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Abstract

Large-scale spatial data mining contains two performance bottlenecks: iterative high-
dimensional distance computation and irregular polygon verification. This study develops
a Spark-compatible CPU-GPU acceleration framework for K-Means clustering and polygon
spatial join. Spark is retained for data ingestion, partitioning, scheduling, and result
reconstruction, whereas CUDA executes the dominant numerical and geometric kernels.
SGK-Means combines flattened array communication, unified index mapping, K-Means++
initialization, Yinyang bound filtering, and a single Spark partition plus single-GPU strategy
for the iterative clustering loop. SG-Join integrates CUDA refinement into Apache Sedona
through Spark-side KD-Tree partitioning, GPU-side equal-grid indexing, MBR filtering,
point-in-polygon (PIP) verification, edge-intersection (EI) verification, duplicate removal,
and CUDA dynamic parallelism. Runtime is reported as end-to-end wall-clock time,
including data conversion and host-device transfer. On the RTX6000 SGK-Means setting,
the maximum speedup is 247.19 and the geometric-mean speedup is 6.21 across the sixteen
dataset-k configurations; the Tesla A40 hardware comparison reports a maximum speedup
of 270.15 on Higgs with k = 10,000. For SG-Join, the maximum speedup is 3.90 and the
geometric-mean speedup is 1.99 across dataset and CPU-core settings. A configuration-
level exact sign-test check is added for the retained paired runtime records, while the
evaluation still distinguishes this directional check from repeated-run uncertainty analysis.
These results indicate that Spark-GPU cooperation improves CPU-baseline runtime when
the data layout, communication path, and CUDA kernels are matched to the dependency
structure of each algorithm. The conclusion is restricted to the evaluated datasets, hardware
settings, and baseline protocols. The revised evaluation treats output equivalence, run-to-
run uncertainty, partial component sensitivity, and GPU-alternative comparison as explicit
scope controls rather than as unsupported correctness or statistical-superiority claims.

Keywords: symmetry-aware computing; spatial data mining; Spark-GPU acceleration;
heterogeneous computing; K-Means clustering; polygon spatial join; CUDA; Apache
Sedona; Yinyang filtering; spatial partitioning

1. Introduction
The rapid deployment of mobile Internet services, 5G networks, sensing infrastruc-

tures, vehicle positioning systems, remote sensing platforms, and location-aware appli-
cations has changed geospatial data processing from a conventional database task into a
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large-scale high-performance computing problem. Spatial objects are continuously pro-
duced as points, trajectories, raster blocks, building footprints, administrative polygons,
road networks, and thematic layers. These data streams support urban planning, traffic
analysis, surveying and mapping, energy management, land monitoring, and commer-
cial location analytics. The technical requirement behind these applications is not only
storage capacity but also low-latency extraction of spatial patterns from massive and
heterogeneous datasets.

Traditional spatial analysis pipelines were designed for single-machine execution or
for centralized CPU-oriented database engines. Such designs become inefficient when
the number of objects, the dimensionality of attributes, or the geometric complexity of
polygons increases. The major bottlenecks include limited memory bandwidth, high latency
in iterative computation, insufficient throughput for pairwise geometric predicates, and
weak scalability under uneven spatial distributions. In spatial clustering, each iteration
requires repeated distance computation between a large number of samples and cluster
centroids. In polygon spatial join, each object from one layer may need to be tested against
a large number of objects from another layer, and every candidate pair may further require
exact geometric verification.

Distributed big-data frameworks such as Apache Spark 3.5.1 reduce the limitations
of a single machine by partitioning data and scheduling tasks across multiple executors.
However, pure CPU-based distributed execution does not always deliver proportional
speedup for spatial data mining. Iterative algorithms introduce synchronization and shuffle
overheads. Polygon operations introduce irregular workloads because different polygons
contain different numbers of vertices and occupy different spatial extents. As a result,
CPU parallelism alone may be unable to convert data-level parallelism into sufficient
runtime reduction.

