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Abstract
The visual assessment of (cluster) tendency (VAT) algorithm is an effective tool for investigating cluster tendency, which
produces an intuitive image of matrix as the representation of complex datasets. The improved VAT (iVAT) incorporates a
path-based distance metric into VAT to improve its effectiveness on complex-shaped datasets. The efficient formulation of
the iVAT algorithm (efiVAT) further reduces the computational complexity of iVAT from O(N 3) to O(N 2). In this paper, we
propose eVAT, an edge-based algorithm that can replicate the output of efiVAT but is more efficient and more suitable for
parallelism. We also propose a parallel scheme to accelerate eVAT using NVIDIA GPU and CUDA architecture. We show
that, on a range of datasets, the GPU-based eVAT features good scalability and can achieve significant speedups.

Keywords Cluster analysis · Cluster tendency · VAT · EfiVAT · GPU

1 Introduction

Cluster analysis is an important task in pattern recognition
and data mining. In general, it consists of three steps: (1)
assessing the cluster tendency (e.g., how many groups to
seek); (2) partitioning the data into groups; (3) validating
the clusters discovered [27]. For data that can be directly
projected onto a 2D or 3D Euclidean space (e.g., with a
scatter plot), direct observation can provide good insight
into the appropriate number of clusters. However, for high-
dimensional data, or when only the pairwise relationship
between objects is available, advanced techniques are neces-
sary.

Visual assessment of (cluster) tendency (VAT) [1] is one
of the popular methods widely used to assess the cluster
tendency. Given the dissimilarity matrix D of a set of n
objects, VAT represents D as an n × n image I (D∗) where
the objects are reordered to reveal the hidden cluster struc-
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ture as dark blocks along the diagonal of the image. As an
extension toVAT, iVAT [29] first transforms D using a graph-
theoretic distance metric and the original VAT is applied
on the transformed dissimilarity matrix. iVAT images can
clearly reveal the number of clusters and their approximate
sizes for datasets with highly complex cluster structures.
However, the complexity of iVAT is O(N 3) and efiVAT
[12] is proposed to reduce the complexity of iVAT. Different
from iVAT, efiVAT first applies VAT to the input dissimilarity
matrix and then transforms the VAT-reordered dissimilarity
data into iVAT images. It is clear that both iVAT and efiVAT
are all closely based on the principle of VAT.

VAT typicallyworkswell on relatively small datasets (e.g.,
500or fewer objects).However, for datasets ofmoderate sizes
(e.g., 20,000 data points), the computing time of VAT with
time complexity O(N 2) may become intolerable. In view
of the high computing time of VAT, several extensions such
as reVAT [16], bigVAT [17] and sVAT [11] have been pro-
posed. reVAT performs quasi-ordering of the objects based
on a threshold parameter and replaces the intensity image
with a series of one-dimensional profile graphs. However,
the profile graphs are not as interpretable as the images pro-
duced by VAT. To address this problem, bigVAT uses the
profile graphs to select a sample of objects and displays the
quasi-ordered dissimilarity data of the sampled objects as a
VAT-like intensity image. However, the resulting image may
not be as descriptive as the VAT-ordered image. sVAT selects
a sample of (approximately) size n from the full set of objects
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O = {o1, o2, . . . , oN } and performs VAT on the sample. The
sample is chosen so that it consists of similar cluster struc-
ture as the original dataset. However, if the original dataset
consists of many clusters, the value of n needs to increase
accordingly.

Graphics processing unit (GPU) is an inexpensive, energy-
efficient and highly efficient single instruction, multiple-
thread (SIMT)parallel computingdevice,which canbe found
in many mainstream desktop computers and workstations. In
our previous work, we have shown that the computational
efficiency of VAT can be greatly improved by exploiting
CUDA-enabled GPUs and the parallelism of VAT [20].

