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Figure 1: Acoustic backscatter measurements of the Inferno vent at the ASHES vent field reveal temporal variations in plume behavior.
Extremum graphs are computed on the reconstructed porous rock structure to identify and uniquely color high-density surface venting
regions. Gradient-driven streamlines approximate transport pathways, anchoring to the surface to inherit vent colors via distance-weighted
blending. Gradient magnitude controls brightness to show flow coherence, and hue variations indicate vent interactions. Using our merge
tree analysis, we find three distinct plume morphology clusters (see Section 7.2): Cluster 1 (right) exhibits pronounced lateral splitting
rightward, Cluster 2 (left) exhibits pronounced lateral splitting leftward, and Cluster 3 (middle) displays more vertical ascent with limited
deflection. We find that plume morphology occurrence is tightly coupled to tidal forcing inferred from pretide pressure: Cluster 1 peaks
during high-pressure phases, Cluster 2 during low-pressure phases, and Cluster 3 varies primarily with the diurnal envelope (see Figure 6).

Abstract
Hydrothermal plumes are turbulent structures of intense heat and mineral smoke that rise and disperse into the deep ocean.
Existing models generally characterize these systems as a single axisymmetric plume originating from a point source. However,
this assumption breaks down in weakly venting, spatially distributed systems, where low-flux discharge and strong background
currents produce faint and distorted plumes that traditional centerline-based diagnostics fail to characterize. We present a
topology-based visual analysis framework that treats plumes as time-varying three-dimensional scalar fields and captures
their full structural variability. Using merge trees, we cluster plume snapshots into representative morphologies and uncover
a clear coupling between plume structure and phases of the tidal cycle. To support exploration, we introduce a radial merge
tree visualization that arranges plume similarity on a tidal clock, revealing periodic behaviors not discernible with existing
techniques. We further develop an extremum graph based workflow that identifies discrete surface venting regions within a
reconstructed porous rock, and use streamline visualizations to link subsurface transport pathways to the overlying plume.
CCS Concepts • Human-centered computing → Visual analytics; Scientific visualization
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1. Introduction

Hydrothermal plumes originate from geothermal sources such as
hot springs along mid-ocean ridges and active volcanic seamounts.
The resulting buoyant discharge, driven primarily by magma-
induced heat [Tiv07], rises through the surrounding seawater,
entrains and mixes with ambient water until reaching neutral
buoyancy, and then spreads laterally [SR89]. These hydrothermal
plumes are critical mediators of heat, chemicals, and energy be-
tween the oceanic crust and the deep ocean [FKL*22]. By cir-
culating seawater through the crust and venting it back into the
water column, hydrothermal systems regulate seawater chemistry
and export on the order of one-third of the oceanic crust’s heat
loss [SS94]; global hydrothermal venting is estimated to contribute
on the order of 11 terawatts to the deep-ocean heat budget [Sta03].
Hence, quantifying hydrothermal heat fluxes and their deep-ocean
plumes is essential for better representing hydrothermal circulation
in global ocean and climate models.

Conventional fluid simulation models assume a single, coher-
ent, axisymmetric plume rising from a point source [Tur86]. Such
idealized frameworks treat plumes as organized around a single
centerline, and work reasonably well for strong, buoyant jets, but
they break down in environments where discharge is weak, spa-
tially distributed, or strongly influenced by background flow. Such
conditions are characteristic of hydrothermal vent fields at Ax-
ial Seamount, a submarine volcano on the Juan de Fuca Ridge
that hosts the ASHES (Axial Seamount Hydrothermal Emissions
Study) vent field [BMM*90], where hydrothermal discharge is dis-
tributed across a network of low-flux sources and produces plumes
that are exceptionally faint, intermittent, and easily distorted by am-
bient currents [XBJI21]. Instead of one stable vertical plume, the
system produces highly variable, low-momentum buoyant struc-
tures that bend, split, or advect away entirely. Under these con-
ditions, conventional plume diagnostics [RBSJ02; BSX*15] such
as peak temperature anomaly or centerline dilution curves fail to
capture the true spatial and temporal complexity of the system.

To address these limitations, we show that structural characteris-
tics can quantify hydrothermal plumes and their temporal variabil-
ity. Rather than assuming a single axisymmetric plume organized
around a centerline, we treat the plume as a time-varying three-
dimensional scalar field to describe a full spectrum of plume shapes
in regimes where discharge is weak, multimodal, and strongly in-
fluenced by local hydrodynamics. This perspective moves beyond
traditional centerline diagnostics to ask how distinct plume struc-
tures emerge and evolve over time. Additionally, ocean tides ex-
hibit semidiurnal and diurnal periodicity, occurring roughly every
12 and 24 hours, respectively, and are driven by the gravitational
forces of the Moon and the Sun. These periodic forcings can mod-
ulate ocean pressure conditions and, in turn, influence seafloor hy-
drothermal systems [TBJK02]. In particular, we examine how tidal-
pressure variations modulate observable plume behavior and what
those variations reveal about subsurface transport and venting. By
combining scalar field topology with visual analysis, we aim to
characterize both the mean state of the hydrothermal system and
the dynamic processes that govern plume variability.

1.1. Contributions

In this paper, we present a topology-driven visual analysis frame-
work for studying hydrothermal plumes. We introduce a merge
tree–based method that clusters plume shapes over time and ex-
tracts representative morphologies. Using these morphologies, we
present a case study that reveals, for the first time, systematic vari-
ation in plume structure with tidal phase. To support exploration
of these relationships, we develop an interactive radial view with
hierarchical edge bundling that maps plume similarity onto a tidal
clock. We also propose an extremum graph–based workflow that
identifies previously unknown surface venting regions.