Heterogeneous computing provides a direct engineering path for this problem [1,2].
CPU cores are effective for control-dominant operations such as data loading, partitioning,
task scheduling, and result aggregation, whereas GPUs provide massive fine-grained paral-
lelism and high memory bandwidth for regular numerical kernels. A Spark-GPU platform
can therefore map scheduling-intensive tasks to Spark and computation-intensive kernels
to CUDA. This mapping is asymmetric at the hardware level but symmetry-aware at the
algorithmic level: homogeneous data points, centroid comparisons, grid cells, and polygon-
pair candidates are transformed into balanced and repeatable parallel tasks whenever the
data structure permits.

The key difficulty is that adding GPUs to Spark does not automatically accelerate
spatial data mining. Data must cross the Java/C/CUDA boundary, host-device transfer
must be controlled, and GPU kernels must respect memory hierarchy and thread hierar-
chy [3,4]. An inefficient design can spend more time in serialization, format conversion,
and inter-device communication than it saves through parallel computation. Therefore, the
design target is a low-intrusion Spark-GPU execution path that preserves Spark-side data
processing while moving only the computationally dominant kernels to CUDA.

High-performance geospatial platforms have mainly evolved along distributed stor-
age, distributed indexing, and cloud-based spatial analytics. SpatialHadoop extends
Hadoop with spatial data types, spatial partitioning, spatial indexes, and spatial opera-
tors [5]. GeoSpark, later developed as Apache Sedona, extends Spark and provides spatial
RDDs, spatial SQL, spatial partitioners, and distributed spatial queries [6,7]. Cloud plat-
forms such as Google Earth Engine, Microsoft Azure geospatial services, and Sentinel Hub
provide scalable access to remote sensing and geospatial data-processing services [8,9].
These systems improve scalability for large datasets, but their core execution engines still
rely primarily on CPU-side distributed scheduling and CPU-side geometric processing [10].
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Heterogeneous big-data engines attempt to integrate GPUs into data-parallel frame-
works. HeteroSpark introduces a plug-in Spark-GPU acceleration mechanism for machine
learning workloads [11]. Spark-GPU extends Spark to support CPU-GPU hybrid analytics
and addresses data transfer, data layout, and scheduling [12]. GFlink integrates GPU
resources into a Flink-based in-memory computing architecture and introduces JVM-GPU
communication strategies, GPU caching, and adaptive scheduling [13]. RAPIDS provides
CUDA-accelerated primitives, GPU-enabled dataframes, and acceleration support for
selected Spark operations [14].

These platforms show that GPUs can accelerate big-data workloads, but generic
acceleration mechanisms are insufficient for complex spatial algorithms. Spatial mining al-
gorithms have specific data dependencies, memory-access patterns, pruning opportunities,
and correctness constraints. K-Means has simple data-level parallelism but severe iterative
synchronization pressure under distributed execution. Polygon spatial join has strong
pruning potential but requires exact verification after coarse filtering. Consequently, spatial
algorithms still require customized CUDA kernels, compact data layouts, and algorithm-
aware Spark-GPU data paths rather than direct reuse of a general GPU scheduler.

K-Means clustering has been parallelized using MapReduce, MPI, FPGA, and GPU
architectures [15,16]. MapReduce-based approaches distribute sample assignment and
centroid update across mappers and reducers, improving scalability for large datasets but
adding shuffle overhead in every iteration [17]. MPI-based approaches reduce commu-
nication by using message passing and collective operations, but the programmer must
explicitly manage synchronization and load distribution [18]. FPGA implementations
exploit hardware pipelines and low power consumption, but their flexibility is limited
when the data dimension, cluster number, or distance metric changes [19]. GPU implemen-
tations accelerate the distance-computation phase by mapping samples or sample-centroid
pairs to many threads, but they must control memory transfer and centroid-update reduc-
tions [20,21].

The Spark MLlib implementation of K-Means uses RDD partitioning, broadcast vari-
ables, and map-reduce aggregation to compute assignments and update centroids [22].
This design is convenient and robust for large datasets, but the iterative structure requires
repeated coordination among partitions. When the number of clusters is large, the assign-
ment phase becomes the dominant computation; when the dataset is distributed, each
iteration may also introduce communication overhead. Therefore, the central issue is not
whether K-Means can be parallelized, but where its iteration loop should be executed to
maximize computation throughput while minimizing synchronization.

