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Abstract— Visualization of fluid flows at a high-Reynolds 

number (Re ~ 105) presents difficulties for user comprehension 

due to density and ambiguous interactions between vortices. Prior 

work has used cluster-based reduced-order modelling (CROM) to 

analyze the wake of a High-Speed Train (HST) with Re = 86,000. 

In this paper, we present a novel surface visualization to convey 

the spatiotemporal changes undergone by clustered vortices in the 

HST wake. This visualization is accomplished through 

dimensional reduction of 3D volumetric vortices into 1D ridges, 

and physics-based feature tracking. The result is 3D surfaces 

visualizing the behavior of the vortices in the HST wake. 

Compared to conventional still-image representations, these 

surfaces allow the user to quickly compare and analyze the two 

shedding cycles identified via CROM. The spatiotemporal 

differences of the primary vortices in these shedding cycles 

provide analytic insight to influence the aerodynamics of the HST. 

Keywords—information visualization; flow visualization; 

temporal data, clustering 

I. INTRODUCTION 

Advancement of computational power and efficient solutions 
are improving the capabilities of fluid dynamics simulations. 
This facilitates the simulation of fluid-object interactions at 
increasingly high Reynolds numbers (i.e., Re ~ 105). The 
Reynolds number represents the relationship between the 
viscosity and density of a fluid, and is commonly used in fluid 
dynamics to describe the turbulent structures present in flow. As 
this number grows, the wake flow yields more complex 
configurations of vortices and pressure distributions [1]. 
Simulation of such flows often produces vast quantities of raw 
spatiotemporal velocity data. Visualization of this data is 
challenging, as presentation style and information density can 
directly impact user comprehension [2] [3] [4]. One approach to 
handle such large amounts of data is cluster analysis, a technique 
of machine learning to group the data into clusters by certain 
similarities. Prior work has used cluster-based reduced-order 
modelling (CROM) to identify states in periodic flows [5]. 
CROM is able to cluster time instants of fluid flows according 
to similarities among velocity fields, and to formulate a dynamic 

relation among the clusters. However, the spatial clusters and 
their dynamic (temporal) relationships are presented separately, 
which inhibits user analysis of the flow. 

Spatial visualization of flow data is commonplace [4] [6], but 
temporal visualization is largely unaddressed. Of interest in this 
paper is to investigate a novel approach of representing the 
spatiotemporal behavior of cluster-aggregated flow features 
through surfaces. The flow under investigation is the wake of a 
high-speed train (HST) [7]. The wake is a turbulent region of 
low pressure generating noise pollution, thrown debris, and 
disturbances affecting passing trains or nearby passengers. At a 
high Reynolds number Re = 86,000, the HST wake exhibits a 
lack of coherent vortex shedding, as shown in Fig. 1. 
Spatiotemporal behaviors of vortex features in the wake 
influence the aerodynamics of the HST [8] [9]. Analytic insights 
to modify the wake of the HST are of interest to develop 
strategies for drag reduction, energy efficiency, and safety. For 
the wake, CROM has so far yielded a low-order model for 
describing shedding cycles of vortex features [10]. With our 
approach, we aim to merge the spatial and temporal products of 
CROM into a single visualization representing the 
spatiotemporal properties of the HST wake. Through our 
approach, we produce a visualization capable of conveying 
large-scale spatiotemporal data in a concise manner for ease of 
analysis and comparison. In this way the user can more easily 
identify flow patterns, and make engineering adjustments 
accordingly. 

II. RELATED WORK 

There are several common approaches to visualize the 
spatiotemporal behaviors of flows. These approaches are also 
applicable to clustered time-series data such as produced by 
CROM. Being the easiest approach, sequential time instants 
(STI) are widely used for flow analysis, encompassing still 
images and animation. Still images are capable of presenting 
spatial information (such as the clustered flow states in Fig. 2) 
with high fidelity [5] [11], but struggle to convey complex 
spatiotemporal changes to the user due to lacking a continuity 
between time instants. Meanwhile, animation presents a 
continuity between time instants, but struggles to convey 
detailed spatial information. This is due to human cognitive 
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constraints limiting visual tracking of multiple features in 
motion [12] [13]. 