In this paper, we propose a novel edge-based VAT (eVAT)
algorithm with good potential for parallelism, which can
replicate the iVAT image without preprocessing the input
matrix as iVAT or post-processing the output matrix of VAT
as efiVAT. Its time complexity is similar to VAT, but the
memory usage can be reduced by half. To improve the com-
putational efficiency of eVAT, we also implement its GPU
version.

This paper is organized as follows. Section 2 gives a brief
review of VAT, iVAT, efiVAT as well as GPU computing.
Section 3 describes the proposed eVAT algorithm. Section 4
presents the details of the parallel eVAT algorithm based on
GPU. The main experimental studies are reported in Sect. 5,
focusing on the comparison of CPU-based efiVAT, CPU-
based eVAT and GPU-based eVAT. This paper is concluded
in Sect. 6 with some discussions on future work.

2 Related work

2.1 VAT

Let O = {o1, o2, . . . , on} denote n objects in the dataset
and D denote a matrix of pairwise dissimilarities between
objects each element of which di j = d(oi , o j ) is the dis-
similarity between objects oi and o j , with 0 ≤ di j ≤ 1;
di j = d ji ; dii = 0, for 1 ≤ i, j ≤ n. Let K be the per-
mutation of 1, 2, . . . , n such that K (i) is the index of the
i th element in the list. The reordered list is represented as:
{oK (1), oK (2), . . . , oK (n)}. Let P be the permutation matrix
with pi j = 1 if j = K (i) and 0 otherwise. The matrix D∗
for the reordered list is a similarity transform of D by P:
D∗ = PT DP .

The key idea is to find P so that D∗ is as close to a block
diagonal form as possible. VAT reorders the row and columns
of D using a modified version of Prims minimal spanning
tree (MST) algorithm [24] and displays D∗ as a gray-scale
image. Themain difference is that VAT does not form aMST.
Instead, it identifies the order in which vertices are added
and the initial vertex is selected based on the maximum edge
weight in the underlying complete graph [22]. The general

Algorithm 1 The VAT Algorithm
Input: An N × N dissimilarity matrix D
1: Set I = ∅, J = {1, 2, . . . , N } and K = (0, 0, . . . , 0).
2: Select (i, j) ∈ argp∈I ,q∈J max{dpq }.
3: Set K (1) = i, I ← {i} and J ← J − {i}.
4: for t = 2 : N do
5: Select (i, j) ∈ argp∈I ,q∈J min{dpq }.
6: Set K (t) = j , update I ← I ∪ { j} and J ← J − { j}.
7: Form the reordered matrix D∗ = [d∗

i j ] = [dK (i)K ( j)], for 1 ≤ i, j ≤
n.

Output:Agray-scale image I (D∗)withmax{d∗
i j }: white andmin{d∗

i j }:
black.

(a)

(b) (c)

Fig. 1 An example of VAT: a the scatter plot of the 2D dataset; b the
original dissimilarity image I (D) and c the reorderedVAT image I (D∗)

procedure of VAT is shown inAlgorithm 1, and an example is
shown in Fig. 1. Figure 1a shows the scatter plot of 2,000 data
points in 2D. The five visually apparent clusters are reflected
by the five distinct dark blocks along the main diagonal in
Fig. 1c, which is the VAT image of the data. Compared to
the image of D in the original order as shown in Fig. 1b, it is
evident that reordering is necessary to reveal the underlying
cluster structure of the data.

2.2 iVAT

For regular-shaped datasets, VAT can often work reasonably
well. However, for complex-shaped datasets with irregular
geometries, the resulting VAT images may fail to produce
dark blocks even when cluster structure is clearly present.
Wang et al. [29] proposed an improvedVAT (iVAT) algorithm
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Fig. 2 VAT and iVAT images on complex-shaped datasets: the scatter plot of the 2D dataset (left); the VAT image (middle) and the iVAT image
(right)

that uses a path-based distance metric. Suppose D represents
theweights of the edges of a fully connected graph. The path-
based distance is defined as