Spatial join has also been studied under CPU-distributed and GPU-parallel settings.
CPU-distributed systems such as SpatialHadoop, GeoSpark, SpatialSpark, Simba, and
GeoMesa partition data and build spatial indexes to reduce unnecessary comparisons [23].
GPU-based methods accelerate point-in-polygon tests, edge intersection, spatial indexing,
and filtering-refinement pipelines [24,25]. Nevertheless, single-GPU spatial join is con-
strained by device memory, and pure CPU-distributed polygon spatial join can suffer from
high latency when object counts and polygon complexity grow. Polygon-to-polygon joins
are especially expensive because the candidate generation phase and the refinement phase
are both data-dependent [26].

Similar scalable data-processing demands can also be found in heterogeneous schedul-
ing, distributed coordination, climate and engineering modeling, smart manufacturing,
online platforms, computer vision, IoT systems, secure localization, sparse reconstruction,
scientific machine learning, and data-driven optimization [27–79]. In financial risk man-
agement, Zhang et al. developed AD-VGF, a generative-adversarial-network-based model
for credit-card risk identification in the digital economy, further demonstrating the need
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for scalable feature learning and reliable data-driven decision support [80]. These studies
further show that modern multi-source data mining requires efficient feature processing,
scalable execution, and reliable system deployment.

The main parallelization gaps are therefore algorithm-specific. For K-Means, dis-
tributed Spark execution may increase shuffle and synchronization cost during iterative con-
vergence checking. For polygon spatial join, single-GPU or pure CPU-distributed execution
may encounter memory limits, workload imbalance, spatial skew, and costly exact geometry
verification. A practical Spark-GPU spatial mining framework must handle both algorithms
with different mapping strategies rather than applying a single acceleration template.

A Spark-GPU platform should assign scheduling-intensive tasks to Spark and
computation-intensive kernels to CUDA. Spark handles data ingestion, partitioning, and
distributed scheduling, while CUDA executes arithmetic-intensive or geometry-intensive
kernels with regular thread-level independence. The closest related GPU systems, includ-
ing RAPIDS/cuML, GCMF, and SPADE, demonstrate the feasibility of GPU acceleration
for machine learning and spatial operators, but their execution models differ from the
low-intrusion Spark/JNI/CUDA integration studied here. Accordingly, this paper does
not frame the reported CPU-baseline speedups as superiority over all GPU systems. In-
stead, it evaluates whether two Spark-compatible operators can reduce wall-clock run-
time relative to the corresponding Spark MLlib and GeoSpark/Sedona workflows under
matched data-processing pipelines. SGK-Means targets high-k clustering workloads in
which sample-centroid distance evaluation dominates; SG-Join targets polygon join work-
loads in which candidate filtering, exact geometric verification, and partition-level load
imbalance dominate.

The key contributions are as follows. First, the paper gives an operational Spark-
GPU mapping principle in which task-level symmetry refers to homogeneous work units
executed by the same kernel template, while hardware asymmetry refers to assigning
control-intensive operations to CPUs and throughput-intensive kernels to GPUs. Second,
SGK-Means is implemented as a low-communication Spark-compatible GPU operator us-
ing one-dimensional arrays, unified indexing, K-Means++ initialization, Yinyang filtering,
and GPU-local convergence checking. Third, SG-Join is implemented as a Spark/Sedona-
compatible polygon join operator using Spark-side KD-Tree partitioning, GPU-side equal-
grid indexing, MBR pruning, PIP/EI refinement, duplicate removal, and dynamic par-
allelism. Fourth, the evaluation reports the acceleration conditions and the limitations
of the framework, including cluster number, dataset size, GPU device, partition number,
CPU-core setting, spatial dataset characteristics, speedup aggregation, and single-GPU
memory constraints.

2. System Model and Heterogeneous Computing Preliminaries
2.1. Parallel Performance Metrics and Optimization Objectives

The execution target is a heterogeneous data-processing pipeline in which Spark
performs host-side data operations and CUDA performs device-side computation. Runtime
is the primary performance variable because both evaluated algorithms are time-consuming
kernels in spatial data mining workflows. The most direct metric is speedup, which
compares the execution time of a baseline method with the execution time of the accelerated
method. Formula (1) defines the speedup index (S) and the derived runtime-change index
(RT) used in the revised tables. The baseline runtime is denoted by Tbaseline, and the
accelerated runtime is denoted by Taccelerated. A positive value of RT indicates runtime
reduction relative to the CPU baseline.