2. Related Work

Acoustic imaging and visualization techniques have greatly im-
proved the capacity to resolve the three-dimensional structure of
hydrothermal plumes [LSB21; XBJI21; BZSS22; SLM*25], but
many studies still summarize these datasets using a dominant
plume axis and a small set of centerline-based metrics. Plume diag-
nostics have therefore tended to emphasize isosurface sequences,
region-growing, and centerline extraction to quantify dilution, in-
teractions with background currents, and overall plume morphol-
ogy [BSX*15; RBSJ02]. Volume visualization and time-varying
acoustic analyses have further revealed plume bending and tem-
poral variability, relating changes in rise path to ambient currents
and vent output [LSB21; XBJI21; BZSS22]. However, these ap-
proaches still struggle to represent plumes as inherently multi-
modal, intermittent, and topologically complex three-dimensional
structures [SLM*25]. At the same time, topological data analysis
(TDA) has been successfully applied across domains ranging from
cosmology to urban informatics to extract robust structure from
noisy observations [Sou11; MDL*17]. This track record suggests
that TDA is well suited for analyzing hydrothermal plume struc-
ture in acoustic imagery.

3. Background

We now introduce the necessary topology concepts for our analysis
of hydrothermal plumes. For our work, we consider a domain M
that may be either two- or three-dimensional and is represented as a
simplicial mesh. A scalar function is a real-valued map f : M→R
defined at the mesh vertices and extended to be piecewise-linear
(PL) on M. A value c in the range of f is called an isovalue; the
corresponding level set is where f (x) = c, and the superlevel set is
{x ∈M | f (x)≥ c}. A point x ∈M is called a critical point of f if
the topology of the level set changes as the isovalue passes through
f (x); all other points are regular. In our PL setting, we resolve de-
generacies via a standard simulation-of-simplicity model [EM90],
so critical points occur only at mesh vertices and can be classified
as minima, maxima, or saddles. At a minimum, a new connected
component appears; at a maximum, a connected component disap-
pears; and at a saddle, connected components merge or split. For
our analysis, we represent changes in the connectivity of superlevel
sets of f with a merge tree: nodes correspond to critical points, and
arcs record how each connected component evolves between con-
secutive connectivity changes [CSA03].

In our analysis, we also use extremum graphs [CLB11], and con-
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Figure 2: Analysis pipeline. Raw acoustic backscatter volumes are transformed into scalar fields and spatially restricted to isolate the Inferno
imaging region. A time-aggregated intensity model is used to reconstruct a time-invariant porous rock mound, and extremum-graph plume
intersections with the rock surface are accumulated over time to identify recurring surface venting regions. For each timestep, gradient-
aligned streamlines propagate vent influence into the water column via vent-membership vectors, which are aggregated into vent-specific
smoke volumes. Merge trees computed on smoke-volume surfaces yield structure-aware distances that enable clustering and visual analysis.

struct them using Forman’s discrete Morse theory on the simplici-
cal mesh [Ban67; For98]. A discrete gradient field is a matching of
simplices in consecutive dimensions with at most one pairing per
simplex and no closed gradient paths [KKM05; GNP*06]. Follow-
ing [Shi14], we construct the field from a total order on simplices
by pairing each simplex with the smallest incident coface for which
it is the greatest face; unpaired simplices are discrete critical cells,
classified as discrete minima and maxima in the lowest and high-
est dimensions and as discrete saddles otherwise. We refer to the
extremum graph as having nodes corresponding to discrete minima
and adjacent-dimensional discrete saddles, with edges given by dis-
crete gradient paths that connect minima to saddles.

In practice, merge trees and extremum graphs are often too
detailed, since noise and discretization can introduce many low-
significance critical points, so simplification is needed for robust
interpretation. Standard approaches assign each topological feature
an importance measure, most commonly persistence [ELZ02]. In
this work, a feature is a connected component of a superlevel set.
Each feature has a birth critical point where the component appears
and a death critical point where the component merges into an older
component; persistence is the difference between the correspond-
ing function values. Elder’s rule specifies the birth–death pairing
by preserving the earlier-born component at each merge and pair-
ing the later-born component with that merge. On merge trees, this
yields a branch decomposition [PCS04] in which each branch rep-
resents a feature and is assigned an importance value, and simplifi-
cation amounts to pruning branches below a chosen threshold.

4. Design Overview

We frame our application from a visual analytics perspective: given
long-term acoustic observations of hydrothermal plumes, we aim to
characterize how plume geometry and topology evolve. This work
is motivated by the 2024 SciVis Contest problem statement, which
emphasizes visualizing plume bending and structural evolution to
support oceanographers’ analyses of spatiotemporal variability in
plume height and branching. We next describe the dataset and study
scope that ground our analysis.

4.1. Data

Our analysis is based on long-term acoustic measurements col-
lected by the Cabled Observatory Vent Imaging Sonar (COVIS)
and released widely as part of the 2024 SciVis Contest. CO-
VIS was deployed in two main locations and time periods: from
2010 to 2015 at the Main Endeavour Field and from 2018 to 2023
at Axial Seamount, both on the Juan de Fuca Ridge. In both de-
ployments, COVIS operated as a sector-scanning sonar, producing
three-dimensional point clouds of acoustic backscatter in a fixed
sector around the instrument. The field hosts numerous small chim-
neys and mound-like edifices, including Mushroom, Inferno, Hell,
Phoenix, and Virgin (Figure 3). COVIS was positioned such that
the scanning sector captured both the Mushroom and Inferno chim-
neys, separated roughly by 10 m within the same imaging volume.