Chronovolumes [14] and space time cubes (STC) [15], aim 
to address the lack of continuity of still images through 
visualizing multiple time instants simultaneously. 
Chronovolumes display several instances of the same flow 
feature at different times overlaying each other within a single 
visualization. Through close spatial proximity chronovolumes 
convey continuity, but suffer from visual occlusion [16]. STC 
represent flow features on a 2D spatial plane with a third axis as 
time. STC is particularly effective at analyzing spatiotemporal 
events, and has been used to visualize clustered time-series 
weather data [17] and the movement of flow features [18]. 
However, it is restricted to 2D data.  

Prior work in visualizing feature motion with surfaces 
utilized Feature Flow Fields [19], which depict change over time 
as a vector field. By seeding stream surfaces along features of 
interest, these surfaces gave context to feature motion [20]. 
However, due to drifting of the stream surface during advection 
and a lack of controls to manage visual complexity, this 
approach was most effective over short distances. 

To summarize, the spatial and temporal dynamics of flow 
data are often presented to the user separately due to the visual 
complexity introduced by combining them. Hence, there is no 
existing visualization technique which accommodates human 
cognitive constraints to merge the spatial and temporal models 
produced by CROM. 

III. HIGH-SPEED TRAIN WAKE 

 Large Eddy Simulation (LES) generated the HST wake 
using a 1:10 scale model [7] [10]. The LES simulated the wake 
flow in a virtual wind tunnel with a sufficiently low blockage 
rate (2.5%) to negate the influence of the initial conditions, but 
maintain the influence of interaction with the ground. The 
geometric model (i.e., the bluff body) of the HST was located 
0.05m above the ground. The sampled volume encompassed 
part of the bluff body and extended 5m downstream from the 
body, as depicted in Fig. 1. The dataset consisted of a velocity 
field containing 347,655 grid points (= 165 × 49 × 43 in the x, 
y, and z directions) sampled over 2,000 time instants. With a 
flow velocity in the x direction of 4.0m/s this wake had a 
Reynolds number Re = 86,000. 

Fig. 1 illustrates the instantaneous and time-averaged flows 
based on the λ2 criterion [21], a common vortex identifier for 

velocity field data (where λ2 < 0.0 indicates a vortex). The 
instantaneous wake of the HST shown in Fig. 1(a) has many 
small and loosely connected vortices, exemplifying the 
difficulties in analyzing wakes at a high Reynolds number. 
Individual vortex features in this wake are short-lived, have 
ambiguous connectivity to the bluff body, and are occluded by 
their neighbors. The time-averaged flow of all time instants 
depicted in Fig. 1(b) gives a view of the aggregate behavior of 
the flow that is more comprehensible. On average the flow 
aligns into two trailing vortex structures, which form behind the 
train and follow along the ground. However, time-averaging 
cannot convey the dynamic behavior of the flow. 

To analyze the dynamic behaviors of the flow, CROM 
produced a set of representative flow states given by clusters [5]. 
The centroid of each cluster was a mean of all velocity fields 
associated with the cluster. CROM is a two-step process: time 
instants are clustered based on similarity, after which the 
dynamic relationship among the clusters is found. Prior work 
[10] detailed CROM, including the specifics of clustering the 
HST wake into 10 clusters. 