D′
i j = min

p∈Pi j
max

1≤h<|p| Dp[h]p[h+1]. (1)

where p ∈ Pi j is an acyclic path in the set of all acyclic paths
between vertex i(oi ) and vertex j(o j ), p[h] is the index of
the hth vertex along path p, and |p| is the number of vertices
along the path. Hence, Dp[h]p[h+1] is the weight of the hth
edge along path p. Essentially, the cost of each path p is
the maximum weight of its |p| edges. The distance between
i and j is the minimum-cost path in Pi j . Similar to other
algorithms such as the dimensionality reduction method that
perform the distance transform as the preprocessing step,
iVATemploys a shortest path algorithm to transform the input
matrix D into a new matrix D′, where the cost is computed
by Eq. (1); then the original VAT is applied on matrix D′.

iVATalgorithm can not only handle complex-shaped datasets
but also produce better quality images on ordinary-shaped
datasets thanVAT.Figure 2 shows the comparison ofVATand
iVAT on both complex-shaped and ordinary-shaped datasets
where the effectiveness of iVAT is evident.

2.3 efiVAT

Although iVAT can work well on complex-shaped datasets,
the complexity of the preprocessing step, transforming the
input matrix D into matrix D′, is O(N 3). The reason is
that computing D′ directly using Eq. (1) can be regarded as
a shortest path problem and the Floyd–Warshall algorithm
[4] is an algorithm that solves this problem for all N 2 pairs
of lowest-cost paths in a connected graph with N nodes,
with complexity of O(N 3). Since the complexity of VAT is
O(N 2), the total complexity of iVAT is O(N 3)+ O(N 2) =
O(N 3) [29]. In view of this, Timothy et al. [12] presented an
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Algorithm 2 Efficient calculation of iVAT image
Input: D∗ - VAT-reordered dissimilarity matrix.
1: D′ = [0]N×N .
2: for r = 2 : N do
3: j = argk=1,...,r−1 min{D∗

rk}.
4: D′

rc = D∗
rc, c = j .

5: D′
rc = max{D∗

r j , D
′
jc}, c = 1, , r − 1, c �= j .

6: D′ is symmetric, thus D′
cr = D′

rc.
Output:Agray-scale image I (D′)withmax{d ′

i j }: white andmin{d ′
i j }:

black.

efficient formulation of iVAT (efiVAT) algorithmby applying
VAT to the original input dissimilarity matrix and then trans-
forming the VAT-reordered dissimilarity data into the iVAT
image using the algorithm shown in Algorithm 2. The total
number of operations in Algorithm 2 is (2N 2 − 3N ), result-
ing in O(N 2) complexity [12]. Although efiVAT is more
efficient than iVAT, according to step 5 in Algorithm 2, it is
unfortunate that before computing D′

rc, D
′
jc should be com-

puted, where 0 < j < r . So, due to this inherent dependence,
efiVAT is not suitable for parallel computation.

2.4 GPU high-performance computing

In recent years, GPUs have evolved into highly paral-
lel, multi-threaded, many-core processors and are widely
used for general-purpose high-performance computing [5].
Compared with CPU-based distributed systems, GPU-based
parallel computing systems are more lightweight, portable
and energy efficient. GPUs are well suited to problems that
can be represented as data-parallel tasks where the same
instruction is executed on massive data elements in paral-
lel. It is also highly desirable that the arithmetic intensity is
high, which is the ratio between the number of arithmetic
operations and the number of memory operations.

Compute Unified Device Architecture (CUDA) is a
general-purpose parallel computing platform and program-
ming model that leverages the parallel computing engine in
NVIDIAGPUs to solve challenging computational problems
in a more efficient way than CPUs. It was introduced by
NVIDIA in November 2006, which significantly reduces the
difficulty faced by programmers for developing flexible par-
allel programs based onNVIDIAGPUs. Threads and kernels
are the core concepts in CUDA. Threads are lightweight pro-
cesses executed on independent processors in GPU, and they
are easy to be created and synchronized. Kernels are func-
tions executed on the GPU in parallel by massive threads
organized into blocks and grids [3].

