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Abstract

Georeferenced time series are central to domains such as urban planning and climate studies, yet insights remain difficult
to obtain when patterns span multiple variables and scales. Analysts often seek events—abrupt changes that may co-occur
across variables, space, and time. The Graph Wavelet Transform (GWT) is effective for detecting such changes; however,
previous visualization tools have primarily applied it to univariate signals. We introduce ManyWaves, a visual analytics system
that applies GWT separately to each variable and integrates the resulting event information in a coordinated multivariate
environment. Each variable is modeled as a signal on a shared spatiotemporal graph, and its high-frequency wavelet coefficients
characterize local spatial and temporal changes. A 1D convolutional autoencoder then learns a low-dimensional representation
from these coefficients, which drives linked views: a projection of locations by event similarity, a heatmap summarizing when
variables change, and spatial and time-series views for detailed inspection. Through three case studies—US flight disruptions,
traffic and crime in Sdo Paulo, and land-use change in the Brazilian Legal Amazon—we show how ManyWaves supports the
exploration of multivariate events. Expert feedback suggests that the system’s event-oriented views and interactions support
sense-making, while also highlighting the need for onboarding to interpret wavelet-based representations.

CCS Concepts
* Human-centered computing — Visualization systems and tools; Visual analytics; Geographic visualization;

1. Introduction

The growing availability of GPS-enabled sensors has made spa-
tiotemporal data ubiquitous and valuable in applications such as
climate studies and urban planning. Such data appear in many
forms, including event records, trajectories, and georeferenced time
series. In particular, georeferenced time series capture sequen-
tial measurements at fixed spatial locations. When measurements
are multidimensional, extracting information from such data be-
comes complex, as relevant patterns may span spatial, tempo-
ral, and multivariate dimensions. Visual analytics systems have
therefore become important tools for analyzing spatiotemporal
data [AMST11, AAGO3].

A common analysis approach is to identify abrupt changes, or
events, such as a sudden increase in measured traffic after an acci-
dent. Event-oriented analysis focuses attention on relevant subsets
of data, which is essential when dealing with large datasets. Spa-
tiotemporal events can influence neighboring regions and occur at
different spatial and temporal resolutions, limiting the effectiveness
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of conventional querying [DFD*14]. Moreover, analysts cannot al-
ways anticipate an event’s scale in terms of measurement magni-
tude, spatial extent, or temporal duration. Relationships between
variables may also emerge through co-occurring events: an event
in one variable (e.g., heavy rain) may precede a spatially adjacent
event in another (e.g., a traffic jam).

Existing work has not fully addressed the intersection of multi-
variate and spatiotemporal event analysis. Valdivia et al. [VDP*15]
and Geng et al. [GGZZ22] leveraged the graph wavelet transform
to detect multi-scale patterns in univariate spatiotemporal data, but
their approaches do not directly support multivariate exploration.
Liu et al. [LXR19] introduced TPFlow, a system designed to iden-
tify event co-occurrence across locations. Although it can track
events with multiple variables, it relies on predefined rules for event
classification and does not explicitly capture spatial extent.

We introduce ManyWaves, a visual analytics approach for
change-oriented exploration of multivariate spatiotemporal data.
We model the data as signals on a graph composed of spatial
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and temporal connections. As deep learning approaches often re-
quire extensive labeled data and training, we instead leverage
the Graph Wavelet Transform (GWT), a graph signal processing
technique that decomposes a signal into frequencies [HVGI11].
By focusing on frequencies associated with abrupt changes, we
can identify events in both the spatial and temporal dimensions.
Although GWT is designed for univariate signals, ManyWaves
applies it independently to each variable and integrates the re-
sulting coefficients through a visual analytics workflow tailored
to multivariate exploration. Our approach, inspired by Garcia-
Zanabria et al. [GZRP*21], leverages an autoencoder with 1D con-
volutional layers to learn a low-dimensional representation from
the multivariate wavelet coefficients. This encoded representation
is visualized in a novel “Wavelet Encoding” view that plots regions
based on their temporal event similarity, enabling analysts to iden-
tify clusters, outliers, and recurring event patterns. We demonstrate
our approach using three real-world usage scenarios (US flights,
Sao Paulo urban data, and Amazon deforestation) and formative
expert feedback. In summary, our primary contributions are:

o A GWT-based methodology that encodes high-frequency event
patterns to compare multivariate georeferenced time series.

e ManyWaves, a visual analytics system for event-guided explo-
ration of multivariate spatiotemporal data.

e Three real-world use cases and expert feedback demonstrating
the usefulness of the proposed approach for analyzing multivari-
ate spatiotemporal events.

2. Related Works

Our approach applies visual analytics to multivariate spatiotempo-
ral data, enhancing both the visualization and analysis of complex
patterns. In this section, we discuss related works across three do-
mains and compare them with our proposal. For comprehensive
surveys on spatiotemporal data visualization, see [AMST11,KH13,
LMW*17, MFS*23].

2.1. Visualization of Multivariate Spatiotemporal Data

Spatiotemporal data are organized along spatial, temporal, and
attribute dimensions, requiring analysts to reason about where,
when, and what changes occur [AAGO3]. Andrienko and An-
drienko provide a systematic framework for such analysis, includ-
ing transformations, aggregation, clustering, and linked visual dis-
plays [AAGO03, AA20].

Early work often focused on single-variable spatiotempo-
ral data, combining spatial representations (e.g., geographical
maps) with animations [SHKW20, Cyb22], interactive 3D envi-
ronments [Kra03, FSN20, BDA*17], coordinated views [FPV*13,
LLW™20, TSH* 14, PWMB24], or embedded views [MFS*23].
As data complexity grew, techniques evolved to support multi-
ple variables. Maciejewski et al. [MRH*09] combine linked views
and statistical models to identify spatiotemporal hotspots, Ma-
lik et al. [MME*12] support the exploration of lagged correla-
tions among datasets, VAUD [CHW ™ 17] enables querying hetero-
geneous urban data to reveal cross-domain relationships, and Bris-
tle Maps [KMM™13] provide compact representations for multi-
attribute spatiotemporal event data.

Despite these advances, integrating multiple variables while
preserving spatial and temporal context remains challenging.
Kim et al. [KCK17] describe common comparative strategies, in-
cluding juxtaposition, superimposition, interchangeable views, and
explicit encoding. ManyWaves follows this line of work but fo-
cuses specifically on event-oriented exploration: it surfaces abrupt
changes across variables and links them to spatial and temporal
context for detailed inspection.