Briefly, the clustering in CROM needs to quantify the 
pairwise Euclidean distance Dij between the velocity fields of 
two time instants, Vi and Vj. To facilitate the clustering, the 
dataset undergoes proper orthogonal decomposition (POD) [22]. 
Through POD a velocity field Vt at time t is described by N 
spatial modes un and N temporal coefficients vn(t) such that: 

 �� = �����(	)
�

��
	. (1) 

The spatial modes take the form of velocity fields, each scaled 
by a temporal coefficient (a discrete-time signal). The sum of 
these modes as their coefficients vary in intensity reproduce the 
original dataset. Similarity between time instants i and j is 
measured via the Euclidian distance Dij within the N-
dimensional Hilbert space between the two temporal coefficient 
vectors v(i) = [v0(i), …, vN(i)] and v(j) = [v0(j), …, vN(j)] as: 

 ��� = ‖�(�) − �(�)‖	. (2) 

 Clustering used the k-means algorithm [23], which finds an 
optimal minimum distance among all time instants and a set of 
cluster centroids Ck with k = {1, …, K}. Each centroid is the 
average of the time instants assigned to that cluster, and are 
shown in Fig. 2. The two trailing vortices noted in Fig. 1(b) are 
clearly visible now with periodic shedding cycles. As these 
vortex features are the product of aggregation, they do not 
represent the behavior of individual vortices within the wake of 
the HST. These clustered features instead represent the 
likelihood of vortex distribution and strength within the wake, 
which can inform future design decisions. 

The dynamic relationship among all 10 clusters is based on 
the probability that a time instant belonging to the cluster Ci 
transits into the cluster Cj. This probability equals the frequency 
that a time instant belonging to Cj follows a time instant 
belonging to Ci. Figure 3 depicts a Markov dynamic relationship 
based on the most likely transitions among all clusters. There are 
three categories of the clusters: two are cyclical (A and B) and 
one transitional (T). Examining the cluster centroids illustrated 
in Fig. 2, both cycles A and B have a shedding and transit of 

 
Fig. 1. The HST wake visualized using the λ2 isosurface of (a) the instantaneous 
time-series velocity data (isovalue = -100) and (b) the time-averaged data 
(isovalue = -1). 



vortex features in the direction of flow. The primary difference 
between these cycles is an instability immediately behind the 
train in cycle A. However, when the spatial and temporal 
visualizations are separated, the continuity between clusters is 
unclear and challenges conceptualization of motion.  

IV. SURFACE VISUALIZATION 

We propose a surface-based representation of feature motion 
to visualize the continuity of the vortex features between 
clusters. The visualization allows the user to identify the 
spatiotemporal behaviors of the features with reduced visual 
complexity. In turn, this eases user analysis by facilitating 
comparison of the two cycles in the wake flow and displaying 
the relationship between the cycles and their transition. 

Fig. 4 illustrates the processing pipeline of the surface 
visualization. Figure 4(a-c) depict the geometric reduction of the 
flow features from 3D volumes to 1D ridges. The ridges 
represent the aggregate vortex cores (i.e. the regions of highest 
vortex activity). The ridges of interest are then tracked 
automatically across multiple cluster centroids in the sequence 
defined by CROM. The tracking forms the connective surface in 

Fig. 4(d), representing spatiotemporal changes of the features 
over time without undue visual clutter. 

A. Feature reduction 

On each centroid, a 3D scalar field describing vortex 
intensity is produced using the λ2 criterion [21]. A digital 
Gaussian filter (σ = 1.0, width = 5) minimizes noise in the scalar 
λ2 field introduced by the cluster aggregation.  Extrema in the 
scalar field are identified by using the “maxima score” technique 
from prior work [24] [25]. In brief, the maxima score produces 
a normalized scalar field M, which reflects the relative similarity 
of a point in the field to a local minimum (-1.0) or maximum 
(1.0). The maxima score M(p0) for a given point p0 is compared 
to its surrounding 5x5x5 neighborhood (sized to balance 
computation time and accuracy) of points p1, .. pn using the 
following equation: 

 �(��) = 	� � 1/�, �� − �� >	 ! 	−1/�, �� − �� < − ! 	0,						$%&$				
�
�� 	. (3) 