There are different types of memory in GPUs, which can
significantly affect the performance of GPU programs. Each
thread has its private local memory called register, which
is the fastest type of memory. Each thread block features
shared memory accessible by all threads within the same

block, which can be as fast as registers if accessed prop-
erly. All threads have access to the same global memory,
which is the largest and slowest storage and the only memory
visible to CPU. Constant memory and texture memory are
two read-only memory spaces accessible by all threads [7].
The global, constant and texture memory spaces are persis-
tent across kernel launches by the same application. In data
science, examples of successful GPU applications include
matrix multiplication [18], databases [8,9,15], data stream
mining [10], FIMI mining [6], subsequence search [25] and
GPU-based primitives for database applications [14,15].

3 Edge-based VAT Algorithm

The VAT algorithm consists of three parts: (1) finding the
maximum dissimilarity value and the objects involved; (2)
generating the new order; (3) reordering the matrix. The
proposed edge-based VAT (eVAT) algorithm shown in Algo-
rithm 3 bears some similarity with VAT but features key
differences. In VAT, a MST algorithm is applied to generate
the new order and reorder the matrix according to the new
order. In eVAT, a MST algorithm is applied to sequentially
obtain edge weights of the minimal spanning tree and gener-
ate a new matrix solely based on the stored edge weights. By
doing so, the output of eVAT is already an iVAT image. In
short, eVAT has the same complexity as VAT and produces
the same result as efiVAT. So eVAT is expected to be more
efficient than efiVAT. Furthermore, once the edgeweights are
obtained, the original input matrix is no longer required and
its space can be released, reducing the memory requirement
of efiVAT by half.

Algorithm 3 Edge-based VAT Algorithm
Input: An N × N dissimilarity matrix D
1: Set K = {1, 2, . . . , N }, E = (0, 0, . . . , 0), J = (0, 0, . . . , 0) and

L(0, 0, . . . , 0).
2: Select (i, j) ∈ argp∈I ,q∈J max{dpq }.
3: Set L(k) = ∞, for 1 ≤ k ≤ N .
4: Set J (i) = 1 and E(1) = 0.
5: for t = 2 : N do
6: argJ (k)=0L(k) = min{Dik , L(k)}, for 1 ≤ k ≤ N .
7: Select i ∈ argJ (k)=0 min{L(k)}.
8: Set J (i) = 1, and E(t) = L(i).
9: D′ = [0]N×N .
10: for r = 2 : N do
11: D′

rc = max{Er , D′[r−1][c]}, c = 1, . . . , r − 1.
12: D′

cr = D′
rc.

Output:Agray-scale image I (D′)withmax{d ′
i j }: white andmin{d ′

i j }:
black.

In the next, we prove that the output of eVAT is an iVAT
image and is the same as that produced by efiVAT.
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In step 4 (Algorithm 2), as D′ is symmetric, when c = j ,
there is D′

jc = 0, and step 4 can be rewritten as D′
rc =

max{D∗
r j , D

′
jc}, c = j . So step 4 and step 5 can be combined

as:

D′
rc = max{D∗

r j , D
′
jc}, c = 1, . . . , r − 1. (2)

To prove that the images produced by efiVAT and eVAT are
identical, we need to prove:

max{D∗
r j , D

′
jc} = max{Er , D

′[r−1][c]},
c = 1, . . . , r − 1. (3)

In Eq. (3), E is an array storing the weights of MST edges;
Er is the weight of the (r − 1)th edge added into the MST
according to the Prims algorithm with E1 = 0; r is between
2 and N , where N is the number of rows of D′; j is selected
by step 3 in Algorithm 2 and satisfies 0 < j < r ; D′ is the
resulting matrix and D∗ is the VAT-reordered matrix with
D∗
r j = Er [12]. In order to prove Eq. (3), we just need to

show that the following equation holds:

max{Er , D
′
jc} = max{Er , D

′[r−1][c]},
c = 1, . . . , r − 1. (4)