S = Tbaseline/Taccelerated; RT = (1 − 1/S) × 100% (1)
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Parallel efficiency evaluates the utilization of parallel resources when p processing
units are used. Formula (2) normalizes the speedup by the number of processors or
parallel execution units and gives the equivalent runtime-ratio expression. Although GPU
execution uses many more lightweight threads than CPU execution, the metric remains
useful for understanding why more partitions or more CPU cores do not always lead to
proportional acceleration.

Ep = S/p = Tbaseline/(p × Taccelerated) (2)

Scalability is interpreted as the ability of the algorithm to maintain or improve perfor-
mance when the dataset size, cluster number, polygon count, or partition count increases.
Amdahl-type reasoning is also relevant: acceleration is bounded by the portion of the exe-
cution path that remains serial or communication-dominated. In a Spark-GPU setting, the
serial and communication components include Spark scheduling, Java object preparation,
JNI conversion, host-device transfer, and result reconstruction. Therefore, the optimization
objective is not only to accelerate arithmetic kernels but also to reduce data movement and
avoid unnecessary synchronization.

Because the recorded experiments are end-to-end workflow timings, the current
evaluation does not decompose each run into separate serial, transfer, and GPU-kernel
fractions. Therefore, Amdahl-type reasoning is used here as a design constraint for re-
ducing communication and synchronization overhead, rather than as a fitted quantitative
performance model.

The two algorithms have different optimization priorities. SGK-Means focuses on
reducing iterative communication and redundant distance computation. SG-Join focuses
on reducing candidate pairs, balancing spatial workloads, and accelerating exact geometric
verification. Both algorithms are evaluated using runtime and speedup, while the discus-
sion also considers partition sensitivity, CPU-core sensitivity, GPU-device sensitivity, and
dataset-feature sensitivity.

2.2. Spark Execution Model and CPU-Side Task Scheduling

Spark represents distributed data through resilient distributed datasets and executes
programs through a DAG-based scheduling mechanism. An RDD is split into partitions,
and each partition is processed by tasks running inside executors. A user action triggers a
job, the DAG scheduler divides the job into stages according to dependency boundaries,
and the task scheduler assigns task sets to available executors. Narrow dependencies can be
executed locally, whereas wide dependencies introduce shuffle and require data movement
across executors.

Spark maintains the logical dataflow and controls task scheduling, while GPU kernels
are invoked only inside selected computational stages. This avoids rewriting the whole data-
processing pipeline and keeps compatibility with existing Spark/Sedona preprocessing.
For SGK-Means, Spark is deliberately prevented from distributing the iterative centroid-
update loop across many workers, because repeated cross-partition synchronization would
reduce the benefit of GPU acceleration. For SG-Join, Spark partitioning is retained because
spatial partitions can be processed independently before the final duplicate removal.

Partition number is a critical engineering parameter. Too few partitions may underuti-
lize available executors and GPUs, whereas too many partitions can increase scheduling,
serialization, and data-transfer overhead. Shuffle cost is especially important because
both algorithms contain operations that can generate global dependencies. The proposed
designs therefore choose different Spark-side strategies according to algorithm structure:
compact single-node GPU execution for SGK-Means and distributed partition-level GPU
execution for SG-Join.
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2.3. CUDA Memory and Thread Hierarchies for GPU Kernels

CUDA execution separates the host and the device. The host CPU launches kernels,
transfers data, and collects results. The GPU device executes kernels through streaming
multiprocessors, each of which schedules warps composed of 32 threads. The memory
hierarchy includes off-chip global memory, constant memory, texture/surface memory,
local memory, and on-chip registers and shared memory. Kernel performance strongly
depends on memory locality, coalesced access, occupancy, and the ratio of arithmetic
operations to memory transactions.

The CUDA memory model is directly relevant to both algorithms because data pre-
pared in Spark memory must be converted into device arrays, copied to global memory,
and then accessed by many threads. Shared memory is used only for data that must be
reused by threads within a block, such as local accumulators or temporary intersection
counts. Global memory stores the main flattened data arrays because the datasets are large
and must be visible to all kernels.