Due to the high variance in feature strength throughout the 
sampled volume, the constant sensitivity T used in prior work is 
insufficient [24]. Instead, the sensitivity Tx varies according to 
the diffusion of vortex feature strength, as the distance from the 
HST increases along the x axis. Tx is the absolute of 1% of the 
minimum scalar value in the λ2 field within a given z-y plane 
(orthogonal to the direction of flow). Figure 5 plots Tx as it 
relates to cluster centroid C1. The plot indicates a 100-fold 
difference in Tx throughout the sampled volume, necessitating 
this variable sensitivity. The computation of this Tx is 
inexpensive, and well suited for the HST since vortex intensity 
varies greatly along a single axis. Figure 4(b) exemplifies the 
outcomes of the maxima score for C1, these extrema lie along 
the centers of the clustered vortices. 

Connectivity between grid points in the field M yields 1D 
“ridges” using a hysteresis algorithm, inspired by image 

 
Fig. 2. Isosurfaces (isovalue = -1) of the 10 clustered centroids C1, … C10 of the 
HST wake flow using the λ2 criterion. 

 
Fig. 4. Visualization steps starting from (a) isosurface of the centroid C1 using 
the λ2 criterion, (b) the maxima score of C1, (c) the extracted ridges in C1, to (d) 
the ridge tracking and surface generation of a ridge of interest over one period of 
cycle B. 

 
Fig. 3. The dynamic relationship among the 10 clusters that fall into three 
groupings: cycle A (blue), cycle B (red) and transitional (green). 



processing techniques [24] [26]. Points with a score below a 
restrictive threshold (= -0.8) are connected via nearby points 
below a connective threshold (= -0.5) to produce continuous 
ridges along the minima of the λ2 field. These thresholds are 
defined by the characteristics of the maxima score [24]. A 
greedy ridge-growing algorithm starts from points above the 
restrictive threshold (as seeds) and iteratively selects a nearby 
point with the lowest score M(pi), which fulfils two criteria: 
M(pi) is lower than the connective threshold, and pi is in the 
direction of the current ridge growth (to prevent doubling back). 
Figure 4(c) presents the results of ridge growth applied to C1. 
The ridges tend to align with the vortex cores – the regions of 
highest vorticity [27]. Thus, the geometry of vortex features is 
reduced from 3D volumes into 1D ridges. 

B. Feature tracking and surface rendering 

Feature reduction is performed on each cluster centroid; all 
centroids are then ordered into time-series per the dynamic 
relationship of the clusters depicted in Fig. 3. We have identified 
four sequences of interest, given in Table 1. These sequences 
cover the stable shedding under both cycle A and cycle B, as 
well as the transitions from one cycle to another. 

 Feature tracking automatically identifies the ridges that 
belong to the same feature across sequential centroids. The 
tracking uses physics-based particle advection with 
correspondence matching [28]. To perform particle advection 
the sampling rate is required, however since our time instants 
are cluster centroids there is no defined sampling rate. An 
appropriate sampling rate dtk for cluster Ck is derived from the 
transition matrix produced by CROM [10]. This matrix provides 
Pkk, the probability that a time instant belonging to the cluster Ck 
remains within Ck at the next time instant. With Nk as the number 
of total time instants belonging to Ck, the average time that the 
flow remains in cluster Ck is estimable from: 

 '	( = )((1.0 − *(()'			, (4) 

where dt is the time between volume samples in the original 
dataset (0.015s). Using the aggregate velocity field Vk associated 
with cluster Ck, the change in position of a point p can be 
estimated by: 

�′ = � + �((�)'	(		. (5) 