Proof For r = 2, as 0 < j < r , j = 1; hence, we have
D′[r−1][c] = D′

jc, and Eq. (4) is true in this case. Assuming
the truth of Eq. (4) for some k > 2, we obtain the induction
hypothesis:

D′
kc = max{Ek, D

′[k−1][c]}, c = 1, . . . , k − 1. (5)

According to Eq. (5) , there is:

D′[k−1][c] = max{Ek−1, D
′[k−2][c]}, c = 1, . . . , k − 2. (6)

Thus,

D′
kc = max{D′

jc, E j+1, . . . , Ek}. (7)

For r = k + 1, the analysis is as follows:
For j = r − 1, it is easy to see that D′[r−1][c] = D′

jc; hence,
Eq. (4) is true.
For j < r − 1, namely j < k, according to Eq. (5) and Eq.
(7), there is:

max{Ek+1, D
′
kc} = max{D′

jc, E j+1, . . . , Ek, Ek+1},
c = 1, . . . , j . (8)

As eVAT incorporates the Prims algorithm that computes the
MST of a set of vertices (objects) by sequentially adding the

vertex that is closest to the already ordered vertices, Ek+1 is
the weight of the kth edge added into MST. Then:

Ek+1 ≥ max{E j+1, E j+2, . . . , Ek}. (9)

Thus,

max{D′
jc, E j+1, . . . , Ek, Ek+1} = max{D′

jc, Ek+1},
c = 1, . . . , j . (10)

Hence, when r = k + 1 and c = 1, . . . , j , Eq. (4) is true.
When r = k + 1 and c = j + 1, . . . , k, as D′ is symmetric,
D′

jc = D′
cj ; thus,

max{Ek+1, D
′
jc} = max{Ek+1, D

′
cj }. (11)

According to Eq. (7):

D′
cj = max{D′

j j , E j+1, . . . , Ec}. (12)

As D′
j j = 0, according to Eq. (9):

max{Ek+1, D
′
jc} = Ek+1. (13)

From Eqs. (7) and (9), we have:

max{Ek+1, D
′
kc} = Ek+1. (14)

Thus, Eq. (4) is true. ��
In the above, we have proved the correctness of the case

for r = k + 1, under the assumption that the case is true for
r = k. So, Eq. (3) is true and the output of eVAT is the same
as the output of efiVAT, which is an iVAT image.

4 GPU-accelerated eVAT

In this section, we present the design and implementation
details of the parallel eVAT based on GPU. The eVAT algo-
rithm shown inAlgorithm3consists of three parts: (1) finding
the maximum dissimilarity value and the objects involved;
(2) generating edgeweight array; (3) regenerating thematrix.
Our implementation follows the general workflow of the
original algorithm. To make the algorithm more suitable for
parallel implementation, we also make some changes.

4.1 Finding themaximum value

The reduction algorithm is a good choice for finding themax-
imum value of amatrix in GPU. Reduction refers to a class of
parallel operations that pass over O(N ) input data and gen-
erate O(1) result, computed by a binary associative operator
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Algorithm 4 eVAT based on GPU
Input: An N × N dissimilarity matrix D
1: Set K = {1, 2, . . . , N }, E = (0, 0, . . . , 0), J = (0, 0, . . . , 0) and

L(0, 0, . . . , 0).
2: Select (i, j) ∈ argp∈I ,q∈J max{dpq }. //parallel
3: Set L(k) = ∞, for 1 ≤ k ≤ N . //parallel
4: Set J (i) = 1 and E(1) = 0.
5: for t = 2 : N do
6: argJ (k)=0L(k) = min{Dik , L(k)}, for 1 ≤ k ≤ N . //parallel
7: Select i ∈ argJ (k)=0 min{L(k)}. //parallel
8: Set J (i) = 1, and E(t) = L(i).
9: D′ = [0]N×N .
10: Normalize E to E ′ as E ′

k ∈ [0, 255],for 1 ≤ k ≤ N . //parallel
11: for r = 2 : N do //parallel
12: D′

rc = max{Er , D′[r−1][c]}, c = 1, . . . , r − 1.
13: D′

cr = D′
rc.