For the Axial deployment, the three-dimensional point clouds
were preprocessed and interpolated into a uniform voxel grid with
a uniform spacing of 0.25 m, resulting in a grid of 241 × 241 × 81
voxels at each timestep, for a total of 5745 volumetric snapshots.
From mid-July to late November 2019, COVIS acquired an almost
daily sequence of hourly volumes, which forms the core of our
study. In what follows, we restrict attention to this 2019 subset of
2849 snapshots, focused on the Inferno chimney, while noting that
the algorithms developed below apply unchanged to the full Axial
dataset. To enable topological analysis, we treat each snapshot as a
3D scalar field over a common voxel grid and model the chimney
surface as a fixed embedded 2D manifold. This framing naturally
leads to our data and task abstractions below.

Data Abstraction. The proposed workflow assumes the following
data characteristics: (1) a time series of volumetric scalar fields de-
fined on a shared 3D spatial domain; (2) a time-invariant 2D man-
ifold embedded in the same 3D domain; and (3) external temporal
context to support interpretations.

Task Abstraction. The workflow supports the following analysis
tasks: (1) detecting recurrent activity on the 2D manifold from
time-varying data; (2) partitioning the manifold into coherent ac-
tivity regions; (3) linking localized manifold activity to evolving
volumetric structures; (4) comparing volumetric structures using
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topology- and geometry-aware descriptors; (5) grouping similar
structures into recurring patterns; and (6) enabling visual inspec-
tion of correspondences, differences, and temporal patterns.

5. Method

The following subsections describe the complete plume analysis
pipeline, with Figure 2 serving as a schematic roadmap.

5.1. Preprocessing

The raw volumetric measurements provide volume scattering
strength (VSS) in linear physical units. For our analysis, we first
convert VSS to decibels using a base-10 logarithm, which quan-
tifies how strongly the hydrothermal plume scatters sound while
compressing the dynamic range of the data. We then apply a further
monotone transformation based on the negative of this logarithmic
field and rescale the result to lie in the range 0–90. In this trans-
formed scalar field, lower values correspond to regions of strong
plume backscatter, whereas higher values indicate weak or absent
plume signal. Throughout this paper, we therefore use this negative-
logarithmic VSS field as our scalar field.

To facilitate subsequent topological analysis, each volumetric
snapshot is represented using a standard Freudenthal triangulation
of the regular grid. We then retain the largest connected component
for each timestep. This component generally corresponds to the In-
ferno chimney, which is typically larger and more persistent than
Mushroom. However, in a small fraction of snapshots, the Mush-
room plume can form the dominant structure. To localize the In-
ferno vent on the seafloor, we record the horizontal footprint of this
largest component on the underlying bathymetry at each timestep.
Aggregating these footprints over time identifies a compact region
where they appear most frequently. We use this region to define
a cropped domain and rerun the largest connected component step
restricted to it; within this domain, the dominant component always
corresponds to the Inferno vent.

5.2. Porous Rock Detection

Acoustic measurements contain contributions from both the ris-
ing hydrothermal plume and the underlying porous rock where the
plume originates. In this section, we reconstruct the porous rock
through which the plume emerges. Since our dataset was collected
from a fixed location on the seafloor, the porous rock is expected
to remain largely time-invariant over the duration of the acquisi-
tion, while the plume is time-varying; which permits aggregating
measurements to resolve the underlying porous rock structure.

To separate the two acoustic contributions, we examined how
the number of cells varies with isovalue and obtained a cell-count
curve for each volumetric snapshot. These curves consistently ex-
hibited two distinct humps: an initial rise and saturation at lower
scalar values associated with the porous rock, followed by a second
increase at higher values associated with the plume. We modeled
these curves as a bimodal distribution, approximated by the sum of
two Gaussian functions. The resulting distribution of the mean val-
ues of the lower-valued peak across all timesteps is well described
by a single Gaussian concentrated below a scalar value of about

30, which we interpret as an upper bound for values characteristic
of the porous rock. Additionally, we impose a lower bound of 10 to
filter out noise-like measurements. Using this porous rock intensity
interval, we constructed two derived fields on the common grid: (1)
a temporal mean volume field, and (2) a probability field. The tem-
poral mean volume field identifies regions whose average intensity
lies within the porous rock interval, while the probability field cap-
tures how often each voxel falls within that range over time. The
probability field helps suppress cells that satisfy the mean criterion
but only in a small fraction of timesteps.

We then extracted an isovolume of the temporal mean field for
scalar values within the interval, retained only cells with probability
at least 0.02, and selected the largest connected component. Mild
surface smoothing was applied for visual clarity. Figure 4 shows
the reconstructed porous rock, and Figure 3 demonstrates that this
surface closely matches the porous rock observed at the base of the
Inferno chimney in seafloor imagery, supporting its interpretation
as a data-driven representation of the natural porous rock.

5.3. Surface Vent Detection

The reconstructed porous rock volume provides a compact, data-
driven representation of the subsurface vents that host the hy-
drothermal plume. The actual fluid pathways within the rock are
highly complex and cannot be resolved directly from the acous-
tic data. Instead, we approximate the locations of active fluid exit
by identifying those regions of the rock surface through which the
plume signal repeatedly emerges over time. We refer to these as
surface venting regions.