Table 1 now reports the actual memory-placement decisions used in the Spark-GPU
data path rather than a generic CUDA memory taxonomy. The table links each algorithmic
state variable to its preferred storage location, access pattern, implementation rationale,
and the overhead or correctness risk controlled by that design choice.

Table 1. Memory-placement decisions used in the Spark-GPU data path.

Algorithmic
State

Preferred
Device-Side Storage

Dominant Access
Pattern Reason for This Placement Risk Controlled

Flattened sample
matrix X Global memory

Coalesced
sequential reads by

sample-owned
threads

The matrix is large and
persists across assignment

iterations; contiguous
arrays avoid nested

Java-object traversal after
JNI transfer.

Serialization
overhead and
non-coalesced
object access

Centroid array C
Global memory, with

block-local reuse
when applicable

Repeated reads
during

sample-centroid
distance evaluation

Centroids are much smaller
than X but must remain
visible to all assignment

threads after each update.

Redundant
host-device transfer
during the iterative

loop

Assignment
labels P Global memory

One write per
sample and one

read during
convergence

checking

Only labels are returned to
Spark after convergence,
which keeps the output

compact.

Unnecessary
vector-level result

transfer

Bound arrays U
and L Global memory

Per-sample
read/write during

filtering

The Yinyang upper and
lower bounds must persist

across iterations and are
updated independently by

sample threads.

CPU-side scanning
of pruning states

Polygon vertices
and MBR arrays Global memory

Partition-local
indexed reads by

candidate-pair
threads

Variable-size polygon data
are flattened into arrays so
that GPU refinement can
operate without nested

spatial objects.

Irregular JVM
object traversal and

excessive
candidate-transfer

cost

Intersection
counters and

temporary flags

Shared memory and
registers

Block-local
accumulation and

predicate flags

Temporary values are small
and reused only within one

verification block.

Global-memory
contention during
PIP/EI refinement
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CUDA kernels are organized as grids, blocks, and threads. A grid contains multiple
blocks, and a block contains multiple threads. Threads within the same block can cooperate
through shared memory and synchronization, whereas blocks are scheduled independently.
This hierarchy is used in SGK-Means by assigning independent data points to threads. It is
used in SG-Join by assigning candidate polygon pairs and grid partitions to CUDA blocks
and threads.

The CUDA thread hierarchy described above also explains why workload balance is
necessary. A warp executes most efficiently when its threads follow similar control paths.
Spatial join violates this condition because different polygon pairs may require different
numbers of edge tests or point-in-polygon operations. SG-Join therefore introduces CUDA
dynamic parallelism to launch child grids for irregular verification tasks. SGK-Means
has a more regular structure, and its main optimization is to reduce unnecessary centroid
comparisons before they reach the distance-computation kernel.

2.4. Unified Spark-GPU Data Path and Symmetry-Aware Mapping Principle

The common execution path uses Spark for data ingestion and preprocessing, JNI for
Java/C/CUDA interaction, and CUDA kernels for compute-intensive operations. Data are
loaded and preprocessed in Spark, transformed into primitive arrays before JNI transfer,
processed by GPU kernels, and returned as compact results for subsequent Spark-side
analysis. The design does not replace Spark; it inserts GPU computation into selected
stages with limited changes to the original processing flow.

For SGK-Means, Spark prepares the samples and receives only cluster identifiers
after GPU execution. For SG-Join, Spark partitions spatial layers, sends partition-local
polygon arrays to the GPU, and receives matching polygon-pair identifiers. The JNI
boundary is therefore crossed using compact arrays rather than nested spatial objects or
Spark RDD structures.

In this paper, symmetry is used as an operational computing concept rather than as a
geometric property. A set of work units W = {w1, w2, . . ., wm} is treated as task-symmetric
when the same kernel template can process each unit and when the unit has only local data
dependencies after partitioning. CPU-GPU asymmetry is then used deliberately: Spark
executes irregular control, partition construction, scheduling, and aggregation, whereas
CUDA executes the repeated numerical or geometric kernels. This definition directly drives
two different mappings. SGK-Means localizes the globally synchronized iteration loop
to one GPU because centroid updates create cross-partition dependencies, while SG-Join
distributes independent spatial partitions through Spark before GPU-side refinement. Thus,
the symmetry-aware design criterion is the preservation of uniform parallel work units
under asymmetric heterogeneous resources.