2.2. Spatial Graph Visualization

Graphs are a natural abstraction for data with spatial relations, in-
cluding road networks, transportation systems, and mobility. Vi-
sual analytics has therefore used spatial graphs to explore struc-
ture, attributes, and temporal dynamics [Rod05, VLKS*11,HSS15,
SYPB21, FAM23]. For example, Wang et al. [WLY*13] con-
structed a jam propagation graph to analyze how congestion
evolves over space and time. Von Landesberger et al. [VLBR*15]
and Andrienko et al. [AAFW16] used spatial and temporal abstrac-
tions to reveal mobility patterns, while Filipov et al. [FSR*21] used
dynamic spatial graphs to model historical events. These works
demonstrate the value of graph abstractions for reasoning about
spatial relations and temporal evolution. Many Waves differs by us-
ing the graph not primarily as the object of visualization, but as the
domain on which GWT extracts spatially and temporally localized
changes explored through coordinated multivariate views.

2.3. Techniques for Spatiotemporal Event Detection

Identifying spatiotemporal patterns or events in multivariate data
is challenging. Events may appear at different spatial and tem-
poral scales, from long-duration changes in small areas to brief
events covering large regions. Analytical techniques must there-
fore support robust pattern discovery for guided data explo-
ration [DFD* 14]. Research in spatial statistics has addressed part
of this challenge. The Getis-Ord statistic [GO92] identifies spa-
tial outliers by comparing signal values at a location with those
in neighboring regions, but incorporating temporal information re-
mains challenging. Direct differencing captures temporal change by
subtracting values between consecutive timestamps [RAAKROS],
but relies on threshold selection and may fail to robustly identify
significant events [BPOO].

More recent techniques employ computational topology and
graph signal processing. Doraiswamy et al. [DFD*14] model spa-
tiotemporal data as a time-varying scalar function on a network and
use computational topology to identify persistent extreme points as
events. Valdivia et al. [VDP*15] adopt a similar data model but use
graph signal processing to detect abrupt local spatiotemporal vari-
ations at multiple scales. Li et al. [LCZ*19] guide spatiotemporal
analysis by detecting co-occurrence patterns, i.e., events occurring
at two locations with temporal regularity. Although this yields a
controllable system, it defines events only at specific positions and
does not consider spatial neighborhoods. Liu et al. [LXR19] rep-
resent the data as a tensor and use tensor decomposition to high-
light potentially interesting segments, but treat space and time as
discrete indices without incorporating spatial distances or temporal
trends into the latent representation.
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Building on these advances, ManyWaves uses graph signal pro-
cessing to detect spatially and temporally localized changes in mul-
tivariate data. GWT is applied independently to each variable, and
the resulting coefficients are aggregated and transformed through
an autoencoder to reveal similarities across locations. Thus, Many-
Waves combines univariate event detection with coordinated mul-
tivariate views spanning space, time, and variables.

3. Analysis Tasks

We define a set of analysis tasks that guided the design of Many-
Waves. These tasks were derived from a synthesis of analytical re-
quirements in the spatiotemporal visual analytics literature.

We consider an event as an abrupt change in a time series’ be-
havior [GS99]. Given the spatiotemporal nature of our data, we
extend this notion to spatiotemporal events: pronounced changes
that occur over contiguous spatial regions during a time interval.
Despite the difficulty of establishing a unified definition of an event
in the literature, this definition aligns with prior work in event-
guided visual analytics of spatiotemporal data [DFD* 14, VDP*15,
GGZZ22].

The task structure follows the analytical framework of An-
drienko et al. [AAGO3], in which spatiotemporal analysis can be
organized into queries based on space, time, or attribute dimen-
sions. For example, fixing a region supports the analysis of when
changes occur, fixing a time interval supports the analysis of where
changes occur, and fixing both space and time supports the analy-
sis of which attributes are involved. From these considerations, we
derive the following tasks:

T1 Identification of Candidate Events. The tool should surface
candidate events by indicating when and where abrupt changes
occur, supporting the central goal of event-guided spatiotempo-
ral exploration [DFD™* 14, VDP*15].

T2 Multivariate Event Context. For a selected event, the tool
should summarize the behavior of the involved variables,
enabling users to understand how each variable contributes
to or responds to the event. This task corresponds to the
attribute-focused (“what”) component of spatiotemporal anal-
ysis [AAGO3].

T3 Identification of Cross-Variable Synchronization. The tool
should reveal whether events across variables are temporally
synchronized or closely aligned, and highlight where such
relationships occur. This supports the analysis of multivari-
ate co-occurrence patterns, as considered in systems such as
TPFlow [LXR19] and COPE [LCZ*19].

T4 Local Inspection and Validation. The tool should provide de-
tailed views for selected locations and time intervals, supporting
expert validation of candidate events and hypothesis refinement
through detail-on-demand [Shn03].

4. Graph Wavelet Transform for Spatiotemporal Data
Analysis

Our methodology leverages the GWT for spatiotemporal event de-
tection. Following prior work on graph-based models of spatiotem-
poral data [VDP*15,DVP* 17], we represent each measurement at a
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Figure 1: Example of the Graph Wavelet Transform on a spa-
tiotemporal graph. The graph represents spatial locations across
multiple timestamps, with node color encoding the signal value.
For the marked nodes, bar plots show wavelet coefficients at dif-
ferent frequencies. Nodes near transitions between signal regions
have larger high-frequency coefficients, indicating local spatial or
temporal changes.

spatial location and timestamp as a node in a spatiotemporal graph.
This defines a signal on a graph that the GWT decomposes into
spectral components. Unlike approaches that treat spatial and tem-
poral variation separately, this representation allows the GWT to
capture local changes that are simultaneously spatial and temporal.

Given a signal on a graph, the transform yields, for each node,
a vector of coefficients [wy,...,w;] describing the node’s re-
sponse across frequency bands. Low-frequency coefficients cap-
ture smooth behavior among neighboring nodes, whereas high-
frequency coefficients highlight abrupt local changes. We next de-
scribe the graph construction and the GWT computation.

4.1. Building a Spatiotemporal Graph

The GWT can be applied to georeferenced time series by construct-
ing a graph that encodes spatial and temporal relations [VDP*15,
GGZZ22]. We first build a spatial graph Gs, whose nodes rep-
resent the locations of the time series and whose edges connect
spatially related locations. These spatial relations may be provided
by the dataset, derived from spatial adjacency, or specified by do-
main experts. We then replicate G for each timestamp, obtaining
{Gi,1,...,Gsr}. Nodes in Gy are connected to their counterparts
in Gy, and Gy, 1, except at temporal boundaries. To also cap-
ture spatial relationships across consecutive timestamps, nodes in
Gy, are linked to the neighbors of their counterparts in adjacent
timestamps. Fig. 1 illustrates these two temporal edge types: red
edges connect the same spatial position over time, while blue edges
connect a spatial position to its neighbors at adjacent timestamps.

