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A Hybrid Approach for Optimizing Parallel
Clustering Throughput using the GPU
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Abstract—We introduce HYBRID-DBSCAN, that uses the GPU and CPUs for optimizing clustering throughput. The main idea is to
exploit the memory bandwidth on the GPU for fast index searches, and optimize data transfers between host and GPU, to alleviate the
potential negative performance impact of the PCIe interconnect. We propose and compare two GPU kernels that exploit grid-based
indexing schemes to improve neighborhood search performance. We employ a batching scheme for host-GPU data transfers to obviate
limited GPU memory, and exploit concurrent operations on the host and GPU. This scheme is robust with respect to both sparse and
dense data distributions and avoids buffer overflows that would otherwise degrade performance. We evaluate our approaches on
ionospheric total electron content datasets as well as intermediate-redshift galaxies from the Sloan Digital Sky Survey.
HYBRID-DBSCAN outperforms the reference implementation across a range of application scenarios, including small workloads, which
typically is the domain of CPU-only algorithms. We advance an empirical response time performance model of HYBRID-DBSCAN by
utilizing the underlying properties of the datasets. With only a single execution of HYBRID-DBSCAN on a dataset, we are able to
accurately predict the response time for a range of ε search distances.

Index Terms—DBSCAN, GPGPU, In-Memory Database, Parallel Clustering, Query Optimization, Spatial Databases.
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1 INTRODUCTION

Unsupervised machine learning methods, such as clus-
tering, are used in many application domains. In this
paper, we present a hybrid CPU/GPU approach for the
Density-Based Spatial Clustering of Applications with Noise
(DBSCAN) [1] clustering algorithm. The parameters to the
algorithm are: (i) the distance ε, that is searched within the
neighborhood of each point; and (ii) the number of points
within ε that are required of each point to be a member of
a cluster, minpts. DBSCAN requires expensive neighborhood
searches around each point in the dataset. As shown in our
previous work [2], sequential R-tree searches on a galaxy
dataset require up to 72.2% of the total response time.

To find neighboring points on the GPU, we propose grid-
based index optimizations. As the search is constrained by
ε, a grid can be constructed such that only neighboring grid
cells need to be examined. In comparison to using index-
trees [3], grids are well-suited to the GPU, as the search is
bounded and fewer branch instructions are needed.

Other GPU approaches to DBSCAN [4], [5], [6] perform
the clustering process in parallel, and then merge subclus-
ters to make the final clusters. In contrast to these works,
we propose a hybrid approach that finds all of the direct
neighbors of each point on the GPU and then sends this
neighbor list to the host to perform the clustering, which
also allows us to reuse the data when clustering with dif-
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ferent parameters. Our hybrid approach relies on obviating
GPU memory limitations with our batching scheme. The
paper organization and major contributions are as follows:
• We compare two GPU kernels that utilize a grid-based

index for finding the ε-neighborhood of each point in the
dataset. On the CPU, the neighbors of each point are then
used for DBSCAN point assignment (Sections 4 and 5).

• We develop an efficient batching scheme for DBSCAN
that allows for processing result sets that exceed global
memory capacity, and overlaps GPU computation and
GPU-host communication. Our approach does not require
expensive kernel restart strategies (Section 6).

• We evaluate our HYBRID-DBSCAN algorithm under the
following scenarios: (i) clustering data with a single set
of parameters; (ii) a pipelined multi-clustering approach
to maximize clustering throughput; and (iii) a data reuse
scheme to reuse the ε-neighborhood of each point being
clustered. In general, our approach outperforms the refer-
ence implementation of DBSCAN (Section 7).

• To understand the relative performance of HYBRID-
DBSCAN, we advance a performance model. With only
a single execution of HYBRID-DBSCAN, a set of data-
dependent model parameters are obtained, and can be
used to accurately predict the response time of HYBRID-
DBSCAN for other relevant values of the ε parameter.

The remainder of the paper is organized as follows:
Section 2 introduces DBSCAN and related work. Section 3
outlines the problem. Finally, we discuss and conclude the
work in Sections 8 and 9, respectively.

2 BACKGROUND

2.1 The DBSCAN Algorithm
We provide a brief outline of DBSCAN and refer the reader
to [1] and our previous work [2] for more details. Let D be
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a database of points to be clustered. A point p ∈ D may be
defined in arbitrary dimensions; here, we focus on spatial
dimensions. The distance ε determines the ε-neighborhood
of p, Nε(p) = {q ∈ D|dist(p, q) ≤ ε}. The distance function
dist(p, q) can be an arbitrary distance function. For a given
point p, if |Nε(p)| ≥ minpts, p is referred to as a core
point. When beginning a new cluster, a core point adds
neighboring points to the cluster, ε-neighborhood searches
occur around these points, and points are added to the
cluster if they are found in regions with sufficient density.
The cluster stops growing when there are no more points
reachable by points in the cluster that meet the density
criteria. The process continues until all points in the dataset
have been assigned to a cluster or are classified as outliers.

2.2 Related Work
Many studies have addressed improving the efficiency of
DBSCAN [4], [5], [6], [7], [8], [9], [10], [11], but here we
focus on those related to the GPU. CUDA-DClust [4] creates
subclusters or chains of points that are density-reachable
from each other. Multiple chains are constructed in paral-
lel on the GPU and can make up a single cluster. When
clustering in parallel, the algorithm keeps track of collisions
that occur when two chains belong to the same cluster.
After all points have been assigned to a chain, or labeled as
noise, the algorithm resolves the collisions and assigns each
point a cluster id. In [6], the authors reuse the main ideas
of CUDA-DClust in [4], by making kernel optimizations
that reduce host-GPU interaction. The GPU is part of a
distributed memory implementation that scales to cluster
billions of points. A GPU implementation is advanced in [5]
that constructs graphs of points that are density-connected
in parallel and then identifies the clusters by performing a
breadth first search on the resulting graphs. In the above
approaches, subclusters are formed and then are merged to
form the final clusters.

Other prior work preprocesses points to find those
within a given distance, or utilizes a distance matrix to find
the distance between all pairs of points. A hybrid approach
for DBSCAN [12] calculates the distance between all points in
the dataset without an index, creating a symmetric distance
matrix in O(|D|2/2). After the distance matrix has been
computed on the GPU it is sent back to the host to be
used for clustering. Research on k-nearest neighbor searches
(kNN) [13] produces a distance matrix for the points on the
GPU. To find the k nearest neighbors to a query point q,
they use the merge path algorithm [14] for the GPU that
uses an efficient truncated merge sort, and then selects the
k nearest neighbors. An index is used to retrieve neighbors
of a given point q in sublinear time. However, with high
dimensionality, indexes become less efficient due to the
curse of dimensionality [15], [16], [17], where a scan of all
of the points in O(|D|) time may be more efficient. The
distance matrix in [13] is unlikely to be prohibitive because
64 dimensions are considered. The works above, [12] and
[13], are not applicable to our work because: (i) we cannot
accommodate a distance matrix because it would limit the
size of the dataset that can be processed with a single kernel
invocation; and, (ii) since we focus on 2-dimensional (2-
D) point objects, calculating the distance matrix would be
inefficient in comparison to using an index.

Our previous works [11], [18] advanced a parallel CPU-
only approach for optimizing clustering throughput. That
approach relied on using a previous clustering result as a
seed to produce a new set of clusters with a larger ε value.
This approach is largely sensitive to the data distribution. In
contrast, the hybrid approach that we advance in this paper
is oblivious to the data distribution [2].