To locate these regions, we analyze the three-dimensional scalar
field using the extremum graph. The extremum graph encodes how
gradient flow lines connect minima to their adjacent saddles in the
scalar field. In our setting, a strong plume signal corresponds to
low scalar values, so gradient flow lines naturally ascend from low-
valued regions within the porous rock into high-valued plume re-
gions. The extremum graph organizes these flow lines into a net-
work of arcs that record where such value increases occur in the
volume. When the extremum graph is intersected with the porous
rock volume, its arcs cross the rock surface at those locations where
interior plume structures transition into the overlying water col-
umn. These intersection points therefore, provide a natural, topo-
logically informed set of candidate locations for surface venting.
To reduce sensitivity to topological noise induced artifacts, we first
compute the discrete gradient field and simplify it by reversing suit-
able discrete gradient paths. We then construct the extremum graph
on this simplified field, making it less sensitive to small perturba-
tions in the data. We extract all such intersection points between
the extremum graph and the porous rock surface.

We then use these intersection points over all timesteps to con-
struct a scalar density function over the two-dimensional porous
rock surface. Let D denote the surface of the inferred porous rock,
represented as a two-dimensional manifold embedded in three-
dimensional space. For any point p on this surface, we define a
scalar function f (p) that measures how frequently and how persis-
tently plume structures intersect the rock in the vicinity of p. Con-
cretely, we treat all extremum graph intersection points as samples
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Figure 3: (left) COVIS sonar system on its seafloor tripod, deployed on the ocean floor to collect acoustic plume imaging data. (middle)
Perspective bathymetric view of the ASHES vent field with the deployment site indicated. (right) Seafloor image of the Inferno vent showing
the central dark chimney from which the hydrothermal plume arises.

of venting activity and define f as a Gaussian kernel density esti-
mate over D. Given a set of sample points xi on the surface with
spatial positions and associated timesteps, we define

f (p) = ∑
xi∈N(p)

exp

(
−d(p,xi)

2

ε2

)
,

where d(p,xi) is the distance measured along the surface between
p and xi, ε controls the spatial extent of influence of each sample,
and N(p) denotes the neighborhood of p (for example, all samples
within a prescribed radius). Intuitively, f (p) is large in regions of
the rock surface where many extremum graph arcs from the interior
repeatedly emerge over time, and small where plume intersections
are rare or absent. The function f thus captures the spatial pattern
of surface venting activity directly on the porous rock surface.

To reduce noise and emphasize the main patterns of venting,
we simplify the density function f on the porous rock surface us-
ing persistence-based filtering [LGMT21]. We set ε = 0.8 in the
Gaussian kernel and choose a persistence threshold of 0.13, which
suppresses low-persistence fluctuations in f while preserving more
pronounced features, yielding a simplified density field in which
regions associated with only the most significant maxima remain.

We next compute the extremum graph again, now on the two-
dimensional porous rock surface equipped with this simplified den-
sity function. The resulting graph partitions the surface into regions
associated with the remaining maxima of f , with each region cor-
responding to a connected area of high estimated venting activity.
We interpret these regions as surface venting regions on the porous
rock. For visualization and further analysis, we merge very small
segmentations with neighboring regions for robustness, then assign
a distinct color to each region, yielding a segmented representation
of the rock surface that highlights the dominant zones where plume
signal repeatedly emerges (Figure 4).

5.4. Streamlines

Having identified surface venting regions on the porous rock, we
next examine how plumes rise and branch above them using the
spatial gradient field of the reconstructed scalar volume. We com-
pute the gradient of the smoothed scalar field and trace streamlines,

i.e., curves whose tangent direction follows the local gradient vec-
tor at each point. We use these streamlines not only for visual-
ization but as resolved-scale proxies for plume fluid trajectories:
because the transformed acoustic backscatter field acts as a proxy
for plume material distribution at the resolution of our reconstruc-
tion, coherent buoyant plume motion organizes the scalar field into
connected rising structures, and the resulting gradient streamlines
capture their dominant pathways and branching patterns above the
vents. These streamlines are used to recover pathway geometry and
vent-to-plume connectivity, not transport speed or a full velocity-
field reconstruction. Major pathway bundles remain stable across
timesteps, supporting their interpretation as physically meaningful
plume trajectories rather than visualization artifacts.

For each timestep, we apply a few iterations of Laplacian
smoothing to the scalar field to suppress small-scale noise while
preserving larger-scale plume structure, and then compute the spa-
tial gradient at every grid point. The gradient magnitude measures
how rapidly the scalar field changes in space, while the gradient di-
rection gives the local direction of strongest scalar variation in the
reconstructed plume field. We treat every grid point in the volume
as a seed and numerically integrate streamline trajectories in both
directions using a fourth–fifth-order Runge–Kutta scheme. Bidirec-
tional integration makes the resulting pathway geometry and con-
nectivity independent of the sign convention of the transformed
scalar field. The resulting family of streamlines densely samples
the plume volume and reveals coherent rising pathways, branch-
ing structure, and transitions between plume regions. We interpret
these curves as approximate plume trajectories at the spatial and
temporal resolution of the reconstructed data.