The original time series is then viewed as a signal f over the re-
sulting spatiotemporal graph G: the node representing location i at
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time 7 takes the value measured at that location and timestamp. Ap-
plying the GWT to f yields coefficients that jointly reflect spatial
and temporal dynamics.

4.2. GWT Fundamentals

Fig. 1 illustrates how GWT coefficients reflect local graph struc-
ture. Nodes are colored by signal value, and selected nodes show
their wavelet coefficients as bar plots. Nodes inside homogeneous
regions exhibit stronger low-frequency responses because their val-
ues are similar to those of their neighbors. Nodes near transi-
tions between low- and high-signal regions exhibit stronger high-
frequency responses, indicating abrupt local changes. Nodes that
are locally homogeneous but distinct at a broader neighborhood
scale may exhibit mixed-frequency responses.

We consider an undirected and unweighted graph G = (V,E)
with n nodes, adjacency matrix A, and diagonal degree matrix D,
where d;; = Z?:l a;j. The Laplacian is defined as L = D — A, with
eigen-decomposition L = UAU T, where the columns up of U form
the graph Fourier basis and A contains the non-negative eigenval-
ues Ay on the diagonal. Given a signal f : V — R, its Graph Fourier
Transform (GFT) is f(¢) = Y, ue(i) f(v;), which measures the
strength of the frequency A, in f, analogous to the classical Fourier
transform for time series.

While the GFT provides a global frequency description, the
GWT localizes frequency information at each node by applying a
spectral kernel g at multiple scales. For a node v; and scale s, the
GWT is defined as

8(she) £(0) ug(i).

D=

Wf(s,v,-) =

=1

The scale parameter s controls which frequencies are
emphasized; smaller s emphasizes higher frequencies.
By varying s, we ob-

tain, for each node, a 14
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Figure 2: Wavelet kernel g.
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following prior wavelet-based visual analysis of graph
data [VDP*15]. Each kernel will filter a specific frequency
range. In the following sections, we refer to Wy(sg,v;) as the
high-frequency coefficient.

For further details on scale sampling, filter design, and efficient
computation, we refer to [HVG11,DVP*17].

Method ROC AUC 1 Time (s) |
G statistics 0.753 4+ 0.02 2.873 +0.42
Direct difference  0.767 £0.03 < 0.001 £ 0.000
GAE 0.503 +0.02 42.462 +10.24
GWT 0.910 & 0.01 0.042 4+ 0.01

Table 1: ROC AUC of event detection techniques on a synthetic
spatiotemporal dataset. Results are the mean and standard devia-
tion over 10 repetitions.

4.3. Comparison with Alternative Methods

To illustrate the advantages of GWT for spatiotemporal event de-
tection, we compare it with three unsupervised approaches: Getis—
Ord Gf statistics [GO92], direct differencing [RAAKRO5], and a
graph autoencoder (GAE) [PLC*19]. Getis-Ord G} identifies spa-
tial hot spots at each timestamp but ignores temporal dependencies.
Direct differencing captures temporal changes between consecu-
tive timestamps but ignores spatial structure. The GAE encodes the
spatiotemporal graph and uses reconstruction error as an anomaly
score.

This synthetic experiment is intentionally univariate and is de-
signed to isolate each method’s ability to detect spatiotemporal
events, independent of the multivariate integration handled later
by our visual analytics workflow. We generate a synthetic dataset
with 200 time series of length 20 at random positions in [0, 1]%.
Each time series follows a half-period sine curve. We then inject
20 events by selecting groups of spatially close nodes, increasing
their sine frequency over a fixed duration with random phases, and
adding Gaussian noise (illustrated in Appendix B of the supplemen-
tary material). The spatial graph Gy is constructed by connecting
each location to its 5 nearest neighbors. We assign a label y; = 1
if node i at time ¢ participates in an event, and O otherwise. Each
method returns a score y;; for node i at time ¢, with higher values
indicating higher event likelihood; for GWT, this score is obtained
from the normalized magnitude of the high-frequency wavelet co-
efficient. We evaluate performance using ROC AUC over 10 repe-
titions. Details of the GAE implementation and synthetic data gen-
eration are provided in Appendix B of the supplementary material.

Table 1 summarizes the results. GWT achieves the highest ROC
AUC (0.910) with modest computation time. G; and direct differ-
encing reach ROC AUC values around 0.75, reflecting their in-
ability to simultaneously capture spatial and temporal structure.
The GAE yielded a ROC AUC of 0.503, performing no better than
a random guess. Further analysis revealed that the model recon-
structed both event and non-event node representations with small
error. This is consistent with the GAE architecture: its graph convo-
Iutions aggregate information from spatial and temporal neighbors,
and since each event affects a group of nearby nodes over several
timestamps, the model learns to reconstruct as well as normal be-
havior. These observations remained consistent across preliminary
experiments varying model capacity and training duration. Despite
its simplicity, this experiment illustrates GWT’s suitability for de-
tecting local spatiotemporal events, in line with previous visual an-
alytics work [VDP* 15, GGZZ22].
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Figure 3: Preprocessing pipeline of ManyWaves. From left to
right: a spatiotemporal graph is built from the spatial relations be-
tween time series and their timestamps, the Graph Wavelet Trans-
form is applied independently to each variable; a convolutional au-
toencoder then learns a low-dimensional representation from the
time series of high-frequency wavelet coefficients.

5. Data Preparation

This section outlines the procedure for preparing data as input
to ManyWaves. As shown in Fig. 3, the process has three steps:
spatiotemporal graph construction, application of the GWT, and
wavelet encoding. We consider n locations, each associated with
a time series of T observations {x;,...,x;7}, where x;; € R? is
a d-dimensional feature vector for location i at time ¢. The process
begins with a spatial graph Gy, whose nodes correspond to loca-
tions and whose edges encode spatial relations. The construction
of Gy is application-dependent; in Sec. 8, we describe the spatial
relations used in each case study.

5.1. Spatiotemporal Graph

This step constructs the spatiotemporal graph described in Sec. 4.1.
A graph G is built by combining 7" copies of G and adding tempo-
ral edges between consecutive timestamps, as illustrated in Fig. 3.
For each location i and timestamp ¢, the feature vector x;; is at-
tached to the corresponding node in G. This representation al-
lows wavelet coefficients to capture both spatial events, through
the structure of Gy, and spatiotemporal events, through temporal
and cross-time neighborhood connections.