With the proliferation of manycore architectures such
as the GPU, new indexing approaches have been devel-
oped [17], [19], [20], [21], [22]. As noted in [19] and [21],
indexes for the GPU may need to reach a trade-off between
their complexity and selectivity. Many indexes developed
for the CPU utilize trees that contain many branch condi-
tions that can lead to thread divergence, thereby causing
a loss of parallel efficiency [23] on the GPU. However,
other work has addressed utilizing a GPU-friendly R-tree
index [17] that can obtain high parallel efficiency by allow-
ing for more regular memory accesses and without using
recursion (which is limited by the stack on the GPU). The
authors of [17] find that in comparison to other indexing
techniques, their implementation is better when indexing
fewer than 24 dimensions, and at 25 dimensions, the index is
less efficient than an exhaustive scan. Other flatter indexing
approaches for the GPU are advanced in [20], [21] and [22].

3 MOTIVATION AND PROBLEM STATEMENT

A typical scenario for domain scientists is that they need to
examine a range of possible outcomes to assist in finding
new phenomena. Thus, the motivation of this work is to
maximize cluster throughput when clustering a dataset for
a broad range of parameters.

Let D be a database of 2-D points to be clustered by
DBSCAN. Each point pi, i = 1, . . . , |D|, is defined by the
coordinates (xi, yi). We focus on grid-based index opti-
mizations for GPU kernels. Instead of executing DBSCAN in
parallel on the GPU, which is the focus of other works [4],
[5], [6], we preprocess the 2-D data points in parallel, to
find each of their neighbors within ε. We call this mapping
of each pi ∈ D to each of its neighbors within ε the
neighbor table, T . Each element in T is defined by pi ∈ D
and the corresponding points within the ε neighborhood,
Nε(pi). We then use the direct neighbors as input to the
clustering algorithm instead of searching an index. We focus
on this scenario as DBSCAN can be executed concurrently to
maximize clustering throughput when clustering a dataset
with varying input parameters. We define a variant as the
input parameters to DBSCAN where we let V be a set of
parameters defined as vi, i = 1, . . . , |V |, where each vi is
defined by (vεi , v

minpts
i ). We assume that there is sufficient

memory to store all of the relevant data in memory on the
host. However, as memory is limited on the GPU, we use a
batched execution to construct T .

We give an overview of HYBRID-DBSCAN in Algorithm 1
and describe where each component is executed (CPU or
GPU), and later refer to the individual components of the
algorithm. The algorithm begins by constructing an index
on the host (line 3), and then a GPU kernel is launched
that finds the points within ε of each point (line 4). The
result set is stored in a buffer in a nondeterministic order
by the GPU threads, so it is sorted by each query point on
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Algorithm 1 The HYBRID-DBSCAN Algorithm.

1: procedure HYBRID-DBSCAN(D, ε, minpts)
2: R← ∅ ; gpuResultSet← ∅; T ← ∅
3: (G,A)← ConstructIndex(D, ε)
4: GPUCALCGLOBAL(D, G, A, ε)
5: R← gpuResultSet.SortByKey()
6: ConstructNeighborTable(R, T )
7: DBSCAN(T , minpts)
8: return

the GPU (line 5), then the data is copied to the host, and
duplicate query points are removed (line 6). A modified
DBSCAN algorithm is executed (line 7) that only performs
point assignment, as T has been computed on the GPU.

4 INDEXING METHODS

We outline our grid index for the GPU that is used to
compute T (which is similar to an indexing scheme for
trajectories [21]). We compute the index using D and ε.
When searching the index, we improve locality when ac-
cessing D on the GPU by first binning pi ∈ D in x and y
dimensions of unit width such that points in similar spatial
locations will be stored nearby each other in memory. We
then generate a grid, where each cell is of ε length in both
the x and y dimensions and inserting points into these
cells. We store the index, G, as an array of cells. Each
cell is defined as Ch, h = 1, . . . , |G|, where h is a linear
coordinate calculated from each cell’s x and y coordinates.
The point ids, i, of pi ∈ D found inside Ch are stored in a
lookup array A as a range [Aminh , Amaxh ], i.e., if a point pi
is located in Ch, then i ∈ {A[Aminh ], . . . , A[Amaxh ]}. We use
A because it minimizes memory usage; since a point can
only be found inside a single cell, |A| = |D|. Alternatively,
we could allocate a fixed amount of memory for each cell,
Ch; however, this would require space for the cell with the
greatest number of points, which would lead to a significant
amount of wasted GPU memory. D, G, A, and ε are stored
in global memory on the GPU. See Figure 1 in our previous
work [2] for an illustration of the index.

4.1 Global Memory Kernel
We outline a GPU kernel (Algorithm 2) that computes the ε-
neighborhood of each point in D using an approach that
does not use shared memory as implemented in CUDA.
The global id for the thread is calculated from the thread
id and block id (and block size) in a single CUDA memory
dimension on line 2, and if the global thread id is larger
than D the kernel returns (line 3). Two arrays (explained
below) are initialized on line 4. The ε-neighborhood of each
point in D is processed by a single thread, so we store the
point in registers on line 5. There will be |D| threads in total
assuming the block size evenly divides |D|. For the point
processed by the kernel, the linearized cell ids that should
be checked are computed (line 6). Note that we elect to use
cells of size ε × ε, such that for a given point pi, the points
within ε are guaranteed to be within the point’s cell or the
adjacent cells (a maximum of 9 cells). We enter a loop on
line 7 that iterates over each of the appropriate cells for a
given point. For each cell, we compute the indices into the
lookup array A of the points within the cell (lines 8-9). We

iterate over these points in D (line 10) and calculate if they
are within ε of the point assigned to the thread (line 5). If a
point is within ε, it is added to the result set as a key/value
pair, where the value is within ε of the key (line 13).

Algorithm 2 The GPUCALCGLOBAL Kernel.

1: procedure GPUCALCGLOBAL(D, G, A, ε)
2: gid← getGlobalId()
3: if gid ≥ |D| then return
4: cellIDsArr← ∅; gpuResultSet← ∅
5: point← D[gid]
6: cellIDsArr← getNeighborCells(gid)
7: for cellID ∈ cellIDsArr do
8: lookupMin← A[G[cellID].min]
9: lookupMax← A[G[cellID].max]

10: for candidateID ∈ {lookupMin,. . . ,lookupMax} do
11: result← calcDistance(point, D[candidateID], ε)
12: if result 6= ∅ then
13: atomic: gpuResultSet← gpuResultSet ∪ result

return

4.2 Shared Memory Kernel
Algorithm 2 maps a single GPU thread to a point, pi ∈ D,
and finds those neighbors within ε only using global mem-
ory. In this section we outline a different approach that takes
advantage of shared memory on the GPU (Algorithm 3). The
main idea is that each thread block processes a single grid
cell, where the points inside the block’s cell and an adjacent
cell (one that may contain points within ε of the points in
the block’s cell) are first paged into shared memory before
the distance calculation occurs. This takes advantage of the
shared memory bandwidth on the GPU. Because we need to
page the data into shared memory from global memory, we
tile this data transfer based on the granularity of the block
size. Thus, we are oblivious to the number of data points
per cell, and do not exceed shared memory capacity.

Algorithm 3 takes the same inputs as Algorithm 2 except
that it requires a schedule S that maps each block to a cell
for processing, and a total number of threads, N . Since each
block processes a single cell, the total number of threads, N ,
is the product of the number of non-empty grid cells and
the block size (not |D| as in Algorithm 2).

In Algorithm 3, we refer to CUDA keywords as follows:
(a) arrays that are stored in shared memory use the shared
keyword; (b) the block size is blockDim.x (we only use one
memory dimension); (c) the thread id in a block is threa-
dId.x; and (d) block-level thread synchronization is denoted
as synchronize(). For illustrative purposes, we assume that
the number of points in a given cell is at most the size of a
block. If there are more points in a cell than the block size,
then an additional loop is needed in Algorithm 3.