To relate these streamline-based trajectory proxies to the sur-
face venting regions, we assign to each streamline point a vent-
membership vector. Let K be the number of surface venting re-
gions. For points that lie outside and approach the inferred porous
rock within a small prescribed neighborhood, we find the closest
cell on the rock surface and inherit its venting-region label. For
these rock-proximal points, the vent-membership vector is one-hot
of length K, i.e., a K-entry indicator vector that assigns the point
to exactly one vent by setting the corresponding entry to 1 and all
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Figure 4: Detection of surface venting regions on the porous rock. The rock surface is obtained by statistically isolating rock-associated
intensities in the 3D acoustic backscatter data. (left) red spheres mark where arcs of the extremum graph of the 3D backscatter field intersect
the rock surface at a representative timestep, indicating locations where gradient flow lines associated with strong plume signal exit the
porous rock. (middle left) Density field on the rock surface obtained by evaluating a Gaussian kernel density estimate of all intersection
points across all timesteps; light colors following indicate regions where intersections are frequent, and red spheres highlight the
maximums that remain after persistence-based simplification. (middle right) Extremum graph of the simplified surface density field, shown
in yellow; arcs separate the rock surface into regions associated with maximums of venting activity. (right) Segmented porous rock surface
induced by extremum graph on density field, with each segmentation assigned a distinct color to indicate a different surface venting region.
In this figure, the porous rock surface has been rotated clockwise in the horizontal plane to reduce occlusion.

others to 0. These points carry a single vent identity and serve as
anchors for propagating vent influence into the water column.

For all remaining points, we infer vent influence by interpolat-
ing from these anchors and vent-labeled surface cells. For each
point, we collect nearby anchors and surface samples within a fixed
spatial radius, compute inverse-square distance weights, and form
a normalized weighted average of their vent-membership vectors.
This yields vent-membership vectors with nonnegative components
that sum to one. The vector is near one-hot where one vent domi-
nates, but has multiple significant components in mixing regions.

For visualization, we encode vent-membership vectors in hue–
saturation–value (HSV) color space. Each vent is assigned a dis-
tinct hue, and the hue at a streamline point is obtained as a weighted
average of these vent hues using its vent-membership vector, so
points with nearly one-hot membership appear in almost pure vent
hues, while points in mixing regions take on intermediate hues. The
saturation reflects how strongly a single vent dominates versus how
evenly multiple vents contribute, with high saturation indicating a
clear dominant vent and low saturation indicating stronger mixing.
The value channel, which controls brightness, is modulated by the
normalized gradient magnitude of the smoothed field, so regions
with strong scalar variation appear visually sharper, whereas re-
gions with weak variation appear more diffuse. Variations in hue
encode the contributing venting regions, while variations in satura-
tion and value jointly convey both the degree of vent mixing and
changes in plume sharpness as the plumes rise through the water
column (Figure 5).

5.5. Smoke Volumes

Using the streamline visualization, we can already see where
plumes from different surface venting regions rise, interact, and
mix in the water column. However, this view is primarily qual-
itative: streamlines reveal where mixing occurs, but they do not
provide a clear description of plume structure from the perspec-
tive of an individual vent or how that structure changes over time.
Our next goal is therefore to extract vent-specific smoke volumes
that attribute each part of the plume to source vents in a quantita-
tive way. These vent-attributed volumes then form the basis for our
later comparative analysis.

We begin with the vent-membership vectors defined on stream-
line points in the previous subsection. Each streamline point carries
a vector of length K that records the relative contribution of the K
surface venting regions at that location. We treat these points as
samples of vent influence in space. We aggregate nearby stream-
line samples around each mesh cell and assign a vent-membership
vector to the cell, similar to the streamlines. Each cell is then asso-
ciated with a vector that encodes how strongly it is influenced by
the different vents.

From these soft memberships, we derive vent-specific smoke
volumes by converting them into hard vent labels, analogous to
turning soft class probabilities into a single predicted label in prob-
abilistic classification. For each mesh cell, we look at its vent-
membership vector and find the vent index k with the highest en-
try. We assign the cell to vent k only if this entry is larger than
all other entries and exceeds 0.5, ensuring that vent k has a clearly
dominant influence at that location. For a fixed vent k, the cells as-
signed in this way form a volumetric region that we interpret as
the smoke primarily associated with that vent. We then compute
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Figure 5: Streamline organization and vent-specific smoke volumes above the segmented porous rock. (left) Gradient-aligned streamlines
seeded throughout the volume above the segmented porous rock, colored by the normalized magnitude of the smoothed gradient field;
light colors following indicate regions where the gradient is strong. (middle left) Same streamlines colored by vent-membership
vectors, revealing where plumes from different surface venting regions interact and mix. (middle right) Volumetric smoke regions obtained
by aggregating vent-membership vectors to mesh cells and hard-assigning each cell to the vent with the dominant membership, with cells
rendered as spheres to produce a smoother depiction. (right) Smooth surface of a vent-specific smoke volume, colored by its elevation field
following together with the associated merge tree, where maximums and saddles are shown as red and green spheres, respectively.

the largest connected component of the cells assigned to k, which
corresponds to the main coherent smoke body rising from vent k.
Repeating this construction for all vents yields a family of volu-
metric regions, each of which can be interpreted as the core smoke
volume associated with a single surface venting region. These vent-
specific smoke volumes provide a compact representation of plume
geometry around each vent that we use in the subsequent compari-
son (Figure 5).

5.6. Comparison

Our primary tool for comparing vent-specific plume behavior
across timesteps is a structure-based distance derived from merge
trees. To contextualize these structural differences, we also com-
pute three auxiliary components that summarize orientation, scalar
values, and spatial overlap.

For the structure-based component, we seek a representation that
captures both the overall plume shape and the way smoke branches
and rises from each vent. Merge trees provide a natural abstrac-
tion for this purpose, because they encode how connected compo-
nents of the scalar field merge and give a compact description of
plume structure that can be compared consistently across vents and
timesteps. To obtain interpretable and stable summaries that remain
closely tied to visible plume geometry, we base our analysis on a
surface representation of each vent-specific smoke volume.