5.2. Graph Wavelet Transform

Using the graph G, we apply the GWT described in Sec. 4. Since
the transform operates on one-dimensional signals, each variable is
processed independently. For every node and variable, we compute
wavelet coefficients across four scales.

The magnitude of wavelet coefficients depends on the orig-
inal scale of each variable; therefore, normalization is re-
quired before comparing patterns across variables. Following
Dal Col et al. [DVP*18], we normalize coefficients separately for
each variable. Let D) denote, for variable p, the set of wavelet co-
efficient vectors across all n X T node-time pairs. We take abso-
lute values and apply robust scaling using the interquartile range,
obtaining the set Dp. Each scaled coefficient w at scale s is
then log-transformed and globally normalized as F;(w) = log(w +
1)/maxu&€5p log(us +1).
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5.3. Wavelet Encoding

We build a low-dimensional representation from the high-
frequency coefficients to compare locations according to their event
behavior across variables and time.

For each location i, we construct a sequence {W“ e 71-,7},

where W;,; € R? contains the highest-frequency coefficient of each
variable at time ¢ and location i. Locations with similar sequences
exhibit abrupt changes in similar variables over comparable time
intervals.

Inspired by previous approaches for encoding time se-
ries [KAA*21] and visualizing similarities [GZRP*21], we use a
1D convolutional autoencoder to encode these d-dimensional se-
quences. The encoder uses two 1D convolutional layers followed
by a fully connected layer, producing a 64-dimensional embed-
ding for each location; implementation details are provided in Ap-
pendix A of the supplementary material. We project these embed-
dings into a 2D space (right-most panel in Fig. 3). Our implemen-
tation uses t-SNE, which emphasizes local neighborhood structure,
but other dimensionality reduction techniques are also suitable.

6. ManyWaves

ManyWaves supports exploratory analysis of spatiotemporal data
by exploiting high-frequency wavelet coefficients (Fig. 4). In this
section, we describe its visual components, interaction mecha-
nisms, and implementation details.

6.1. Visual Components

We developed a set of linked visual components so that Many-
Waves can support the tasks in Sec. 3. These components pro-
vide complementary views of the data: correlations between vari-
ables, a 2D projection of wavelet encodings, a heatmap of temporal
changes, a spatial view, and a time series view.

Correlation Table. This panel, shown in Fig. 4 (A), provides an
initial overview of potential relationships between variables (T2).
Given n locations, T timestamps, and d variables, we compute the
Pearson correlation for each pair of variables using all n X T sam-
ples, and display the resulting values in a d X d heatmap. Although
this metric overlooks spatial and temporal relations, the panel can
incorporate other metrics, such as spatial correlation [Mor50] or
cross-correlation [Lew95].

Wavelet Encoding. This panel (Fig. 4 (B)) shows a 2D projec-
tion of the high-frequency wavelet encodings described in Sec. 5.3.
Each point represents a location, and proximity indicates similar-
ity in the occurrence of abrupt changes across variables and time.
To convey spatial context, points are colored according to their ge-
ographical positions by mapping normalized coordinates to a 2D
colormap with distinct corner colors [BSC*21] (Fig. 4 (B1)). To
facilitate analysis of datasets with many spatial positions, the user
can filter highlighted points with an adjustable threshold T (default
0.8), while the remaining points are displayed in gray at low opac-
ity. For each location, we compute the maximum high-frequency
wavelet coefficient across time for each variable and highlight loca-
tions whose value is above the t-quantile for at least one variable.
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Figure 4: ManyWaves interface for the US Airports dataset. ManyWaves comprises five linked views: (A) Correlation Table of Pearson
correlations between variables, (B) Wavelet Encoding of high-frequency patterns, (C) Heatmap of Changes summarizing temporal change
per variable, (D) Map View, and (E) Time Series View. Clicking two heatmap cells (C) highlights the corresponding airports in (D) and (E).

Lower values of 1T display more locations, whereas higher values
focus on locations with the most pronounced changes. By reveal-
ing similarities among locations and emphasizing high-magnitude
events, the Wavelet Encoding supports T1 and T3.

Heatmap of Changes. This panel (Fig. 4 (C)) summarizes how
strongly each variable changes over time. For each variable and
timestamp, we compute the average of the high-frequency wavelet
coefficients across locations, after discarding near-zero responses
below ¢ = 1073, Higher averages indicate more pronounced
changes in that variable at a given time. The heatmaps, one per
variable, are horizontally aligned to facilitate detection of times-
tamps where multiple variables undergo abrupt changes simultane-
ously. Users can click a cell to select the corresponding variable
and timestamp, highlighting in the Map View the locations that
contribute most to that coefficient. By default, we show the highest-
frequency wavelet band, but users can switch to other scales; lower-
frequency coefficients reveal smoother spatial and temporal varia-
tions. The Heatmap of Changes supports T1 and T3.

Map View. Illustrated in Fig. 4 (D), this panel displays the spatial
layout of the data, with locations represented as points or polygons
depending on the domain. Locations are colored according to the
value of a selected variable at the current timestamp, using a con-
sistent color scale across time. Selections in other views highlight
corresponding locations on the map, supporting detailed inspection
of event locations (T4).

Time Series View. Shown in Fig. 4 (E), this panel presents line
plots of the time series for each variable. To provide global context,
we plot a gray band with the minimum and maximum values across
all locations. When locations are selected in other views, their time
series are overlaid on the gray band, enabling comparison of lo-

cal behavior with global trends. A synchronized temporal marker
helps users relate patterns across the Wavelet Encoding, Heatmap
of Changes, Map View, and Time Series View, supporting T4.

6.2. Interaction

All views are linked and respond to user interactions, supporting
the analysis tasks in Sec. 3. Initial settings for the Wavelet Encod-
ing, Heatmap of Changes, and Map View can be configured in a
control panel.

The Wavelet Encoding and Heatmap of Changes panels support
location selection. Clicking in the projection selects nearby loca-
tions in the 2D embedding, while clicking a heatmap cell selects
locations whose wavelet coefficients exceed the threshold for the
chosen variable and timestamp. The Map View highlights the se-
lected locations, and the Time Series View shows their time series.
Selections are cumulative across views. When multiple heatmap
cells are selected, including cells from different variables, Many-
Waves highlights locations that satisfy the criteria for all selected
cells, supporting the inspection of co-occurring events.