The algorithm begins similarly to Algorithm 2. The
schedule S is checked on line 5 and the cell id assigned
to the block is stored (only non-empty cells are processed).
Lines 6-7 allocate arrays in shared memory that store the
points processed by a single block and the points in adja-
cent cells, respectively. We call the points in the cell being
processed by a block the origin cell (pntsOriginCell), and
the points in an adjacent cell (including the origin cell)
a comparison cell (pntsCompCell). Next, the first thread in
the block retrieves the cell ids that are adjacent to the cell
being processed, including the cell itself (lines 8-9), and the
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threads in the block are synchronized on line 10. Each thread
in the block copies a single point from the origin cell in
global memory to shared memory using an offset into the
lookup array A on lines 11-13. Had the number of points in
the origin cell exceeded the block size, then another loop
would be inserted that encompasses lines 11-23. Next, a
loop is entered that iterates over all of the relevant cells
(line 15). Next, each thread loads a point from global into
shared memory from a comparison cell on lines 16-18 and
the threads in the block are synchronized (line 19). Then
each thread compares a single point in the origin cell with
all points in a given comparison cell (both of which are
stored in shared memory) to find if they are within ε on
lines 20-23. Comparing Algorithms 2 and 3, note that to
exploit the shared memory on the GPU, GPUCALCSHARED
requires more threads and block-level synchronization in
comparison to GPUCALCGLOBAL.

Algorithm 3 The GPUCALCSHARED Kernel.

1: procedure GPUCALCSHARED(D, G, A, ε, S, N )
2: gid← getGlobalId()
3: if gid ≥ N then return
4: shared cellIDsArr← ∅; gpuResultSet← ∅
5: cellToProc← S[blockID]
6: shared pntsOriginCell[blockDim.x]
7: shared pntsCompCell[blockDim.x]
8: if threadId.x = 0 then
9: cellIDsArr← getNeighborCells(cellToProc)

10: synchronize()
11: lookupOffset← G[cellToProc].min + threadId.x
12: dataID← A[lookupOffset]
13: pntsOriginCell← pntsOriginCell ∪ {D[dataID]}
14: synchronize()
15: for cellID ∈ cellIDsArr do
16: compLookupOffset← G[cellID].min + threadId.x
17: compDataID← A[compLookupOffset]
18: pntsCompCell← pntsCompCell ∪ {D[compDataID]}
19: synchronize()
20: for candidateID ∈ pntsCompCell do
21: result← calcDistance(pntsOriginCell[threadId.x],

pntsCompCell[candidateID], ε)
22: if result 6= ∅ then
23: atomic: gpuResultSet← gpuResultSet ∪ result

return

5 ALGORITHM OVERVIEW

We describe HYBRID-DBSCAN (Algorithm 1) in greater de-
tail as follows. Let R be the result set returned from the
GPU to the host which is stored as key value pairs. Each
result item rj , j = 1, . . . , |R|, consists of a key and a value
(kj , vj), where the key kj is a point pi ∈ D and the value
vj ∈ D is a point within ε of the key, i.e., vj ∈ Nε(kj). R can
be incrementally constructed if it and the HYBRID-DBSCAN
components exceed the size of global memory on the GPU
(Section 6). R, gpuResultSet, and T are initialized on line 2.
Next, the index is constructed using D and ε as described
in Section 4 (line 3) and the GPU kernel is launched; either
GPUCALCGLOBAL or GPUCALCSHARED can be used, al-
though here we show GPUCALCGLOBAL (line 4). Note that
if the GPUCALCSHARED is used, then we also compute and
transfer S and N to the kernel as described in Section 4.2. In
Algorithms 2 and 3, the kernel does not return gpuResultSet
to the host. Since each key/value pair (kj , vj) may be stored
in any order in global memory on the GPU, we leave the

result set on the GPU after launching the kernel, and then
use the CUDA Thrust [24] library to sort rj by key (line 5),
such that identical keys will be adjacent to each other in
R. Finally, R is transferred back to the host into a pinned
memory buffer that is used as a staging area. Next, we
construct the neighbor table (line 6). There can be identical
kj ∈ R, as a point can have multiple neighbors within ε.
We copy vj ∈ R from pinned memory to another buffer in
memory on the host, denoted B.

We define T as having T mini and T maxi , where i =
1, . . . , |D|, thus each point is an element in T . Then we find
the minimum and maximum indices in kj corresponding to
a single key and store these values in T as T mini and T maxi ,
respectively. These are the points within the ε-neighborhood
of pi stored as a range of indices into array B denoted as
[T mini , T maxi ]. Thus, if a point pj is within ε of pi, then
j ∈ {B[T mini ], . . . , B[T maxi ]}.

Using this scheme, we only copy the values to a buffer
in memory from the pinned memory staging area without
copying the keys, which allows the pinned memory buffer
to be available to write R for a future batch (Section 6). After
T has been constructed, DBSCAN is executed on line 7 which
uses T and minpts (instead of ε and minpts in the original
DBSCAN algorithm). The algorithm is modified such that the
ε-neighborhood search does not search the index I using ε,
instead looking up the neighbors in T .

6 EFFICIENT BATCHING SCHEME

Due to the size of the dataset, the data density and the value
of ε, the result set size can be larger than the capacity of
global memory on the GPU. Furthermore, the result set size
is nondeterministic; therefore, we do not know a priori how
large the result set will be. We are able to accommodate
large result set sizes with an efficient batching scheme that
incrementally computes the neighbor table, T , and address
nondeterministic sizes. There are two primary methods in
the literature for addressing large/non-deterministic result
set sizes as follows: (i) allocate a buffer for the result, and
use the strategy of kernel result buffer overflow prevention
and subsequent kernel restart [21], [25], [26]; and, (ii) exe-
cute the entire algorithm twice, once to compute the exact
size of the result set, and the second to store the result
set [27]. The drawback of both of these approaches is that
they are not work-efficient. In (i), a buffer overflow may
occur while only part of the result set for a number of query
points have been computed (the neighbors would need to be
recomputed when reattempting the kernel for these points);
and (ii) requires double the total work.

There are two motivations for our batching scheme
design that avoid (i) and (ii) above. First, we do not use
the strategy of executing the algorithm twice, or kernel
result buffer overflow prevention and subsequent kernel
restart. Second, we do not require additional memory for
buffer overflow purposes. We achieve these objectives by
first estimating the total result set size, and then execute a
number of batches such that the buffers never overflow.

We describe the batching scheme as follows. Let nb be the
number of batches, ab be an estimate of the total result set
size across multiple batches, and bb the buffer size allocated
in global memory on the GPU for a single batch. If the result
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set from each batch is equal in size, and ab is known exactly,
then nb = ab/bb. However, since the result set sizes will
be different from each batch, and ab is an estimate, then we
need to overestimate ab to ensure that the buffer on the GPU
does not overflow. We introduce γ as an overestimation
factor. We calculate nb as follows:

nb = d[(1 + γ) · ab]/(bb)e. (1)

Equation 1 relies on estimating ab accurately and en-
suring that the result set size between batches are fairly
consistent in size. To minimize data transfer overhead, it
is preferable to minimize nb to reduce the number of trans-
fers between the host and GPU. With a batched execution
having multiple result set data transfers, we utilize pinned
memory on the host to improve data transfer rates and
overlap computation and communication. However, this is
at the expense of expensive pinned memory allocation [28].
Thus we want to minimize γ for two reasons: (i) to not
overallocate pinned memory; and (ii) to minimize the value
of nb. Given the above rationale, we advance a method to
ensure ab is estimated within a reasonable degree, and the
result set sizes between batches are fairly consistent.

To calculate ab we execute a kernel that counts the num-
ber of neighbors within ε of a uniformly distributed fraction
f of pi ∈ D such that the kernel processes f |D| < |D|
points. The roughly uniform distribution of points occurs
by simply sampling f |D| points, since we initially sort
D in both the x and y dimensions (Section 4). Since this
kernel (similar to Algorithm 2 or 3) returns the number of
neighbors within ε concerning a sample of the data points,
which we denote eb, and does not return a result set R
(which requires significant overhead), the kernel executes
once in negligible time. We let f = 0.01 (1% of |D|), thus
ab = eb × 1/f .