Output:Agray-scale image I (D′)withmax{d ′
i j }: white andmin{d ′

i j }:
black.

Fig. 3 An example of parallel reduction: finding the maximum value
of a vector

⊕. Examples of such operations include minimum, maxi-
mum, sum, sum of squares, AND, OR, and the dot product
of two vectors. Unless the operator⊕ is extremely expensive
to evaluate, reduction tends to be bandwidth-bound [30]. Fig-
ure 3 shows an example of parallel reduction that computes
the maximum of an 8-element array. There are four threads
in use, which are marked in different colors.

Although thrust, a popular library in CUDA, can find the
maximum value efficiently, we employ a special reduction
method as the index of the object with the maximum value
is required. Furthermore, the input matrix itself is symmet-
ric, which means that only half of the matrix needs to be
processed. In this paper, we apply the two-pass reduction
algorithm [30] to find the maximum value and its index in
the matrix. The two-pass reduction operates in two stages,
as shown in Fig. 4. A kernel performs NumBlocks reductions
in parallel, where NumBlocks is the number of blocks used
to invoke the kernel. Then, the results are stored in an inter-
mediate array. The final result is generated by invoking the
same kernel to perform a second pass on the intermediate

Fig. 4 An example of the two-pass reduction algorithm

array using a single block. Note that, this method imposes
no strict requirement on the compute capability of GPUs,
making it applicable to a wide range of GPU facilitates.

4.2 Generating edge weight array

Generating edge weight array takes most of the time in eVAT
and its degree of parallelism has a significant impact on the
overall speedup. It can be divided into two steps: computing
the elements in L and finding the minimum value and the
corresponding index in L .

Although it features a process of finding the minimum
value and the corresponding index, we use the Reduction
with Atomics algorithm with only a single kernel, instead
of the two-pass reduction algorithm. Note that, invoking a
kernel, even an empty kernel that performs no operations,
involves a certain amount of overhead. In particular, in this
step, the time spent on invoking a kernel is large compared to
the time spent on the execution of the kernel. Furthermore,
each kernel needs to be launched N − 1 times, where N is
the width of the input matrix. Consequently, reducing the
number of kernels in the algorithm is likely to be beneficial
in terms of efficiency.

Similar to the two-pass reduction algorithm, theReduction
with Atomics algorithm stores the result in an intermediate
array. The difference is that theReductionwithAtomics algo-
rithm uses a flag value for recording the number of exited
blocks. As each block exits, it performs the atomicAdd func-
tion, a type of atomic operation in CUDA, to check whether
it is the block that needs to perform the final reduction.
Although the atomic operation does cost some extra time,
the Reduction with Atomics algorithm is more efficient than
two-pass reduction when the size of data to be processed is
small. Figure 5 shows the running times of theReductionwith
Atomics algorithm and the two-pass reduction algorithm.
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Fig. 5 Running times of the Reduction with Atomics algorithm and the
two-pass reduction algorithm on datasets of different sizes

Threads

Block
......

Threads

Block
...

Fig. 6 An illustration of generating D′ in parallel

4.3 Regenerating thematrix

The values of D′ need to be transformed into d ′
i j ∈ [0, 255],

to reflect the image density range [0, 255] in openCV [21].
Since D′ is generated using E , we normalize E to E ′
where E ′

k ∈ [0, 255]. As the value of d ′
i j is only associated

with d ′[i−1][ j] and E ′
i , it is suited for parallel programming.

According to the strategy generating D′ in parallel shown in
Fig. 6, each thread is in charge of calculating the values in
one column recursively. Since D′ is symmetric, there is no
need to compute the data above the diagonal.