6.3. Implementation Details

We implemented ManyWaves as a web-based system using a
Python Flask server. The backend includes modules for graph con-
struction, GWT computation, and data preprocessing, and uses the
PyGSP library [DMPP17] to compute the GWT. All visual compo-
nents are implemented in JavaScript using D3.js and Mapbox GL.

7. Visual Analysis of Events

To show how the Heatmap of Changes and Wavelet Encoding sup-
port interpreting multivariate spatiotemporal events, we evaluate
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Figure 5: Synthetic example with two multivariable spatial
events. One event affects features A and B with a two-timestamp
lag, while the other affects features A and C with a four-timestamp
lag. The Heatmap of Changes reveals event timestamps, and the
Wavelet Encoding separates affected regions according to their
multivariate event patterns.

Latent dim: 4

Latent dim: 16

dim 2

dim 1 dim 1
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dim 2
dim 2

dim 1
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dim 2

Figure 6: Wavelet Encoding with varying latent dimensionality.
Projections obtained for the first example of Sec. 7 with latent di-
mensions ranging from 4 to 1024.

them on synthetic datasets with known patterns. Additionally, we
leverage these examples to perform a sensitivity analysis to assess
the impact of varying the number of frequencies and latent dimen-
sions. The examples cover three representative cases: 1) spatially
localized events involving pairs of variables, 2) temporal events
without stable spatial structure, and 3) spatiotemporal events oc-
curring at different frequencies. Because the underlying patterns
are known, these examples clarify what each view reveals and how

submitted to COMPUTER GRAPHICS Forum (10/2026).

Heatmap of Changes

1.00
AERERAER |.
. . . 050
‘. 025
3 45

52 59

Wavelet Encoding

6 13 19 26 32
Time

Feal.C Feal. B Feal. A

0

Figure 7: Synthetic example with temporal periodicity but no
consistent spatial structure. Events occur periodically within each
feature, but affected locations are randomly selected each time.
The Heatmap of Changes reveals distinct temporal periodicities,
whereas the Wavelet Encoding yields no clear spatial clusters.

wavelet-based summaries differ from visualizations based only on
the original signal values.

All examples use a spatial graph Gy with 400 nodes arranged in a
20 x 20 grid and T' = 60 timestamps. Each node is connected to its
four immediate spatial neighbors, and each dataset contains three
features. We generate a base signal using a linear trend from O att =
0to I at 7 = 60, add independent Gaussian noise € ~ N(0,0.02),
and then inject the synthetic events described below.

Multivariable Spatial Events. In the first example, we gener-
ate two spatially localized events in distinct circular regions. The
first affects features A and B at the same location, with fea-
ture B delayed by two timestamps; the second affects features A
and C at another location, with feature C delayed by four times-
tamps. Fig. 5 shows the event timestamps, Wavelet Encoding,
average-signal heatmap, and Heatmap of Changes. The Heatmap
of Changes highlights the timestamps at which each feature under-
goes abrupt changes, whereas the average-signal heatmap mainly
reflects the global linear trend. The Wavelet Encoding separates
the two affected regions, showing that the proposed views can dis-
tinguish events that share one feature but differ in spatial loca-
tion and multivariate composition. Fig. 6 shows the Wavelet En-
coding obtained by varying the autoencoder’s latent dimension in
{4,16,32,64,128,1024}. In all cases, the locations that participate
in the two events are separated from most remaining points. How-
ever, with 4 dimensions, additional groups appear. As the latent
dimension is small, the representation fails to capture all relevant
information. With a large latent dimension (1024), which exceeds
the input size (60 x 3 = 180 values), the encoder performs no ef-
fective compression, and the two event groups are displayed less
clearly separated from the remaining data. This supports our choice
of a moderate latent dimension for the case studies.

Temporal Events without Spatial Pattern. In the second exam-
ple, we create periodic temporal events without consistent spatial
structure. Each event is a bump lasting three timestamps: feature A
repeats every six timestamps, feature B every twelve, and feature
C every twenty. For each occurrence, affected locations are ran-
domly selected. As shown in Fig. 7, the Wavelet Encoding does not
produce well-separated spatial clusters, as expected, because loca-
tions do not share persistent spatial event patterns. In contrast, the
Heatmap of Changes clearly reveals the distinct temporal periodic-
ities of the three features.

Events with Distinct Frequency. In the third example, each fea-
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Figure 8: Synthetic example with moving spatial events at distinct
frequencies. Each feature contains a circular event moving across
the grid at a different velocity. Faster motion produces stronger
high-frequency coefficients, while slower motion is more visible at
lower frequencies in the Heatmap of Changes.

ture contains a circular region moving from the top-left to the
bottom-right of the grid, but at different velocities (Fig. 8). Fea-
ture A moves fastest, feature B has intermediate velocity, and fea-
ture C moves slowest. Because faster motion produces more abrupt
changes across neighboring nodes and timestamps, we expect fea-
ture A to produce stronger high-frequency coefficients and feature
C to be more visible at lower frequencies. The Heatmap of Changes
confirms this behavior: feature A is strongest at high frequency over
a short interval, feature B spans a longer interval with medium-to-
high frequencies, and feature C is dominated by lower-frequency
coefficients. Therefore, inspecting multiple wavelet scales helps
distinguish abrupt events from smoother spatiotemporal changes.

Fig. 8 uses four frequencies, the configuration adopted in our
case studies; Fig. 9 extends it to {8,16,32,64}. Prior work us-
ing the GWT for spatiotemporal data analysis has employed ei-
ther 4 [VDP*15] or 8 [GGZZ22] frequencies. A small number of
frequencies keeps the analysis more interpretable while still cap-
turing the main behavior of the phenomena. As shown in Fig. 9,
the main interpretation remains stable across configurations: fea-
ture A shows a high-frequency event, feature B shows a medium-
frequency event, and feature C shows a low-frequency event. The
main effect of increasing the number of frequencies is that re-
sponses become distributed across more frequency bands. For ex-
ample, the high-frequency response of feature A is split across mul-
tiple adjacent frequencies when more filters are used, which can
make the heatmap harder to interpret without revealing substan-
tially different events.

8. Case Studies

To illustrate ManyWaves in practice, we present three case studies
on multivariate spatiotemporal data: US flight delays, traffic and
crime in Sdo Paulo, and land-use change in the Brazilian Amazon.
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Figure 9: Heatmap of Changes with varying number of frequen-
cies. A small number of frequencies is more interpretable while still
capturing the relevant patterns from the signal.