We describe an approach to ensure that the result set
sizes are fairly consistent so that the buffer of size bb does
not overflow between batches. Let Rl be the result set from
batch l, where l = 1, . . . , nb. We ensure |Rl| is nearly the
same size as bb, i.e., |Rl| . bb (to maximize the usage of the
buffer, and minimize nb). As the result set size estimation
value (eb) takes a uniformly distributed sample of points,
we execute the kernel (Algorithm 2 or 3) by computing the
ε-neighborhoods of points that uniformly sample the dataset
in each batch. In all that follows we refer to the GPUCAL-
CGLOBAL kernel (Algorithm 2). Since the ε-neighborhood
of pi ∈ D can be calculated in any order (i.e., there are no
data dependencies between points), T can be constructed
incrementally. Recall that in GPUCALCGLOBAL we assign
a single thread to compute the ε-neighborhood of a single
point. In Algorithm 2 we allow for the batching scheme by
adding two additional inputs: l (the batch number being
executed), and nb. We denote the global thread id described
in Section 4.1 as globalID. Thus on line 2 in Algorithm 2
(the point pi ∈ D being processed by the kernel) becomes
globalID×nb + l, and line 3 returns if gid ≥ |D|/nb (for
illustrative purposes we assume that nb evenly divides |D|).
See Figure 2 in our previous work [2] for an example of 5
adjacent points in D processed by different kernel invoca-
tions. Using this execution strategy, the values of |Rl| are
roughly consistent across batches. We set γ = 0.05, meaning

we only overestimate bb by & 5%. Since we take the ceiling
in Equation 1, this is roughly the lower bound on the degree
to which bb will be overestimated.

Given that we batch the results from the GPU, we over-
lap the data transfers with kernel executions by assigning
each batch to one of 3 CUDA streams (we found that
additional streams do not improve performance). Therefore,
in Algorithm 1, lines 4-6 are executed using 3 threads, where
each thread launches the kernel, initiates sorting the result
set as key/value pairs on the GPU using the Thrust API,
requests the result set data transfer from the GPU to the
pinned memory staging area, and constructs a fraction of T
on the host. The approach allows for significant overlap in
both memory transfers between the GPU and host, within
the memory on the host between the pinned memory stag-
ing area and pageable memory for the points in T , and in
the construction of T . There is very little kernel execution
overlap, as each invocation saturates GPU resources. Since
3 streams are used, we require 3 buffers in global memory
on the GPU and in pinned memory on the host. When
the result size estimation eb is sufficiently large, we use a
static buffer size, bb, and if it is too small we use a variable
buffer size as pinned memory allocation time can require
a substantial fraction of the total response time for small
datasets or ε values. When ab ≥ 3 × 108 we set bb = 108

(each stream has a buffer of this size), and if ab < 3 × 108

we set bb = (ab × (1 + 2γ))/3. We increase γ by a factor of
2 for small result set sizes because the total result set size
estimate eb is more uncertain and there is more variability
in |Rl| between batches.

7 EXPERIMENTAL EVALUATION

7.1 Datasets
We utilize two real-world classes of datasets as follows.
• The SW- class consists of ionospheric total electron content

datasets collected by GPS receivers (data preprocessing is
described in [29]). SW1 and SW4 consist of 1,864,620 and
5,159,737 data points, respectively.

• The SDSS- class consists of a sample of galaxies from the
Sloan Digital Sky Survey Data Release 12 [30] spanning
a photometric redshift (z) of 0.30 ≤ z ≤ 0.35. SDSS1,
SDSS2, and SDSS3 consist of 2 × 106, 5 × 106, and
15,228,633 data points, respectively.

SW- has many overdense regions as a function of the
relative locations of GPS receivers; whereas SDSS- is more
uniformly distributed. The SW- datasets are publicly avail-
able [31] and described in [11]. See [30] for SDSS- datasets.

7.2 Experimental Methodology
The multithreaded implementations of HYBRID-DBSCAN on
the host use OpenMP in C++ and compiled with the O3
compiler optimization flag. The GPU code is written in
CUDA. Response times are averaged over 3 trials, unless
otherwise noted. We use two similar platforms as follows:
Platform 1: Consists of 2.6 GHz Intel Xeon E5-2660 v3
processors (20 total cores), and an Nvidia Tesla K40m card
with 12 GB of memory. Platform 2: Consists of 2.4 GHz Intel
Xeon E5-2630 v3 processors (16 total cores), and an Nvidia
Tesla K20c card with 5 GB of memory.
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All experiments in Section 7.3 are performed on Plat-
form 1; and the remainder are performed on Platform 2.
We found no significant performance difference between the
two GPUs (they are the same Tesla generation). We select
values of ε and minpts such that we do not get too few or
two many clusters, which is a function of the dataset density
and spatial distribution. We compare the performance to a
reference implementation that executes a sequential version
of DBSCAN using an R-tree index on the CPU (details can
be found in [11]). We do not report the time required to
construct the index, as we did not optimize this in the
reference implementation; however, we find that the grid
indexes can be constructed faster than the R-tree.

For all experiments excepting the single kernel invo-
cation experiment in Section 7.3, we use at least nb = 3
and a maximum buffer size, bb = 108 (Section 6). In
the scenario where the total result set size exceeds global
memory capacity, we still limit bb to its maximum size, and
may not fully utilize the entire memory capacity. We do
not maximize global memory usage as: (i) pinned memory
is expensive to allocate, so we select bb such that it does
not significantly degrade performance; and (ii) executing
multiple batches allows for overlapping data transfers and
computation. Thus, even if the entire result set can fit within
global memory, we still use a batched execution. In all
experiments that require the maximum buffer size, we are
able to store the 3 buffers of size bb = 108 (∼2.24 GiB),
the entire dataset, and the index, within the 5 GB of global
memory on Platform 2.

To demonstrate that performance is independent of the
minpts parameter, we show the reference implementation
response time vs. minpts in Figure 1. It is clear that the
selection of the minpts parameter does not significantly im-
pact performance. As HYBRID-DBSCAN performs the point
assignment on the CPU, the same performance behavior
occurs in HYBRID-DBSCAN.
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Fig. 1: Reference implementation response time vs. minpts
for all datasets. The following epsilon values for clustering
the datasets are used: SW1 and SDSS1 (ε = 0.5), SW4 and
SDSS2 (ε = 0.2), and SDSS3 (ε = 0.09).

7.3 Kernel Efficiency and Overheads
We evaluate the performance of the two kernels, GPUCALC-
GLOBAL and GPUCALCSHARED. To assess kernel efficiency,
we only examine a single kernel invocation (we do not use
batching) and do not analyze the other overheads. Table 1
shows the kernel response time and the total number of

threads (nGPU ) launched by the kernels to process the
datasets. nGPU is the product of the total number of blocks
launched by the kernel and the block size (set to 256). We
use ε = 0.2 on the datasets with ∼ 2 × 106 data points,
and ε = 0.07 with ∼ 5 × 106 data points. We decrease ε
with increasing |D| because when the number of data points
increases, points are more likely to be chained together,
generating fewer clusters.

Comparing the response times in Table 1, GPUCALC-
SHARED performs worse than GPUCALCGLOBAL on all
datasets but SW1. The GPUCALCGLOBAL kernel assigns a
single thread to find the ε-neighborhood of a point, thus
the total number of threads required to process the kernel
is roughly the same as the number of points in the dataset.
With GPUCALCSHARED, a block is assigned to process each
non-empty grid cell. Comparing the total number of threads
across the datasets (nGPU ), Table 1 shows that GPUCALC-
SHARED uses far more threads than GPUCALCGLOBAL,
and that a smaller ε value requires more threads because
there are more non-empty cells. However, with smaller grid
cells there are fewer points per cell, thus diminishing the
opportunity to exploit shared memory. Furthermore, the
occupancy of GPUCALCSHARED is lower than the GPU-
CALCGLOBAL kernel, thus reducing throughput.