5 Experimental results

We conducted the experiments on a workstation with two
Intel Xeon E5-2640 v2 (2.00 GHz, 8 Cores) CPUs, 128 GB
RAM and NVIDIA GeForce GTX TITAN X GPU. Powered
byNVIDIAMaxwell architecture, the GeForce GTXTITAN
X GPU features 3,072 CUDA cores and 12 GB GDDR5
memory. The programming environment was gcc-4.7 with
CUDA 7.5 running on Ubuntu 15.04 (64 bit).

5.1 Test datasets

We used a random dataset generator from scikit-learn [23].
Four different types of datasets (circles, moons, blobs and
random) were generated (Fig. 7) and 10 instances (2D) were
created for each type of dataset with 1,000–45,000 objects.
We also used a dataset from UCI Machine Learning Reposi-
tory [19] fromwhichwe sampled subsetswith different sizes.
Since the input of efiVAT is a dissimilarity matrix, once this
matrix is given, the efficiency of efiVAT is fully determined,
regardless of the dimension of the original dataset.

5.2 Results and analysis

For each dataset, we compared the efficiency of the CPU-
based efiVAT, CPU-based eVAT and parallel eVAT base on
GPU. For the same data size, our algorithm achieved almost
the same speedup rate on different datasets. So, we averaged
the results and present the running time and speedup rate.

Figure 8 shows a comparison between CPU-based efiVAT
and CPU-based eVAT algorithms. Obviously, eVAT is more
efficient than efiVATon the CPUplatform.More specifically,
when matrix sizes were relatively small, the speedup rates
were around 2.0; when matrix sizes were relatively large,
the speedup rates increased to around 3.5. Figure 9 shows

Fig. 7 Four different types of datasets used in the experiments. From left to right: circles, moons, blobs and random
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Fig. 8 Average running times (left) and speedup rates (right) of efiVAT-CPU and eVAT-CPU on datasets of different sizes

Fig. 9 Average running times (left) and speedup rates (right) of eVAT-CPU and eVAT-GPU on datasets of different sizes

Fig. 10 Average running times (left) and speedup rates (right) of efiVAT-CPU and eVAT-GPU on datasets of different sizes

the comparison between CPU-based eVAT and GPU-based
eVAT. It is clear that, the running time of CPU-based eVAT
increased rapidly due to its O(N 2) time complexity. Mean-
while, the speedup rate increased steadily as the matrix size
increased and reached around 33 for datasets with 45,000
objects. We also compared CPU-based efiVAT and GPU-
based eVAT, and the speedup rate reached around 115 for
datasets with 45,000 objects as shown in Fig. 10.

6 Conclusion

Visualizing the cluster tendency of datasets is a key step in
cluster analysis and is important in both academic research
and industrial applications. However, the applicability of efi-
VAT, one of the most advanced visualization techniques in
this domain, has been severely limited by its time complexity.
In this paper,weproposed anovel edge-basedVATalgorithm,
which can produce the same output as efiVAT with higher
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efficiency and lower memory usage. Furthermore, eVAT is
inherently more suitable for parallel computing compared to
efiVAT. We investigated the potential of parallelism of vari-
ous components in eVAT and designed a GPU-based parallel
VAT. Experiments on a variety of test datasets showed that
eVAT is more efficient than efiVAT with demonstrated good
scalability. The parallel eVAT can also achieve significant
speedup rates compared to the CPU versions of eVAT and
efiVAT, making it a competent technique for handling large
datasets.

In recent years, a number of variations of VAT have been
proposed to enhance its capability. For example, Havens et
al. [13] performed data clustering in ordered dissimilarity
images, and coVAT [2] extends VAT to rectangular dissimi-
larity data. CCE [26], DBE [28] and aVAT [29] use different
schemes to automatically estimate the number of clusters in
iVAT images. Most of these VAT-like methods are built on
the basic idea of the original VAT and our proposed CPU-
based eVAT, andGPU-based parallel eVATcan be potentially
extended to these problem domains.
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