Starting from the volumetric region associated with a given vent,
we extract its boundary as a triangular surface mesh and apply a
light remeshing and smoothing step to obtain a watertight two-
dimensional manifold that preserves the large-scale smoke enve-
lope. On this processed surface, we define an elevation field by
assigning to each point its vertical coordinate and compute the cor-
responding merge tree together with its persistence-based branch
decomposition. This simple scalar choice is sufficient to capture

the vertical organization and branching of the smoke. We then
compare pairs of trees using the classical merge tree edit dis-
tance [SMKN20], which quantifies the local operations required to
transform one tree into another and thus provides a direct measure
of changes in the plume branching structure over time and across
vents.

The remaining components summarize complementary, non-
topological aspects of the plume. For orientation and value, we
work in spherical coordinates around each vent, discretizing az-
imuth and inclination into 10◦ bins and aggregating negative-log
VSS into a small number of intensity bins within each direction.
This yields directional histograms of plume intensity, which we
compare using a circular Earthmover’s distance [RDG08], that
respects proximity of directions, including across angular wrap-
around. Finally, the overlap-based component measures how con-
sistently each vent occupies the same region of space over time
via the Jaccard similarity between pairs of vent-specific smoke vol-
umes, defined as the ratio of their intersection volume to their union
volume. For each pairwise comparison, we normalize the structure,
orientation, value, and overlap terms, and then combine these com-
ponents using a weighted sum to obtain a comparison measure.

6. Visual Interface

Our goal is to determine whether temporal patterns are present
in hydrothermal plumes at the level of individual vents by an-
alyzing how our comparison descriptors evolve over time, using
merge trees as the structural backbone of our visualization. Merge
trees have been widely used in visual interfaces for comparing
time-varying scalar fields across application domains [BWP*10;
BWT*09; WCPB12; WJW*17; KW19; LMW*17]. These visual
metaphors typically arrange nodes and branches along a linear
time axis and are effective for highlighting major events and long-
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term evolution, but implicitly treat time as unbounded and non-
repeating. In contrast, our focus is on behavior that may recur with
a tidal period and on relationships among all timesteps within a
given period, making a purely linear layout less suitable. We there-
fore preserve the structural advantages of merge trees while em-
bedding the resulting descriptors in a periodic, clock-like layout
that represents time modulo a chosen period. Specifically, we fix a
temporal period of interest, typically a half-day or full-day cycle,
and map each timestep to an angular position on a circle, enabling
inspection of a plume vent over that period and making potential
periodic patterns more readily apparent. Detailed construction vi-
suals are provided in the supplementary material.

For each vent and timestep, we represent the plume by a merge
tree whose branches form a hierarchy of features. Each branch has
an associated birth value b and death value d in the scalar range,
defining an interval [b,d]. If branch u is a child of branch v, then
[bu,du] is contained in [bv,dv]. We treat this tree-structured organi-
zation of nested intervals as the branch hierarchy and assign each
branch an importance measure. We use persistence in our exam-
ples, though other measures such as area, volume, or hypervolume
could also be used.

Our design builds on two intuitions. First, because child inter-
vals are contained in parent intervals, arranging all branch intervals
along a single axis exposes the hierarchy as nested segments. Sec-
ond, the same hierarchy can guide how we display relationships
across timesteps. We use hierarchical edge bundling: instead of
drawing correspondences as independent straight edges, we route
them along the branch hierarchy so that edges sharing ancestors
run close together and visually bundle [Hol06; TDT13]. Corre-
spondences between branches lower in the hierarchy thus appear
grouped under the correspondences between the branches that con-
tain them.

To embed a single timestep in the circular layout, we partition
the circle into angular sectors, one per timestep within the cho-
sen period. Along the boundary of each sector, we allocate a one-
dimensional circular band for placing the branch intervals of that
timestep. Over the entire period, we collect all birth and death val-
ues, determine the global minimum and maximum scalar values
smin and smax, and linearly map the range [smin,smax] onto the band
of each sector. Each branch is represented as a sub-arc on this band
whose endpoints correspond to b and d. The length of the sub-arc
is proportional to d − b, so it encodes both position in the scalar
range and persistence. Because child intervals are contained in par-
ent intervals, their sub-arcs are nested as well.

We then embed the branch hierarchy inside the circular layout by
associating each branch with its sub-arc and a representative point
in the disk. For each branch, we use the midpoint of its sub-arc as
a boundary anchor and draw an inward radial direction toward the
circle center. We place representative points along this radial line
according to hierarchy depth: the root is closest to the center, and
deeper branches lie closer to the boundary. We connect each bound-
ary anchor to its representative point, link the representative points
according to the parent–child relations of the branch hierarchy, and
attach the root representative point of each hierarchy to the center.
In this manner, all individual branch hierarchies are connected to

the center. For any pair of timesteps, the control tree is formed by
the center together with its two branch hierarchies.

For every pair of timesteps, we have a set of branch correspon-
dences. For each correspondence, we locate the two associated
nodes in the control tree and extract the unique path between them.
We then construct a centerline curve along this path using hierar-
chical edge bundling, so that the centerline follows the control tree
and reflects the underlying hierarchy. We sample this curve as a
polyline and assign each sampled vertex a parameter t ∈ [0,1], de-
fined as the normalized cumulative arclength along the polyline.