The threads in a block are assigned a cell in GPU-
CALCSHARED; therefore, they will have more coalesced
memory accesses than GPUCALCGLOBAL, as they page
the points from an adjacent cell into shared memory. Also,
each block of threads in GPUCALCSHARED will have
similar instruction flows. Thus, the warp execution and
global load efficiency is higher for GPUCALCSHARED than
GPUCALCGLOBAL. Despite these performance advantages,
GPUCALCSHARED is still generally slower due to lower
occupancy and the larger total number of threads needed.

The SW4 dataset has many over-dense regions, whereas
SDSS2 is more uniformly distributed. We compare SW4
to SDSS2 (as they have roughly the same number of
points). We see that GPUCALCGLOBAL is 90.2% faster than
GPUCALCSHARED on SW4, and 1683% faster on SDSS2.
Since SDSS2 is more uniform, there are more grid cells
containing points, thus requiring more thread blocks. The
performance of GPUCALCSHARED is more sensitive to the
data distribution, performing better on spatially skewed
datasets. Furthermore, to reduce overhead, a block size
should ideally be chosen to reflect the average data density,
and we used a moderate value of 256. Overall however,
GPUCALCSHARED performs poorly; therefore, in all that
follows, we use GPUCALCGLOBAL.

As discussed in Section 6, we use a batching scheme
to overlap computation and data transfers between the
host and GPU. With the exception of the results presented
Table 1, we use a minimum of three streams (and batches)
which requires asynchronous data transfers and pinned
memory. Table 2 compares data transfer overheads to the
total execution time of the kernels (nb = 3 for all datasets).
While the kernels are executed in serial (i.e., their execution
on the GPU cannot be overlapped), the data transfers occur
concurrently with GPU computation. Table 2 shows that the
total time for data transfers is less than the time to execute
the GPUCALCGLOBAL kernels for a given dataset; how-
ever, these data transfers are at least partially overlapped
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TABLE 1: Scenario 1 (S1) & kernel efficiency. The theoretical and achieved occupancy, warp execution efficiency, and global
load values are given in percentages. Comparing the values in bold illuminates the poor performance of GPUCALCSHARED
in comparison to GPUCALCGLOBAL.

GPUCALCGLOBAL GPUCALCSHARED
Dataset ε Kernel

Time
(ms)

nGPU Occupancy (%)
Theoretical
(Achieved)

Warp
Exec.

Eff. (%)

Global
Load
(%)

Kernel
Time
(ms)

nGPU Occupancy (%)
Theoretical
(Achieved)

Warp
Exec.

Eff. (%)

Global
Load
(%)

SW1 0.2 515.476 1,864,704 75 (66.5) 58.4 20.6 495.146 37,409,792 62.5 (58.7) 77.0 40.4
SW4 0.07 520.806 5,159,936 75 (66.1) 56.0 20.5 990.816 255,272,704 62.5 (58.4) 72.6 44.9

SDSS1 0.2 73.408 2,000,128 75 (67.5) 54.9 22.0 429.064 110,757,120 62.5 (59.1) 70.8 45.6
SDSS2 0.07 75.202 5,000,192 75 (68.1) 45.0 19.9 1340.64 649,954,560 62.5 (59.6) 79.8 48.4

TABLE 2: Scenario 1 (S1) & data transfer overhead. GPU-
CALCGLOBAL is executed with three batches for each
dataset. The total time to execute the GPUCALCGLOBAL
kernels, the time needed to transfer the result set over PCIe,
and bandwidth utilization, are reported for a single trial.

Dataset ε Kernel Time
(ms)

Data Transfer
Time (ms)

Mean Rate
(GB/s)

SW1 0.2 561.317 215.995 9.866
SW4 0.07 572.648 195.690 10.007

SDSS1 0.2 76.811 29.535 9.383
SDSS2 0.07 77.270 23.836 10.328

with computation on the GPU. Therefore, the overhead is
less than that elucidated in Table 2. We report the mean
bandwidth utilization, and find that the pinned memory
data transfers are able to saturate a majority of the band-
width over PCIe v.3. Thus, result set data transfers are
not a significant bottleneck, and future bandwidth increases
will improve the relative performance of HYBRID-DBSCAN.
Furthermore, as nb increases, there is more opportunity to
overlap data transfers with computation. Since these data
transfers occur with the smallest value of nb possible, the
ratio of computation to data transfer overhead is likely to be
higher when nb > 3.

The kernel times in Table 1 are slightly lower than
Table 2, as we launch 3 kernels for the results in Table 2
to overlap data transfers and computation. The greater
total kernel response times are due to the overhead of
launching the additional kernels, and the loss of continuity
in the computation. However, the performance gain from
overlapping data transfers and computation outweighs the
relatively small increase in total kernel execution time.

7.4 Performance of Hybrid-DBSCAN
As shown in Figure 1, performance is independent of minpts.
Thus, in this section, we will focus on only varying ε.

TABLE 3: Scenario 2 (S2).

Dataset vεi Dataset vεi
SW1 {0.1, 0.2, . . . , 1.5} SW4 {0.1, 0.15, . . . , 0.5}

SDSS1 {0.1, 0.2, . . . , 1.5} SDSS2 {0.1, 0.15, . . . , 0.5}
SDSS3 {0.06, 0.07, . . . , 0.13} v

minpts
i = {4} for all datasets.

We assess HYBRID-DBSCAN (Algorithm 1) as compared
to the reference implementation. As shown in Table 3 (S2),
we individually execute HYBRID-DBSCAN for 15 different
parameters for SW1 and SDSS1, and 9 for SW4 and SDSS2,
and 8 for SDSS3. Figure 2 plots the response time vs. ε. As
ε increases, there are more distance calculations and larger

result set sizes. The red curve shows the total time to execute
HYBRID-DBSCAN, and the green and blue curves show the
time required to construct T (the majority occurs on the
GPU) and execute the modified version of DBSCAN, respec-
tively. The time to construct T is roughly the same to execute
DBSCAN across all datasets and ε values. Also, HYBRID-
DBSCAN outperforms the reference implementation even
with small values of ε and the smallest datasets (SW1 and
SDSS1). This is an interesting result because the GPU is
usually ill-suited to small problem sizes. This suggests that
despite slow host-GPU data transfers, HYBRID-DBSCAN is
relevant across a broad range of application scenarios.

7.5 Multi-clustering Pipeline

Some applications may require executing DBSCAN for a
range of input parameters. To maximize clustering through-
put, we pipeline the construction of T and the DBSCAN
phases of Algorithm 1 in a producer-consumer fashion;
one thread executes lines 4-6 in Algorithm 1 for all of the
variants in scenario S2 (see Table 3) and another takes T
as input into DBSCAN (line 7). The host computes T (for
a single ε) spawns 3 threads for batching (as described
in Section 6), and up to 3 threads that can consume T
for executing DBSCAN (although producing T and running
DBSCAN require roughly the same response time, as shown
in Figure 2). In the pipelined approach, when the modified
DBSCAN algorithm is being executed for vi on the CPU, T
is being computed for vi+1, as shown in Figure 3.

We find that pipelined HYBRID-DBSCAN is between
41.8% (SW1) and 66.5% (SDSS3) faster than the non-
pipelined algorithm. To achieve an optimal performance
gain from the pipelined implementation, there would need
to be perfect load balancing between CPU and GPU com-
ponents, as depicted in Figure 3. Since the GPU needs to
be executed before the CPU, it is impossible to achieve
a pipelined execution that is 100% faster than the non-
pipelined approach. The optimal pipelined response time
(T opt) is calculated from the non-pipelined approach below:

T opt = Tnp · [(|V |+ 1)/(2|V |)], (2)

where Tnp is the non-pipelined response time, and |V |
is the number of variants executed (see Table 3).