3. SGK-Means: Spark-GPU Parallel K-Means Clustering
3.1. Problem Formulation and Parallel Bottleneck of K-Means

Given a dataset X = {x1, x2, . . ., xn} with n samples and d dimensions, K-Means
partitions the samples into k clusters. The centroid set is denoted as C = {c1, c2, . . ., ck}. In
each iteration, every sample is assigned to its nearest centroid, and each centroid is updated
using the mean of the samples assigned to that cluster. The dominant computation is the
sample-centroid distance evaluation, whose direct complexity is O(k × n × d) per iteration.

The Spark MLlib baseline parallelizes the assignment and update phases using
partition-level map-reduce operations. Current centroids are broadcast to partitions, sam-
ples are assigned locally, and partial sums are reduced to update the centroid set. This
strategy is robust, but every iteration depends on global centroid states. When k grows,
local distance computation becomes expensive; when data are distributed, the aggrega-
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tion and convergence check introduce synchronization cost. The bottleneck is therefore a
combination of arithmetic intensity and iterative communication.

SGK-Means uses K-Means++ to improve initial centroid selection and uses the Yinyang
upper–lower-bound strategy to avoid unnecessary distance calculations. For a sample x,
b(x) denotes the current best centroid, u(x) denotes the upper bound to b(x), and ℓ(x, Gr)
denotes the lower bound from x to centroid group Gr. The bound structure is valid only
when the same distance function and numerical precision are used in the assignment and
bound-update steps. Formula (3) defines the basic relationship used before group and local
filtering are applied.

u(x) ≥ d(x, b(x)); ℓ(x, Gr) ≤ minc∈Gr, c ̸=b(x) d(x, c) (3)

Formula (3) is the basis of the filtering logic. If the lower bound remains sufficiently
larger than the updated upper bound after centroid movement, the sample cannot change
its cluster assignment and its distance computation can be skipped. This pruning is
highly suitable for GPU execution because each sample can be checked independently and
assigned to a CUDA thread.

3.2. Data Flattening and JNI-Based Communication Reduction

Spark stores samples as RDD partitions containing vector objects. Directly transferring
these objects to CUDA would require object serialization, structural traversal, and type
conversion. SGK-Means replaces object-level transmission with primitive one-dimensional
arrays. Each sample vector is flattened according to a unified row-major index. The value of
dimension j in sample i is placed at a deterministic offset, enabling both Spark and CUDA
to address the same data without reconstructing object hierarchies.

The original RDD vectors are converted into one JNI array before transfer. This
conversion improves communication efficiency because JNI transfers primitive arrays more
efficiently than nested Java objects. It also improves GPU memory access because the
device reads contiguous numeric arrays instead of irregular object fields.

The unified indexing scheme further reduces result-transfer volume. The GPU does
not need to return updated samples or full vectors. It only returns the assigned centroid
index for each sample. Consequently, the return-transfer space is reported as a vector-to-
label reduction ratio.

Cvec = O(nd), Clabel = O(n), Clabel/Cvec = O(1/d) (4)

The reduction shown above is critical for K-Means because the algorithm may process
millions of samples and dozens of dimensions. For small values of k, the GPU computation
may be short, and communication can dominate. For large values of k, arithmetic cost
grows rapidly, and the same compact data path allows the GPU to expose its parallel
advantage without excessive transfer overhead.

3.3. Single Spark Partition Plus Single-GPU Execution Strategy

Although K-Means contains multiple data-parallel steps, distributing the full iterative
loop across Spark nodes is not always efficient. After each iteration, all partitions must
contribute to centroid update and convergence checking. A multi-node Spark implemen-
tation therefore introduces shuffle and synchronization in every iteration. A multi-node
Spark-GPU implementation would additionally require communication between Spark
executors and GPUs, and possibly indirect synchronization among GPUs through the
Spark driver.
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SGK-Means executes the clustering loop inside one Spark partition connected to one
GPU. Spark prepares the flattened input and transfers it to the GPU through JNI. The GPU
performs centroid initialization support, point assignment, bound maintenance, centroid
update, and convergence checking. After convergence, only the compact cluster labels are
returned to Spark.

