of features,
each including a dot in the diagram and a generator describ-
ing its geometry. These features are discriminative for future
learning tasks. Second, the computed features are partially
stable. The persistence diagram has been proven to be stable.
The stability of generators needs further investigation theo-
retically and experimentally. Third, the proposed algorithm
is efficient and thus can be used for large scale data analy-
sis. The computation of persistence diagram and generators
is fast. It takes about half a minute to compute the feature for
each time frame. Of course the simulation itself takes a long
time (16 hours per cycle). But this is the prerequisite of any
flow analysis method.

In the future, we plan to apply our method to more
datasets. To validate the discriminating power of these topo-
logical features, we plan to apply our method to data from

patients with various diseases like dyssynchrony. We would
also hope the topological structures could reveal insight into
physical symptoms of these diseases.
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