Speedups over the reference implementation and non-
pipelined version are shown in Table 4. Comparing the
SW- and SDSS- datasets, both versions of HYBRID-DBSCAN
perform comparatively better on SDSS-. Furthermore, in
comparison to the optimal pipeline response time calculated
by Equation 2, SW1 was 32.26% from the optimal pipelined
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Fig. 2: Response time vs. ε for HYBRID-DBSCAN and the reference implementation on scenario S2. GPU time refers to the
time required to construct T , part of which occurs on the host.

TABLE 4: Speedup using Pipelined HYBRID-DBSCAN on S2.

Speedup Pipelined vs. Speedup Pipelined vs. Time (s) Time (s) Time (s)
Dataset Ref. Implementation Non-Pipelined Non-Pipelined Optimal Pipelined (T opt) Pipelined % from Optimal

SW1 3.36 1.42 623.40 332.48 439.77 32.26
SW4 3.81 1.45 418.86 232.70 288.27 23.88

SDSS1 3.48 1.56 113.50 60.53 72.69 20.09
SDSS2 4.04 1.60 64.67 35.93 40.40 12.45
SDSS3 5.13 1.66 67.27 37.84 40.40 6.79

v1
v2
v3
v4
. . .

GPU CPU
GPU CPU

GPU CPU
GPU CPU

GPU CPU

Time

Fig. 3: Illustration of the pipelined execution. The neighbor
table, T , is computed on the GPU for vi+1, while the CPU
performs the point assignment (modified DBSCAN) for vi.
This figure depicts the optimal case where the CPU and
GPU components have perfect load balancing.

response time, whereas SDSS3 was only 6.79% from the
optimal response time.

In comparison to the reference implementation, the
largest dataset, SDSS3, yields the greatest performance gain,
suggesting that the performance of the R-tree begins to de-
grade with larger datasets, unlike HYBRID-DBSCAN which
uses the grid-based index.

7.6 Exploiting Data Reuse
In the last section, we varied ε and kept minpts fixed
(although minpts could have been varied, performance is
driven by ε); therefore, each variant vi required a different
T . However, if ε is fixed and minpts is varied, then T
can be used for all values of minpts. This is the opposite
configuration of OPTICS [32], where minpts is fixed and ε
is varied. Table 5 outlines scenario S3 where each dataset
has a fixed ε and 16 values of minpts. In this scenario, T is
computed once, and then up to 16 threads use it as input
into DBSCAN for differing values of minpts.

Figure 5 in our previous work [2] shows the response
time vs. the number of threads used to execute the 16
variants on the datasets in S3. The difference between same
color curves indicates the time to compute T . Executing
HYBRID-DBSCAN between 1 and 16 threads, we find that
the speedup ranges from 4.37× (ε = 0.3) to 6.07× (ε = 0.7)
on SW1, and it ranges from 2.89× (ε = 0.3) to 5.1× (ε = 0.7)

TABLE 5: Scenario 3 (S3).

Dataset vεi v
minpts
i

SW1 {0.3} {10, 20, 30, 40, 50, 60, 70, 80, 90, 100,
200, 400, 800, 1000, 2000, 3000}

SW1 {0.5} ''
SW1 {0.7} ''
SW4 {0.1} ''
SW4 {0.2} ''
SW4 {0.3} ''

SDSS1 {0.3} {5, 10, 15, 20, 25, 30, 35, 40, 45, 50,
55, 60, 65, 70, 75, 80}

SDSS1 {0.5} {5, 10, 20, 30, 40, 50, 60, 70, 80, 90,
100, 110, 120, 130, 140, 150}

SDSS1 {0.7} ''
SDSS2 {0.2} ''
SDSS2 {0.3} ''
SDSS2 {0.4} ''
SDSS3 {0.07} {5, 10, 15, 20, 25, 30, 35, 40, 45, 50,

55, 60, 65, 70, 75, 80}
SDSS3 {0.11} ''
SDSS3 {0.15} ''

on SDSS1. Larger values of ε achieve a bigger performance
improvement across the datasets.

Figure 4 plots the speedup of HYBRID-DBSCAN using
16 threads with a single T over individually clustering sce-
nario S3 with the reference implementation. Reusing T to
cluster multiple values of minpts leads to a relative speedup
between 27×–54×. This shows the utility of reusing T to
maximize clustering throughput when using the GPU.
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Fig. 4: Speedup over the reference implementation when
reusing a single T with a fixed ε on scenario S3.
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7.7 Performance Model
As was shown in Section 7.4, the performance of HYBRID-
DBSCAN (and DBSCAN) degrades with increasing ε. This is
because as ε increases, the spatial search radius increases
requiring more computation to find the neighbors within ε
of a given point. In HYBRID-DBSCAN, this yields a larger
neighbor table that needs to be sent back to the host for
subsequent point assignment.

The size of the neighbor table, T , may be a good overall
indicator of the quantity of work that will be executed by the
GPU. Because the size of the neighbor table is a function of
both ε and properties of the dataset (number of data points
and spatial data distribution), it is not possible to estimate
the size of the neighbor table without metrics regarding a
given dataset.

Figure 5 shows the average number of neighbors as a
function of ε and the area of the ε-neighborhood for (a) SW1
and (b) SDSS1 (other datasets omitted as they are similar).
The figure shows that the average number of neighbors
increases linearly with the area of the ε-neighborhood.
Therefore, with a linear increase in area defined by ε, there
will be a linear increase in the size of the neighbor table, T .
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Fig. 5: The mean number of neighbors of each point in
datasets (a) SW1 and (b) SDSS1 vs. ε (bottom horizontal
axis), and area (top horizontal axis). The mean number of
neighbors in a dataset grows linearly with the ε-area.

7.7.1 Model Components
Given that the amount of work on the GPU may increase
linearly as a function of area (Figure 5), we advance a
performance model that scales with area. Let TTotal be the
total modeled response time, TGPU be the modeled time
for the GPU component of HYBRID-DBSCAN, and TCPU be
the modeled time required for the CPU component of the
algorithm (the point assignment after the neighbor table has
been computed). Therefore, the total modeled response time
is of the following form: TTotal = TGPU + TCPU .

From Figure 2, the CPU and GPU components of
HYBRID-DBSCAN are nearly equal. Thus, we set TCPU =
TGPU . For other platforms, there will be a similar ratio be-
tween the average time required for each of the CPU to GPU
components of HYBRID-DBSCAN and this is entirely plat-
form dependent. As a result, we obtain TTotal = 2TGPU .

7.7.2 GPU Component
As mentioned above, the total amount of work should be
proportional to the size of the neighbor table, T . Therefore,

we aim to predict the response time of HYBRID-DBSCAN
for any relevant value of ε by using only measured values
from a single HYBRID-DBSCAN execution, corresponding to
a single ε value. As was shown in Figure 1, performance is
not dependent on the minpts parameter.

We define several measured quantities that will be used
in the performance model that are a function of the dataset
and the value of ε, and thus need to be determined empiri-
cally. We denote the following measured values for a given
ε value and dataset as follows:
•mε – the value of ε selected for executing HYBRID-DBSCAN
to collect the empirical values for the model (parameters
shown below).
•v(mε) – the average number of neighbors in a dataset for
mε (see Figure 5).
•a(mε) – the area defined by the value of mε, which is the
radius of the ε-neighborhood, a(mε) = π(mε)

2.
•T (mε) – is the response time to execute the GPU compo-
nent of HYBRID-DBSCAN with mε.
•θ(mε) – the time required for pinned memory allocation
for the result set buffers when using mε.