8.1. US Flight Delays

We examine the relationship between severe weather and air-traffic
disruptions in the United States by combining precipitation data
with delays, cancellations, and diversions. This dataset has been
used previously for spatiotemporal visualization [PFC19].

Dataset. We analyze US Airports Data [U.S] during the 2017 hur-
ricane season (July 15-October 15), together with NOAA hurri-
cane tracks [LB] and PRISM precipitation data [PRI]. Each of the
272 locations corresponds to an airport, and the time series is daily,
with length 7' = 93. In the Map View, we display a Voronoi dia-
gram derived from airport coordinates and build G, by connecting
adjacent airports in this diagram. We consider six variables: Hur—
ricane occurrence, average Precipitation (mm), fractions
of flights with Cancellations and Diversions, and aver-
age Arrival Delay and Departure Delay (minutes). For
this dataset, we set T = 0.6. The Correlation Table in Fig. 4 (A)
shows a strong correlation between Arrival Delay and De-—
parture Delay, but only modest correlations between Pre—
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Figure 10: Wavelet Encoding for the US Airports and Weather
dataset. We compare two selections in the Wavelet Encoding: Al
(Southeast) and Bl (West). The associated time series views for
Departure Delay and Cancellations show that airports
in Al experience a sharp peak in cancellations related to a hurri-
cane, whereas airports in Bl present consistently higher levels of
cancellations and delays over the entire period.

cipitationand Cancellations. This suggests that Pearson
correlation alone does not fully capture localized weather-related
disruptions.

Hurricanes. The Hurricane row in the Heatmap of Changes
(Fig. 4 (C)) shows long periods with minimal high-frequency ac-
tivity and short intervals with strong activity, consistent with the
episodic behavior of storms. Three prominent windows, marked
C1-C3, correspond to Tropical Storm Emily (C1), Hurricane Irma
(C2), and Hurricane Nate (C3). Selecting these regions reveals in-
creases in Delays, Cancellations, and Diversions in the
Time Series View, while the Map View highlights East Coast air-
ports with abrupt cancellations during Hurricane Irma, capturing
the localized weather-related disruptions that the global correlation
does not reveal.

Regional Event Patterns. The Wavelet Encoding (Fig. 10) reveals
two notable groups. Selection A1 captures airports in the US South-
east, where Cancellations peak in late August during Hurri-
cane Harvey, leading to a near-shutdown of flights at several air-
ports (A2). Selection B1 highlights airports in the Western US,
particularly California, which show persistently higher Cancel-
lations and Departure Delay throughout the period (B2),
including disruptions associated with California wildfires around
mid-October. By leveraging the high-frequency coefficients, the
Wavelet Encoding supports T2 and T3 by grouping locations ac-
cording to the timing and recurrence of abrupt changes, separat-
ing a single major disruption (A1) from recurrent disruptions (B1)
across multiple variables.

8.2. Analysing Traffic and Crime in Sao Paulo

This use case focuses on Sdo Paulo, Brazil, a large metropolis with
complex traffic patterns and notable crime rates.

Dataset. We use Waze for Cities Data [Waz], which contains user-
generated alerts with GPS positions and timestamps, and phone
robbery/theft records from the Sdo Paulo Public Security Secre-
tariat [Sec]. We associate alerts and crime reports with census
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tracts, yielding 5,000 locations, and build Gs by connecting ad-
jacent tracts. For each tract, we build time series with 12-hour
resolution from December 1, 2019, to January 31, 2020 (T =
124). Each time series has six area-normalized variables: Phone
Theft, Phone Robbery, Jam, Accident, Road Closed,
and Weather Hazard. Given the large number of locations, we
set T = 0.97 to highlight only the strongest events.

Traffic Events. The resulting visualizations are shown in Fig. 11.
The Correlation Table (A) reveals a strong correlation between
Jam and Weather Hazard. In the Wavelet Encoding, selection
B1 highlights tracts around Amaral Gurgel Street and Presidente
Maia Avenue; their time series (B2, left) show concurrent peaks in
Jam and Weather Hazard around December 12. The Heatmap
of Changes (C) reveals weekly patterns in Accident and Jam:
weekends (C1) and the end-of-year holidays (C2) exhibit lower
high-frequency coefficients, indicating more regular traffic condi-
tions. Around mid-December, a band of high-frequency activity in
Accident, Jam, and Weather Hazard (D) indicates a local-
ized period of weather-related traffic disruption. The same event is
captured by the B1 cluster, illustrating how ManyWaves links tem-
poral summaries and regional patterns.

Traffic and Crime Co-occurrence. On December 31 and Jan-
vary 25, the Heatmap of Changes shows elevated coefficients for
Phone Theft and Road Closed (Fig. 11 (E1)). Selecting the
December 31 cells for both variables makes ManyWaves compute
the intersection of the selected locations. The resulting tracts (E2)
concentrate along Paulista Avenue, a popular destination for pub-
lic celebrations that is closed to vehicles during New Year’s Eve
and the city’s anniversary. This relationship is masked in global
statistics, where standard Pearson correlation reports a negligible
value (r = 0.01, Fig. 11 (A)). The Heatmap of Changes success-
fully surfaces this localized co-occurrence, which the Time Series
View confirms through concurrent peaks in both Road Closed
and Phone Theft. Although neither variable reaches its global
maximum on December 31, the GWT is well suited to identifying
such an event, as its mechanism emphasizes localized changes in
signal value across neighboring timestamps and tracts rather than
global extremes.

Alternative Configurations. Fig. 12 shows an alternative config-
uration of the Heatmap of Changes that displays all four wavelet
scales. Crime variables (Phone Theft and Phone Robbery)
present strong coefficients at the highest frequency, confirming they
are events localized with short duration that fade when evaluated
over larger spatiotemporal scales. Conversely, Jam and Weather
Hazard span both high and low frequencies: high frequencies cap-
ture localized events (e.g., flooded road segments), whereas lower
frequencies reveal systemic congestion propagating across neigh-
boring tracts over multiple consecutive intervals.