As constructed so far, the centerline is a one-dimensional curve
joining the midpoints of the two corresponding branch sub-arcs. To
also encode the birth and death values, we thicken this centerline
into a tube. For a correspondence between branches u and v, we set
wstart and wend to the lengths of their sub-arcs. At each sampled ver-
tex, we define a local width w(t) = (1− t)wstart + t wend. We place
two points at that vertex, offset in opposite perpendicular directions
so that their separation equals w(t). Connecting these offset points
along the sampled vertices yields two polylines; joining them at
their endpoints forms a closed polygonal tube that links the corre-
sponding sub-arcs. This tube acts as a visual metaphor for compar-
ing the two matched branches, encoding both their positions in the
scalar range and their relative persistence at the two timesteps.

7. Results

In the following sections, we restrict our attention to a continuous
observation window in 2019 from 15 September to 11 November,
during which plume data are available at an uninterrupted hourly
cadence, with 1392 timesteps. In what follows, all orientation ref-
erences are made with respect to the viewpoint shown in Figure 1,
from which the venting identified in the COVIS acquisition is seen
from the far side of the rock.

7.1. Surface Venting Activity

We now interpret the individual surface vents identified in Sec-
tion 5.3. Surface venting regions located on the lower part of the
rock, shown in green, brown, yellow, and pink in Figure 4, ex-
hibit comparatively weak activity. The associated plume stream-
lines typically bend along the flanks of the rock shortly after emerg-
ing, so these regions contribute little to the vertically developed
plume above the rock. The purple venting region is also small, with
streamlines that generally project horizontally outward from the
rock face before dispersing. Given their weak and intermittent ac-
tivity, these vents are not included in our subsequent comparisons.

In contrast, the blue, orange, and red regions correspond to the
most active surface vents on the reconstructed porous rock. Plume
streamlines emerging from those regions are closely spaced and
rise coherently. These locations are visited frequently by the plume
signal over time, indicating sustained and focused venting. Al-
though they cover only a small fraction of the rock surface, they
account for most of the observed venting and define the main ver-
tically developed plume above the rock. Accordingly, our quantita-
tive comparisons focus on these surface regions, resolving multiple,
spatially distinct vents whose plumes interact as they arise.
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Figure 6: Plume cluster occurrence plotted over a 24.8-hour tidal
cycle, shown alongside the normalized pretide pressure curve with

Clusters correspond to the representative examples in
Figure 1: Cluster 1 increases in frequency during the high-pressure
phase and closely follows the semidiurnal 12.4-hour pattern of the
pretide signal. Cluster 2 peaks during low-pressure intervals and
is nearly perfectly out of phase with Cluster 1. Cluster 3 exhibits a
longer, approximately diurnal 24.8-hour oscillatory pattern.

7.2. Clusters

We quantify the time-varying behavior of the most active vents
using the combined comparison measure from Section 5.6. For
each vent, we compute pairwise scores between all timesteps for
the structure, orientation, value, and overlap components. After
normalizing each component across all timestep pairs, we form a
weighted sum that places greater emphasis on the merge-tree-based
structure component, where we represent each merge tree by its
four most persistent features, while still incorporating the orienta-
tion, value, and overlap terms, yielding a single comparison score.
We then apply hierarchical clustering to this pairwise score matrix.

One cluster stands out immediately (Cluster 3) and consists of
timesteps with unusually large plumes that exhibit strong vertical
development and pronounced lateral extension. In all such cases,
the plume height exceeds 55 grid units (13.75 m), clearly separat-
ing them from the other timesteps. When we focus on the remaining
timesteps and consider only hierarchical clusters with at least thirty
elements, we obtain a total of seven clusters. These seven clusters
effectively fall into two regimes distinguished by their asymme-
try: plumes in which a substantial portion of the flow consistently
breaks off toward the right of the main column (Cluster 1), and
plumes in which an analogous branch breaks off toward the left

Figure 7: Radial feature-tracking view for a single vent, limited
to timesteps in Cluster 1. The outer ring shows acquisition time
over 24 hours. For each pair of clustered timesteps, tubes con-
nect corresponding merge-tree branches and are routed through
the branch hierarchy inside the disk. Tube width interpolates
matched-branch persistence, and brightness indicates correspon-
dence strength. Thin, light tubes mostly trace the lateral branch
breaking to the right of the plume, while thicker, darker tubes follow
the central upwelling, emphasizing the greater stability of the main
column relative to the more intermittent right-breaking branch.

(Cluster 2). We therefore group them into two classes according
to this dominant directional break-off. Timesteps that are not part
of any sufficiently large hierarchical cluster are assigned to one of
these two classes using k-means clustering in the space of com-
parison scores. Inspection shows that fewer than 2% of timesteps
are inconsistent with their assigned regime, indicating that the com-
parison measure robustly separates three characteristic plume types
(see Figure 1): large vertically developed plumes (Cluster 3) and
ones in which a coherent branch persistently peels off to the right
(Cluster 1) or to the left (Cluster 2).

7.3. Case Study

We now examine how the three plume types identified above vary
in time and how their occurrence relates to tidally driven pressure
changes at the ocean bed. As a measure of the local tidal signal, we
use a predicted bottom-pressure time series from the Ocean Ob-
servatories Initiative Regional Cabled Array at the ASHES vent
field [Oce26]. For each timestep in our plume record, we sam-
ple this predicted bottom pressure at the vent location and refer
to the resulting value as the pretide pressure. At Axial, the dom-
inant semidiurnal tide together with its modulation is commonly
described in terms of a tidal day of about 24.8 hours, which is close
to the local lunar day and is referred to as the diurnal cycle. We
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therefore use this tidal day as our basic time unit and re-express the
record in tidal phase.