Let the the performance model for the GPU be denoted
as: TGPU (ε,mε) = θ(mε) + πε2(α · β), where the time is
estimated for a given ε value. We define α = v(mε)/a(mε),
where for a given mε, this is the ratio of the average number
of neighbors to the area defined by mε. Next, we define
β = (T (mε) − θ(mε))/v(mε), which is the ratio of the
response time to execute the GPU component of HYBRID-
DBSCAN to the average number of neighbors in the dataset
for a given mε, without the overhead of pinned memory
allocation. The pinned memory is allocated once and then
used for transferring the results for multiple batches to
incrementally build the neighbor table; therefore, it needs to
be removed from T (mε), such that this overhead component
does not scale with area. The expanded performance model
is as follows:

TGPU (ε,mε) = θ(mε) + πε2
(
T (mε)− θ(mε)

a(mε)

)
. (3)

Thus, with all of the measured quantities for a given
mε and dataset: θ(mε), v(mε), a(mε), and T (mε), the GPU
response time is modeled as a function of ε, where the
model, TGPU , scales with area defined by ε. Note that in
Equation 3, when mε = ε, then TGPU (ε,mε) = T (mε),
i.e., the modeled and measured times are equal. All of
the measured quantities can be recorded after executing
HYBRID-DBSCAN once for a given mε value.

7.7.3 Model Evaluation
Figure 6 (a) shows the measured GPU response time and
modeled response time (TGPU ) vs. area on the SW1 dataset
(the response times are also shown in Figure 2 (a) vs. ε).
Different models are shown for varying mε. Recall that for a
givenmε, the set of model parameters are obtained and used
as input into Equation 3. From Figure 6 (a), if we execute
HYBRID-DBSCAN and use the parameters for a small value
of ε, such as mε = 0.1, the performance model significantly
overestimates the response time for larger values of ε. This
is because the ratio of work performed on the GPU to the
overheads associated with using the GPU is lower for low
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Fig. 6: Comparison of the modeled (TGPU ) vs. actual GPU
response time as a function of area. (a) Family of models for
SW1, where different selections of mε are shown. (b) is the
same as (a) but focusing on smaller areas and low and high
values ofmε. Low values ofmε overestimates response time,
whereas a high value of mε will underestimate the response
time for small areas defined by ε.

values of ε in comparison to higher values of ε. However,
when mε ≥ 0.9, the model is in good agreement with the
measured response time. Figure 6 (b) highlights low values
of ε in Figure 6 (a). When selecting a higher value of ε to use
as input to the model, such as mε = 1.5, for smaller values
of ε, the model slightly underestimates the response time.
This is due to the above mentioned reason, that the ratio of
computation on the GPU to the associated overhead is lower
for larger ε values. Thus, the linear scaling as a function of
area does not fully capture this effect.

Figure 7 compares the performance model to the mea-
sured response times as a function of area (instead of ε as
shown in Figure 2) for each dataset. In the figure, we only
select a single performance model, computed by executing
HYBRID-DBSCAN for the respective values of ε. The param-
eters are summarized in Table 6. The GPU components of
the models for SW1 and SW4 (Figure 7 (a)-(b)) exhibit a
high degree of accuracy, as the median difference between
the measured and modeled response times is at most 5.05%.
The largest differences between the model and measured
values occurs at low ε values. For instance, on SW1 the
largest difference is 35.34% and occurs at ε = 0.2. This
is because the model was generated using mε = 1.5, and
it has higher pinned memory overhead (θ(mε) parameter)
than the overhead which would have occurred for allocating
pinned memory buffers for ε = 0.2. As described in Sec-
tion 6, the buffers for batching the results are allocated based
on the estimate of the total size of the neighbor table. For a
low value of ε, there will be smaller memory allocations for
the buffers.

The median percentage difference between the GPU
model (TGPU ) and measured values on the SDSS- datasets
are 15.31% (SDSS1), 11.81% (SDSS2), and 10.49% (SDSS3);
therefore, the simple linear performance model is consistent
with the observed measurements. The dataset with the
greatest number of points (SDSS3) is the most accurate of
the SDSS- datasets, which was also observed for the SW-
datasets. The worst difference between the measured and
modeled response times was 365% on the SDSS1 dataset,
corresponding to ε = 0.1. Like the model of SW1 described
above, this is due to the θ(mε) parameter used.

We have shown that a performance model that scales
with area can broadly capture the performance behavior of
the GPU component of HYBRID-DBSCAN (TGPU ). However,
achieving good accuracy across all values of ε is challenging,
due to the following reasons. (i) For low values of ε, smaller
buffers are allocated. Otherwise, the total response time
would be dominated by pinned memory allocation. Thus,
when predicting the model response time of a low value of
ε when using the model parameters determined by a higher
value of mε, the response time will be overestimated by
the θ(mε) parameter. (ii) When comparing two datasets of
roughly the same size, SW1 and SDSS1 (Figure 7 (a) and
(c)), we observe that SW1 requires more computation (and
a larger neighbor table) than SDSS1, due to larger point
overdensities in the dataset. Therefore, the overheads as-
sociated with the GPU are largely amortized in SW1 due to
the larger total number of batches required in comparison to
SDSS1. Since the performance model assumes that the total
work scales with area and does not account for the GPU
overheads, performance models of datasets with smaller
sized neighbor tables are less accurate, as shown on SDSS1.

In the performance model, the aim was to empirically
measure the model parameters from a single execution of
HYBRID-DBSCAN to compute the algorithm response time
for other ε values. We note parenthetically that to improve
the accuracy of modeling small values of ε, it would be
straightforward to take two measurements of the model
parameters for small and large values of ε (two mε values
and associated parameters). However, this would incur the
expense of executing HYBRID-DBSCAN twice to measure
these parameters.

8 DISCUSSION

Due to the PCIe interconnect, this work relied on pinned
memory allocation to improve the speed of data transfers
between host and GPU. These memory buffers incur a
significant amount of allocation overhead that is amortized
when a large number of batches are required to transfer data
from the GPU to the host. For small datasets and small val-
ues of ε (small workloads), we have shown that the pinned
memory allocation is a significant overhead (Section 7.7.3).
While the overhead is not prohibitive, there is a trade-off
between: (i) faster data transfers using pinned memory; and
(ii) slower data transfers, but without the pinned memory
allocation overhead. We have not explored this trade-off, but
such an optimization would improve the response time of
HYBRID-DBSCAN, particularly on small workloads.

Future interconnects, such as NVLink [33], may reduce
the need to use pinned memory in some applications, as
NVLink may diminish the current data transfer bottleneck.
Determining memory management optimizations will de-
pend on the characteristics of the workload.

This work has focused on 2-D datasets as they are
the most common spatial dataset used for clustering and
other spatial data analytic applications. However, HYBRID-
DBSCAN at higher dimensions is an open question. There is
a well-known problem that as data dimensionality increases,
the search of an index becomes increasingly exhaustive,
due to the curse of dimensionality [34]. Depending on the
index used, this can degrade index performance at high
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(b) SW4, mε = 0.5
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(c) SDSS1, mε = 1.5
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(d) SDSS2, mε = 0.4
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Fig. 7: Response times vs. model (TGPU , and TTotal) as a function of area for each dataset. We plot a single model using
the values of mε shown above (see Table 6 for additional model parameters).

TABLE 6: GPU model parameter values and accuracy overview. The model accuracy statistics exclude the model prediction
for TGPU (ε,mε), where ε = mε, as the difference is 0%.

Dataset mε v(mε) a(mε) (units2) T (mε)(s) θ(mε)(s)
TGPU Model Accuracy

(% Difference)
Best Worst Median

SW1 1.5 5818.84 7.069 50.61 0.98 0.819 35.34 5.05
SW4 0.5 2027.41 0.785 50.28 0.98 0.985 25.99 4.56

SDSS1 1.5 851.25 7.069 8.28 0.98 0.574 365.0 15.31
SDSS2 0.4 158.07 0.503 4.98 0.98 0.846 53.24 11.81
SDSS3 0.1 32.48 0.031 4.44 0.98 2.165 16.26 10.49

dimensionality to the extent that a brute force comparison
between all data points is as efficient as using an index.
However, this has been shown to only be the case for
much higher dimensional data than is common for lower
dimensional spatial datasets. For instance, [17] showed that
a GPU R-tree outperforms other indexing schemes when
there are fewer than 16 dimensions.