The design is based on a practical observation: for K-Means, excessive distribution can
be harmful when communication cost exceeds the benefit of additional parallelism. A single
GPU can provide enough thread-level parallelism for the dominant distance computations,
while Spark remains responsible for input preparation and downstream processing. This
strategy is especially effective when k is large and the assignment phase dominates runtime.

This strategy does not mean that the whole framework is a non-distributed system.
The term large-scale in this paper refers to the scale of the input data and to a Spark-
compatible heterogeneous data-processing workflow. SGK-Means is an algorithm-specific
Spark-GPU operator: Spark is used for input preparation, workflow integration, and result
handling, whereas the iterative assignment-update loop is deliberately localized to one
GPU to avoid repeated global centroid synchronization. SG-Join uses a different mapping
because its spatial partitions are independent after Spark-side partitioning and can therefore
be distributed across Spark tasks before GPU-side refinement. Thus, the framework is
heterogeneous and Spark-based, but the degree of distribution is selected according to the
dependency structure of each algorithm.

3.4. CUDA Kernel Design with Yinyang Filtering

The CUDA implementation contains three kernel-level functions: point initialization
with bound construction, point reassignment with Yinyang filtering, and convergence
checking. K-Means++ is used to choose initial centroids before GPU-local iteration. The
centroid set is divided into t groups, where t = ⌈k/10⌉ following the grouping strategy of
Yinyang K-Means, and group-level lower bounds are maintained for pruning. Each sample
is processed independently by CUDA threads, making the assignment stage highly parallel.
The stopping rule combines assignment stability with the maximum-iteration bound used
in the paired Spark MLlib configuration.

The global filtering condition is given in Formula (5). If the updated lower bound
ℓ+(x) is not smaller than the updated upper bound u+(x), the sample remains assigned to its
current centroid. The expression uses centroid movement δ to update the bounds between
two consecutive iterations.

u+(x) = u(x) + δb(x), ℓ+(x) = ℓ(x) − δmax; keep b(x) if ℓ+(x) ≥ u+(x) (5)

Formula (6) extends global filtering to centroid groups. For a centroid group Gi, an
updated group lower bound ℓ+(x, Gi) is maintained. If the group bound cannot beat the
current upper bound, all centroids in that group are skipped. This avoids a large number
of centroid comparisons when k is high.

ℓ+(x, Gi) = ℓ(x, Gi) − δi, δi = maxc∈Gi δc; skip Gi if ℓ+(x, Gi) ≥ u+(x) (6)

Formula (7) gives the local filtering condition in a compact decision form. Exact
distance evaluation is performed only for candidates in surviving groups; otherwise, the
candidate distance d(x, c) is skipped. This condition is applied only to the groups that
survive the group filter.

evaluate c ∈ Gi only when ℓ+(x, Gi) < u+(x); otherwise skip d(x, c) (7)
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Formula (8) updates centroid cj by reusing the previous assignment information. Vj

and Vj
′

denote the sample sets assigned to cluster j before and after reassignment. Instead
of recomputing the centroid from all samples, the update removes samples that leave the
cluster and adds samples that enter the cluster.

cj
′

= (|Vj| cj − ∑x∈Vj\V′ j x + ∑x∈V′ j\Vj x)/|Vj
′
| (8)

Table 2 reorganizes the SGK-Means workflow as a host-device responsibility map
rather than as line-by-line pseudocode. The table emphasizes which state remains on Spark,
which computation is executed on CUDA, and which consistency checkpoint is used before
the next stage.

Table 2. A host-device responsibility map of the SGK-Means workflow.

Workflow Stage Spark-Side
Responsibility

CUDA-Side
Responsibility

State Passed
Forward Consistency Checkpoint

Input compaction
Load RDD vectors
and convert them

into primitive arrays.

Receive contiguous
arrays through JNI.

Flattened X and
initial parameter

set

The same n, d, k, distance
metric, and numerical

precision are used by the
baseline and accelerated

paths.

Centroid
initialization

Provide matched
input data and

clustering
configuration.

Support K-Means++
centroid selection

and centroid-group
construction.

Initial C and
group set G

Initialization settings are
kept consistent for runtime
comparison; shared initial
centroids are required for

output-equivalence
checking.