Differing from prior work [28] [29], our feature tracking 
divides the feature into a series of “segments” s0,.. sj,.. sq.  These 
segments are comprised of consecutive ridge points pm,.. pi,.. pn 
such that the segments in all clusters are roughly equivalent in 
length. Rather than tracking a feature as a whole, for each 
segment si,t we identify the future version si,t+1. This tracking-

by-parts accommodates any topology changes (such as 
bifurcation or merging) that may occur. Considering the 
segment sj,t at time t with the center point pi, the expected future 
positon of a particle at this location is estimated as ��-  using 
equation 5. There may be many points nearby to ��- at time t+1, 
each is a candidate for sj,t+1. The identification of the best 
candidate uses correspondence through orientation matching 
[29]. The orientation of a segment sj, O(sj), is a vector tangential 
to the ridge using: 

 ./&�0 = �1 − ��	. (6) 

Candidate segments sj,t+1 with center points in close proximity 
to pi’ are examined for the best orientation correspondence OC: 

.2/&�,�3, &�,�0 = 	4 − cos8 .(&�,�3) ∙ .(&�,�):./&�,�30::./&�,�0:		. (7) 

The lowest orientation correspondence yielded by all possible 
candidates of sj,t+1 determines the correct future version of sj,t. 
Instances of consecutive segments identifying the same future 
ridge are merged, and a B-spline surface is rendered spanning 
between the corresponding segments. Inspired by animation 
[30] [31], a wave-like pattern between the segment and its 
correspondent indicates the motion and spatiotemporal changes, 
as seen in Fig. 4(d). These waves create bands between light and 
dark shades of color, where the dark bands align with the 
position of the tracked segment. Changes in feature topology are 
visualized via “splitting” or “merging” of the surface in the 
direction of travel. 

V. RESULTS AND DISCUSSION 

We implemented surface visualization on a platform with 
C++ and the Visualization Toolkit (VTK). For each sequence in 
Table 1, the two vortex features trailing behind the HST were 
tracked for surface visualization. 

Fig. 6 shows the two stable shedding cycles A and B using 
surface visualization. The visualization provides several shades 
of blue (or red) to distinguish between cluster centroids. The 
surface representation of the feature movement allows the user 
to clearly see the motions of the two vortex features trailing the 
HST as they shed, travel downstream, diffuse, and exit the 
sampled volume. These surfaces were verified against manual 
tracking of the features through STI and found to replicate the 
expected outcome, with the exception of the surface 
fragmentation noted in cycle A. To compare our approach to the 
standard for flow visualization, we refer to the STI 
representation of the cluster centroids in Fig. 2. To analyze the 
feature motion using STI, a feature can be identified and 
manually tracked through the centroids associated with a cycle 
(C5-C8 repeated for cycle A, and C1-C4 repeated for cycle B). 
Although the spatial properties of the features are observable 
through STI, the continuity between these cluster centroids 
relies on mental extrapolation performed by the user. Thus, 

TABLE 1. CLUSTER SEQUENCING AND CORRESPONDING ILLUSTRATIONS. 

Sequence Figure Centroid Order 
Stable Cycle A  6(a) {… 8, 5, 6, 7, 8, 5, 6, …} 
Stable Cycle B 6(b) {… 4, 1, 2, 3, 4, 1, 2, …} 
Cycle A -> B 7(a)  {… 8, 5, 6, 10, 3, 4, 1, …} 
Cycle B -> A 7(b)  {… 4, 1, 9, 10, 7, 8, 5, …} 

 

 
Fig. 5. Tx for C1 along the flow direction (x-axis) in the wake. 



comprehension of multiple features simultaneously using STI is 
limited due to human cognitive constraints. 

Moreover, the surface-based visualization can present 
properties of the shedding cycles that are not readily visible in 
the cluster isosurfaces, such as the aforementioned surface 
fragmentation. This fragmentation of the surfaces visualizes 
splitting and diffusion of the features being tracked. There is a 
clear difference in fragmentation between the two cycles. Cycle 
A in Fig. 6(a) displays a high amount of fragmentation compared 
to cycle B in Fig. 6(b). This fragmentation is caused by variances 
in the velocity fields aggregated in the cluster centroids. Cycle 
B is thus the more predictable cycle, as its features remain 
relatively consistent throughout the sampled volume. This 
property was not noticed during the initial manual tracking due 
to the challenges of selecting an appropriate isovalue to capture 
this behavior, but was verified upon closer inspection. 