In high dimensionality, the memory footprint of the
grid index would be intractable when indexing all cells. To
obviate this problem in high dimensionality, we can instead
store only those cells that are non-empty. That is, given an ε-
neighborhood query in higher dimensions, a list of “logical
cells” can be generated to determine which adjacent cells
may contain points that may be within ε. However, this set
of logical cells can be compared to the non-empty cells, by
taking the intersection of the two sets of cells. The result
will be the list of non-empty cells that contain data points
that may be within ε of the point. This strategy ensures that
the space required for the index is proportional to the data
distribution of the dataset, and limits memory usage, which
can be prohibitive to GPU indexing methods. Indeed, this
method was shown in Gowanlock & Casanova [22] for in-
dexing 4-D trajectories. Thus, while we we limit our analysis
to 2-D datasets in this work, a grid-based index has been
shown to be applicable for data of greater dimensionality.

9 CONCLUSIONS

This work departs from related GPU-accelerated DBSCAN
research by performing the ε-neighborhood searches on the
GPU and point assignment on the CPU. This approach
has the added benefit of allowing clustering throughput
optimization for a range of clustering parameters. Despite
the host-GPU data transfer bottleneck, our efficient batch-
ing scheme can overcome this bottleneck, and also yields
concurrent computation on the CPU and GPU, and overlaps

this computation with host-GPU data transfers. The perfor-
mance of HYBRID-DBSCAN and other hybrid data analy-
sis algorithms are likely to improve over CPU algorithms
through increases in global memory bandwidth, and host-
GPU bandwidth (such as NVLink [33]).

Future work directions include reexamining the size of
ε; a smaller ε may allow skipping distance calculations
where there are very dense regions of points (as in the
related work [6]), and integrating the work into a distributed
memory implementation.
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[19] C. Böhm, R. Noll, C. Plant, and A. Zherdin, “Index-supported
similarity join on graphics processors.” in BTW, 2009, pp. 57–66.

[20] J. Zhang, S. You, and L. Gruenwald, “U2STRA: High-performance
Data Management of Ubiquitous Urban Sensing Trajectories on
GPGPUs,” in Proc. of the ACM Workshop on City Data Management,
2012, pp. 5–12.

[21] M. Gowanlock and H. Casanova, “Indexing of Spatiotemporal
Trajectories for Efficient Distance Threshold Similarity Searches
on the GPU,” in Proc. of the 29th IEEE Intl. Parallel & Distributed
Processing Symposium, 2015, pp. 387–396.

[22] ——, “Distance Threshold Similarity Searches: Efficient Trajectory
Indexing on the GPU,” IEEE Transactions on Parallel and Distributed
Systems, vol. 27, no. 9, pp. 2533–2545, 2016.

[23] T. D. Han and T. S. Abdelrahman, “Reducing branch divergence
in GPU programs,” in Proc. of the 4th Workshop on General Purpose
Processing on Graphics Processing Units, 2011, pp. 3:1–3:8.

[24] N. Bell and J. Hoberock, “Thrust: a productivity-oriented library
for CUDA,” GPU Computing Gems: Jade Ed., 2012.
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[26] C. Böhm, R. Noll, C. Plant, and A. Zherdin, “Index-supported
Similarity Join on Graphics Processors,” in BTW, vol. 144, 2009,
pp. 57–66.

[27] B. He, K. Yang, R. Fang, M. Lu, N. Govindaraju, Q. Luo, and
P. Sander, “Relational joins on graphics processors,” in Proceedings
of the 2008 ACM SIGMOD international conference on Management of
data. ACM, 2008, pp. 511–524.

[28] D. Schaa and D. Kaeli, “Exploring the multiple-gpu design space,”
in IEEE Intl. Parallel & Distributed Processing Symposium, 2009, pp.
1–12.

[29] V. Pankratius, A. Coster, J. Vierinen, P. Erickson, and B. Rideout,
GPS Data Processing for Scientific Studies of the Earth’s Atmosphere
and Near-Space Environment. Springer International Publishing,
2015, pp. 1–12.

[30] S. Alam et al., “The Eleventh and Twelfth Data Releases of the
Sloan Digital Sky Survey: Final Data from SDSS-III,” The Astro-
physical Journal Supplement Series, vol. 219, p. 12.

[31] ftp://gemini.haystack.mit.edu/pub/informatics/dbscandat.zip,
accessed 20-October-2016.

[32] M. Ankerst, M. M. Breunig, H.-P. Kriegel, and J. Sander, “Optics:
Ordering points to identify the clustering structure,” in Proc. of the
ACM SIGMOD Intl. Conf. on Management of Data, 1999, pp. 49–60.

[33] D. Foley and J. Danskin, “Ultra-Performance Pascal GPU and
NVLink Interconnect,” IEEE Micro, vol. 37, no. 2, pp. 7–17, 2017.

[34] R. E. Bellman, Adaptive control processes: a guided tour. Princeton
university press, 1961.

Michael Gowanlock is an assistant professor in
the School of Informatics, Computing & Cyber
Systems at Northern Arizona University. He re-
ceived a Ph.D. in computer science at the Uni-
versity of Hawai‘i. He was a postdoctoral asso-
ciate at MIT Haystack Observatory. His research
interests include parallel data-intensive comput-
ing, and astronomy.

Cody M. Rude received a Ph.D. in Physics from
the University of North Dakota. He is currently
a Postdoctoral Associate at the MIT Department
of Earth, Atmospheric and Planetary Sciences.
Research interests include Galaxy Clusters, In-
formatics, and Geodesy.

David M. Blair is a scientific computing coordi-
nator at Brown University. He received a Ph.D.
in Earth, Atmospheric, and Planetary Sciences
from Purdue University. He was a postdoctoral
associate at the MIT Haystack Observatory. Re-
search interests include planetary geophysics,
space exploration, and geoscience informatics.

Justin D. Li received his Ph.D. in Electrical En-
gineering from Stanford University, completed
postdoctoral research at MIT Haystack Observa-
tory, and is now an AAAS Science & Technology
Policy Fellow in Washington, D.C. His research
interests cover the intersections between sig-
nal processing, machine learning, and the geo-
sciences.

Victor Pankratius received a doctorate in 2007
and a Habilitation in computer science from Karl-
sruhe Institute of Technology, Germany, in 2012.
His research interests include parallel comput-
ing in data science and machine learning. Cur-
rently is a principal research scientist at the Mas-
sachusetts Institute of Technology, Kavli Institute
for Astrophysics and Space Research, where he
leads the Data Science in Astro-Geoinformatics
group.

http://doi.acm.org/10.1145/2503210.2503262
ftp://gemini.haystack.mit.edu/pub/informatics/dbscandat.zip

	Introduction
	Background
	The DBSCAN Algorithm
	Related Work

	Motivation and Problem Statement
	Indexing Methods
	Global Memory Kernel
	Shared Memory Kernel

	Algorithm Overview
	Efficient Batching Scheme
	Experimental Evaluation
	Datasets
	Experimental Methodology
	Kernel Efficiency and Overheads
	Performance of Hybrid-DBSCAN
	Multi-clustering Pipeline
	Exploiting Data Reuse
	Performance Model
	Model Components
	GPU Component
	Model Evaluation


	Discussion
	Conclusions
	References
	Biographies
	Michael Gowanlock
	Cody M. Rude
	David M. Blair
	Justin D. Li
	Victor Pankratius