To visualize these relationships, we fold the 24.8-hour signals
onto a 24-hour circular domain and construct the circular represen-
tation shown in Figure 6. These samples are smoothed with a cir-
cular kernel density estimate based on a von Mises kernel [MJ09],
yielding continuous density curves that highlight when each plume
type is most prevalent within the tidal day. The pretide pressure
field is processed in an analogous manner: it is wrapped, normal-
ized, and interpolated to form a continuous scalar function visual-
ized as a colored annular ring. Overlaying this scalar field with the
three smoothed cluster curves and their shaded envelopes provides
an integrated view of how plume morphology varies with tidal forc-
ing across the full cycle.

Plumes in which a substantial branch peels off to the right of
the main column (Cluster 1) occur most frequently during intervals
of elevated or positive cumulative pressure and diminish sharply
during decreasing-pressure phases. Both the Cluster 1 curve and
the pretide pressure show a characteristic 12.4-hour semidiurnal
rhythm. Plumes with a corresponding left-breaking branch (Clus-
ter 2) behave in an almost perfectly out-of-phase manner, peaking
during low-pressure intervals and becoming rare during high pres-
sure, a symmetry that reflects bidirectional forcing from oscilla-
tory near-bed tidal currents. Both clusters exhibit weaker secondary
peaks approximately half a tidal day later, consistent with semidi-
urnal modulation.

The large, vertically developed plumes comprising Cluster 3
show a different pattern. Instead of following the semidiurnal oscil-
lation, their occurrence varies on an approximately 24.8-hour cycle
aligned with the diurnal tide. They are most dominant during the
transition interval between the weaker secondary peaks of Cluster 1
and Cluster 2, when neither semidiurnal branch type is strongly ex-
pressed. This timing indicates that Cluster 3 responds not to the al-
ternating semidiurnal phases themselves but to the broader diurnal
envelope of tidal forcing. Their behaviour suggests a likely inte-
gration of multiple drivers, including vertical pressure variations,
evolving horizontal flow fields, and near-bed shear, producing a re-
sponse that is sensitive to the full tidal-day modulation.

Taken together, these observations show that seafloor plume
morphology is tightly coupled to tidal forcing, with different plume
structures responding to distinct components of the tidal signal.
This semidiurnal/diurnal phase dependence with pre-tide pressure
is consistent with prior work showing tidal modulation of seafloor
hydrothermal systems [TBJK02]. In particular, semidiurnal tides
organize the right- and left-breaking plume types in a clear out-of-
phase relationship, whereas the vertically developed plumes exhibit
a distinct diurnal-scale response shaped by both pressure dynamics
and tidally driven currents.

7.4. Feature Tracking

Feature tracking follows naturally from the clustering and the
case study above. Once oceanographers know that distinct plume
regimes occur, they want to compare plumes across time and iden-
tify which parts of the plume have changed. For example, whether
a dominant lateral branch, the central column, or smaller side

branches have moved, grown, or weakened, and by how much.
They are particularly interested in following the characteristic
branches that define each regime and in determining when these
features recur within the observation period and how their geome-
try differs between occurrences.

To support these tasks, we utilize the periodic layout intro-
duced in Section 6. For a selected vent, we place the time-varying
branch correspondences using the combined comparison measure
described in Section 5.6. Each correspondence is drawn as a tube
connecting the matched branches. The tube width interpolates be-
tween the persistence values at its endpoints, and the tube bright-
ness encodes the strength of the correspondence. In the Cluster 1
regime, for example, thin, light tubes often trace the right-breaking
branch that peels away from the main column, whereas the cen-
tral upwelling is represented by thicker, darker tubes that connect
larger, more persistent branches near the centre of the plume. This
contrast helps distinguish the smaller, lateral structures that come
and go from the broader, more stable column that persists through-
out much of the observation window.

As validation, we compare the temporal distribution of the
tracked branches with the cluster statistics described in Section 7.3
in Figure 7. The tubes that follow the right-breaking branch in Clus-
ter 1 are concentrated in the same two tidal-phase intervals (ap-
proximately hours 18–21 and 6–9) in which the density of Clus-
ter 1 plumes peaks in Figure 6. Thus, both the timestep-wise clus-
tering and the branch-wise tracking express the same phase pref-
erence. This phase-consistent agreement shows that applying the
same comparison measure at two different levels (cluster assign-
ment and feature tracking) recovers a coherent, regime-specific
plume behaviour, strengthening confidence that the right-breaking
regime is a robust, tidally organised pattern rather than an artefact.

8. Conclusion

Our evaluation is primarily qualitative and application-driven, so
we interpret the proposed pipeline as a vent-resolved analysis
framework for pattern discovery rather than a ground-truth recov-
ery method. In particular, the approach treats the statistically re-
constructed mound as sufficiently time-invariant to separate rock-
associated signal from transient plume-associated signal. This
premise can be less reliable if plume activity produces a response
that closely resembles the rock signal. Similarly, our extremum-
graph analysis on the rock surface may miss weak outlets or merge
nearby outlets. Feature tracking and visual analysis are also easier
in our study because we were fortunate that the particular dataset
resolves three dominant venting regions; in datasets with more tem-
porally variable vent sources, tracking and interpretation may be-
come ambiguous. Even with these limitations, the framework pro-
vides a coherent vent-resolved view of recurring plume patterns and
supports interpretable analysis of plume–tide relationships.
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