The aerodynamics of the HST can be analyzed through the 
geometry (size, position, etc.) of the surface created by the 
tracked vortex features. This surface indicates the movement of 
the feature’s oscillation, which leading to its shedding. The 
detachment distance from the HST and the flaring slope of the 
shedding are influenced by this oscillation. An enlarged view of 
the trailing vortex and shedding region is depicted in Fig. 6, 
measurements are to the 1:10 scale of the HST model. The 
difference in surface width between cycle A and cycle B behind 
the HST (0.057m vs. 0.024m) indicates a stronger side-to-side 
oscillation in cycle A. This oscillation causes the detachment 
distance for cycle A to be shorter than in cycle B (1.0m vs. 
1.24m), and for the vortex to flare outwards more rapidly 
(indicated by solid arrows in Fig. 6). These differences in 
geometry indicate that cycle B produces a narrower wake 
profile, which causes less interference with structures or 
passengers nearby train tracks. The longer detachment distance 
in cycle B also indicates less drag on the HST. These properties 
of the wake, in particular the detachment distance, are not clearly 
visible from the isosurface visualization in Fig. 2.  

Figure 7 presents the transitions between the two cycles 
through the clusters C9 and C10 (colored in green). Focusing on 

the immediate region behind the HST, surface visualization 
showed the transitions propagating along the trailing vortex 
features. The enlarged cross-sections in Fig. 7 reveals how the 
circular profile of the feature motion changes between cycle A 
(blue) and cycle B (red). The path of the feature is highlighted 
with solid arrows. The surface-based visualization provides a 
detailed representation of the circular path of the features, and 
they way this path shrinks and grows during cycle transitions. 
The way in which these transitional states fit within these feature 
motions is not visible using the STI visualization in Fig. 2. 

There is a notable drawback in this surface visualization 
representation of features, it cannot convey the volumetric shape 
of features. Due to the ridge extraction the relative sizes of 
features is not conveyed with this current visualization, however 
this could be addressed via surface coloration in future work. 

Surface visualization provides the user with the 
spatiotemporal properties of the flow features at a glance. 
Manual tracking via STI (as performed for verification) requires 
the user to examine a single feature at a time, making 
comparisons between features or sequences challenging. 
Meanwhile, surface visualization can render multiple features 
for analysis simultaneously for comparison without undue 
visual clutter. Additionally, the feature reduction reveals 
properties of features not visible without precise isovalue 
selection. Our work distinguishes itself from prior work in 
visualizing motion via surfaces by generating the surface based 
on the spatial location of the feature, rather than through 
advected stream surfaces [20]. In combination with CROM this 
surface visualization provides insights into the wake of the HST 
that are not visible in the original dataset, nor the cluster 
centroids. 

VI. CONCLUSIONS 

Surface visualization of CROM-clustered velocity centroids 
has shown benefits to analyzing the high-Reynolds number 
wake of a high-speed train. Through CROM and surface 
visualization large quantities of flow data can be condensed for 
ease of analysis. Separate from CROM, the surface visualization 
presented here has applications in analysis of low-Reynolds 
number flows, where features are already consistent and well 

 
Fig. 6. The stable shedding cycles of (a) cycle A [blue] and (b) cycle B [red]. 
[Each shade of one color indicates a cluster centroid of a cycle.] 

Fig. 7. The alternations between the cycle A (blue), cycle B (red), and transitions 
(green): (a) from the cycle A to the cycle B, and (b) from the cycle B to the cycle 
A. [Cross-sections provide the directions of alternations.] 



defined. This approach presents a continuity of feature motion, 
which conventional visualization methods fail to represent. 
Future work will focus on how this approach can be integrated 
with existing workflows for analysis, how to represent 
volumetric information, and application of this visualization to 
more and varied datasets.  
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