8.3. Brazilian Legal Amazon Land Use

We analyze land-use and land-cover dynamics in municipalities
of the Brazilian Legal Amazon (BLA). The Amazon rainforest
plays a key role in the global climate [ACF*23, Ami20] but has
been increasingly affected by the expansion of economic activi-
ties [SJPC*21].
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Figure 11: Analyzing traffic and crime in Sdo Paulo. Data from 5,000 census tracts are analyzed across six traffic-, weather-, and crime-
related variables. The Wavelet Encoding (top) groups tracts by high-frequency patterns; selection B1 highlights a cluster of tracts around
Amaral Gurgel Street and Presidente Maia Avenue with concurrent Jam and Weather Hazard activity. The Heatmap of Changes (bottom
left) shows the average high-frequency coefficient per variable and timestamp: C1/C2 mark weekends and holidays, D marks a period of
heavy rain, and EI marks New Year’s Eve, when Road Closedand Phone Theft jointly spike along Paulista Avenue.
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Figure 12: Heatmap of Changes with multiple frequencies for
Sdo Paulo. Alternative configuration of the Heatmap of Changes
showing all four wavelet scales. Jam and Weather Hazard ex-
hibit strong activity at both low and high frequencies, indicating a
mixture of gradual and abrupt events, whereas crime-related vari-
ables (Phone Theft and Phone Robbery) show prominent
activity mainly at the highest frequency.

Dataset. We use yearly land-use classifications from Map-
Biomas [Map22] for 1985-2021 (25 classes at 30 m resolution).
For each of the 737 municipalities in the BLA, we compute the
yearly change rate of area for each class, yielding a multivariate
time series. The change rate is computed as the year-to-year dif-
ference in class area within each municipality. We focus on nine
representative classes: Forest Formation, Cerrado, Man-—
grove, Pasture, Soy, Sugar Cane,Mining, Urban In-

frastructure, and Mosaic Agriculture. We use the de-
fault threshold T = 0.8.

Effect of Regulations. The Correlation Table (Fig. 13 (A)) shows
a strong negative correlation between Pasture and Forest
Formation, consistent with forest loss driven by cattle ranch-
ing. We display the Heatmap of Changes with four frequencies.
Different land-use categories show changes at different spatiotem-
poral scales. Soy, Mining, and Cerrado display dominant low-
frequency coefficients, while Mangrove and Sugar Cane dis-
play high-frequency ones. This relates to the expansion of the agri-
cultural frontier [NSA06] and to whether specific land uses were
introduced in localized municipalities (high-frequency signals) or
across extensive areas and over longer durations (low-frequency
signals). The soy signal shows two low-frequency events. The first,
from 1995 to 2004, corresponds to positive signal values (an in-
crease in soy area), and the second, from 2006 to 2010, to negative
values; the gap between them coincides with the Soy Moratorium,
signed in 2006 [GRM*15]. After 2013, Sugar Cane and Soy
show increased high-frequency and low-frequency activity (B), re-
spectively, while Mining shows low-frequency activity starting
in 2010 (C). These three changes coincide with weakened forest-
protection policies and rising deforestation [SJPC*21].

Fragmentation of the Deforestation Process. The Wavelet En-
coding (Fig. 14) groups municipalities by land-use trajectories. Se-
lection Al corresponds to municipalities with high Urban In-
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Figure 13: Correlation and temporal summary for the Brazilian
Legal Amazon (BLA) dataset. (A) Correlation Table between land
use classes. The Heatmap of Changes displays temporal trends
across four frequencies; selections B and C mark periods of in-
creased Soy/Sugar Cane and Mining activity, respectively,
coinciding with weakened forest-protection policies in recent years.

frastructure change early in the period, mainly in Maranhao
(A2). Selection B1 identifies municipalities in the Central-West and
along the Amazon River, where Soy rates were high before 2005
and often accompanied by Sugar Cane; the corresponding map
shows spatially contiguous areas of intense soy cultivation (B2).
Selection C1 identifies municipalities with strong Soy activity af-
ter 2014, which appear more spatially scattered (C2). These pat-
terns align with reported increases in deforestation following re-
laxed forest protection [SL18, STPC*21]. Comparing B2 and C2,
early soy-related change forms large contiguous patches, whereas
later change is more fragmented, matching prior observations of
deforestation fragmentation [RSJE12]. Thus, the Wavelet Encod-
ing separates locations that change in the same variable (Soy) but
at different times and with distinct spatial structures.

9. Expert Feedback

To collect formative feedback on the usefulness and limitations
of ManyWaves, we invited three external researchers with 3-12
years of experience in spatiotemporal data analysis. The partici-
pants were not involved in the development of the system.

Each expert participated in a 40-minute individual semi-
structured session. The session followed a common protocol: we
first introduced the motivation and main concepts of the method-
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ology, including the use of high-frequency graph wavelet coeffi-
cients to identify abrupt spatiotemporal changes. We then demon-
strated ManyWaves using the Sdo Paulo use case (Sec. 8.2). The
walkthrough was organized around the tasks in Sec. 3: identifying
events with the Heatmap of Changes and Wavelet Encoding (T1),
inspecting the multivariate context of selected events in the Zime
Series View (T2), comparing simultaneous events across variables
such as Phone Theft and Road Closed (T3), and validating
selected locations through the Map and Time Series views (T4).
After the walkthrough, we conducted an open discussion covering
interaction usability, response time, the relevance of multivariate
spatiotemporal analysis, the usefulness of Sdo Paulo insights, the
perceived added value relative to conventional exploration, limita-
tions, and suggestions. Sessions were recorded and consolidated by
grouping recurring comments into common themes.

Overall, experts reacted positively to the system. They partic-
ularly appreciated the linked interaction between the Wavelet En-
coding and Heatmap of Changes, and how selections propagate
to the Map and Time Series views. They found the example link-
ing Phone Theft and Road Closed events (Fig. 11 (E1-E2))
to be a compelling demonstration of how ManyWaves integrates
spatial, temporal, and multivariate information. One expert noted
that effective use of ManyWaves requires some familiarity with
wavelet-based analysis and graph-based modeling. We agree that
interpreting wavelet coefficients has a learning curve, but the dis-
tinction between low- and high-frequency behavior can be ex-
plained qualitatively and supported with short onboarding material
or tutorials. Experts also raised concerns about scaling to datasets
larger than those used in our case studies, especially with many
more timestamps or locations. Most of the computational cost
lies in preprocessing (graph construction and GWT computation),
which in our experiments completed within a few minutes on a
modern workstation. The current system is a research prototype;
optimizing data structures, caching strategies, and client-side ren-
dering is an important avenue for improving scalability.

10. Limitations

Scalability of Visual Representations. ManyWaves can highlight
spatiotemporal events across several variables, but some visual
components do not scale well as dimensionality increases. In the
Brazilian Legal Amazon usage scenario, the system produced use-
ful insights with nine variables; however, the Correlation Table
grows quadratically with the number of variables, and the Heatmap
of Changes requires one row per variable and scale (e.g., 9 x 4 =
36 rows in Fig. 13). As a result, these views may become clut-
tered for high-dimensional datasets. In such cases, users can ana-
lyze subsets of variables, for example, by applying subspace clus-
tering [TMF* 12] or correlation-based feature selection [TSLO1] to
identify groups of variables for joint exploration.

Graph Construction. ManyWaves assumes a spatial graph G as
input, and the resulting wavelet coefficients depend on how this
graph is constructed. In our case studies, we used spatial adjacency
because the target phenomena are geographically localized, such
as storms, traffic disruptions, crime events, and land-use changes.
However, other analytical goals may require different graph def-
initions. For example, studying delay propagation in air traffic
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Figure 14: Wavelet Encoding for the BLA dataset with three selections. Selection Al groups municipalities in Maranhdo with early Urban
Infrastructure activity (map A2). Selection Bl highlights municipalities along the Amazon River with high Soy values before 2005
(map B2), and selection CI identifies more spatially fragmented Soy activity after 2014 (map C2).

would require a flight-connectivity graph rather than geographic
adjacency. Thus, graph construction should be guided by the phe-
nomenon under analysis, and sensitivity to alternative graph defini-
tions remains an important direction for future work.

Identification of Relationships. ManyWaves provides visual com-
ponents for exploring potential relationships among variables, but
the discovery of such relationships currently relies on manual in-
teraction. Users select regions and time intervals in the Wavelet En-
coding and Heatmap of Changes and interpret the resulting pat-
terns. Future work could automate the detection of multivariate
events by deriving auxiliary signals that capture local correlations
or similarities between pairs or groups of variables [NNN11], and
then applying our methodology to those signals.

Projection and Visual Selection. The Wavelet Encoding uses a
2D projection of high-dimensional embeddings to support explo-
ration. Although this view helps users identify candidate groups of
locations, the projection should not be interpreted as an automatic
clustering result. Dimensionality reduction may distort global dis-
tances, and visual selection can bias attention toward visually
salient or spatially coherent groups. ManyWaves mitigates this by
linking the projection to the Map View and Time Series View, al-
lowing users to validate selected regions in the original spatial and
temporal context. Algorithmic clustering in the high-dimensional
embedding space is a promising extension, but its effectiveness de-
pends on hyperparameter choices such as the number of clusters or
distance thresholds.

Data Format and Preprocessing. Our approach was designed for
georeferenced time series and assumes that: 1) each spatial position
has measurements for the full analysis period, and 2) measurements
are available at regular time intervals. These assumptions are neces-
sary for constructing the spatiotemporal graph and are also used in
prior work [VDP* 15, GGZZ22). In our case studies, datasets were
preprocessed to fit this format, for example by aggregating events
into fixed intervals and setting values to O when no observation was
recorded. Such preprocessing choices should be made carefully be-
cause they define the spatial and temporal scale at which events can
be detected. For instance, events occurring within minutes may be
obscured by daily aggregation, whereas very fine temporal resolu-
tion may introduce noise or sparsity.

11. Conclusion and Future Work

ManyWaves applies the Graph Wavelet Transform to individual
variables and uses a convolutional autoencoder to encode high-
frequency patterns, enabling event-oriented exploration of multi-
variate spatiotemporal data through coordinated visual views. By
linking the Wavelet Encoding, Heatmap of Changes, Map View,
and Time Series View, the system helps analysts identify and re-
late events across space, time, and variables. Our case studies on
flight delays, urban traffic and crime, and Amazon land use illus-
trate how ManyWaves supports domains ranging from urban plan-
ning to environmental monitoring. Expert feedback highlighted the
usefulness of the linked interactions, while also noting the learning
curve associated with interpreting wavelet-based representations.

Future work includes improving scalability with respect to the
number of variables, locations, and timestamps. We also plan to
explore automatic methods for suggesting relevant subsets of vari-
ables, regions, and graph constructions, as well as techniques for
directly detecting multivariate events. A more extensive user study
and lightweight onboarding materials are promising directions for
reducing barriers to adopting wavelet-based visual analytics in
practice.

Use of Generative AI During the preparation of this manuscript,
Al tools (Gemini and Grammarly) were used for text polishing.
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Appendix A: Implementation Details of Wavelet Encoding

As described in Sec. 5.3, we compute the Wavelet Encoding from
the high-frequency wavelet coefficients of all variables. For each
location i, we construct a sequence {W“, ceey W}LT}, where W,y, €
R? contains the highest-frequency coefficient of each variable at
time 7. These sequences are used as input to a 1D convolutional
autoencoder.

The encoder consists of two 1D convolutional layers with ker-
nel size 3 and padding 1. Each convolutional layer is followed by
ReLU activation and 1D max pooling, which halves the temporal
resolution. The first convolution produces 128 channels, and the
second produces 64 channels. The resulting representation is flat-
tened and passed through a fully connected layer that produces a
64-dimensional embedding for each location. The decoder mirrors
the encoder structure and reconstructs the input sequence from the
embedding. These embeddings are then projected to two dimen-
sions with t-SNE for visualization in the Wavelet Encoding view.

Appendix B: Implementation Details of Quantitative Evaluation

The synthetic dataset used in Sec. 4.3 contains 200 georeferenced
time series of length 20 and is displayed in Fig. S1. For a node v;
representing location i at time ¢, the base signal is defined as

S (i) =2sin (g . 2%) .

We randomly sample 20 events. Each event has a start time 7 €
[0,15], a duration d € [3,8], and affects a randomly selected group
of 1 to 15 spatially close nodes. For each event, we sample a ran-
dom phase k € [0,m] and define the event signal as

g(vir) =0.7sin (k+ @) .

The final signal is s(vit) = f(vir) +g(vir) + € where e ~ N (0,0.05).

The graph autoencoder is based on Park et al. [P19] and
follows the implementation from https://github.com/
daniel-unyi-42/GALA. The encoder consists of a graph con-
volutional layer with dimensions 1 x 8, followed by a ReLU ac-
tivation and a second graph convolutional layer with dimensions
8 % 16. The latent dimension is 16, and the decoder follows the
reverse architecture. The graph autoencoder is trained for 1000
epochs or until the decrease in loss is lower than 10~*. The
anomaly score is computed as (x — x’)z, where x is the signal value
and x’ is its reconstruction.
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Figure S1: First five timestamps of the synthetic dataset used in
the GWT comparison. Circles encode signal values at each node;
squares mark nodes that participate in an event. While all nodes’
signals increase over time, event nodes exhibit atypical behavior
within their local neighborhoods, which GWT is designed to cap-
ture.
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