Bound
construction

No repeated Spark
shuffle is triggered.

Initialize labels,
upper bounds U, and
group lower bounds

L.

P, U, and L
Each sample owns one

assignment state and one
bound state.

Filtered
reassignment

Keep the iterative
loop outside

distributed Spark
synchronization.

Apply global, group,
and local Yinyang

filtering before exact
distance evaluation.

Updated P, U,
and L

Exact distances are
evaluated only when the
bound conditions cannot

exclude a centroid or group.

Centroid update
Avoid cross-partition

aggregation inside
the loop.

Update centroids
using assignment

changes and
GPU-local
reductions.

Updated C

The update follows the
same Lloyd-type mean rule
under the matched distance

metric.

Termination and
return

Receive compact
labels and
reconstruct

downstream results.

Check assignment
stability and stop

under the matched
iteration limit.

Final label vector
P

Only labels, not full vectors,
cross back to Spark after

convergence.

Table 3 summarizes the initialization and bound-construction safeguards used be-
fore filtered reassignment. The presentation focuses on the generated state variables
and their roles in later pruning, instead of repeating the implementation sequence as
kernel pseudocode.

Table 4 presents the reassignment procedure as a filtering decision hierarchy. Each
row identifies the bound condition, the action taken when the condition is satisfied, and
the correctness boundary under which distance calculations can be safely skipped.
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Table 3. Initialization-state construction and pruning safeguards in SGK-Means.

Initialization Objective Implementation Choice Generated State Role in Later Computation

Create deterministic
sample ownership

Map each sample index to
a CUDA thread through
the flattened row-major

offset.

Thread-local sample
identifier

Enables independent bound
construction without

reconstructing Spark vector
objects.

Select initial assignment

Compare the sample with
the selected centroid set
under the same distance

function.

Initial label in P Provides the starting cluster
for Lloyd-type iteration.

Set the first upper bound
Store the distance from the

sample to its assigned
centroid.

Upper-bound value U

Allows later iterations to
decide whether the current

assignment can remain
unchanged.

Build group lower bounds

Record the closest known
distance information for

centroid groups other than
the assigned group.

Lower-bound vector L
by group

Provides the group-level
pruning condition before local

centroid checks.

Preserve numerical
comparability

Use the same precision
specification for distance,

centroid, and bound
arrays.

Comparable CPU/GPU
state variables

Limits differences caused by
data-layout conversion rather

than algorithmic logic.

Prepare convergence
tracking

Store the current
assignment state before the

next reassignment stage.

Previous and current
label states

Supports GPU-local
convergence checking without

a CPU-side full scan.

Table 4. Yinyang filtering decision layers used during SGK-Means reassignment.

Filtering
Layer Condition Examined

Action When the
Condition Excludes a

Candidate

Computation
Avoided Correctness Boundary

Current-
center

tightening

Whether the relaxed
upper bound remains
reliable after centroid

movement

Recompute only the
distance to the currently
assigned centroid when

tightening is needed.

Full centroid scan
before validating
the current bound

Uses the same distance
metric as the assignment

step.

Global group
test

Whether the smallest
updated group lower

bound is still no
smaller than the

updated upper bound

Keep the current
assignment.

All candidate
centroid distances

for that sample

Valid only after upper and
lower bounds have been

updated by centroid
movements.

Group-level
pruning

Whether a specific
group lower bound
can beat the current

upper bound

Skip the entire centroid
group.

All centroid
comparisons

inside that group

The group bound must be
conservative after

subtracting the maximum
movement in the group.

Local centroid
filtering

Whether an individual
surviving centroid can

improve the current
assignment

Skip exact distance for
the centroid when the

local bound is sufficient.

One exact
distance

evaluation

Applied only to groups
that survive the
group-level test.

No-prune
fallback

Bound conditions
cannot exclude a
group or centroid

Perform exact distance
evaluation and update P,
U, and L when needed.

None; exact
calculation is

retained.

Preserves the Lloyd-type
assignment decision when
pruning is inconclusive.
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Table 5 separates convergence control from label-return control. This makes clear
that the GPU-local convergence check only determines whether another assignment-
update iteration is required, whereas Spark receives compact labels after the iteration
loop has terminated.

Table 5. Convergence and result-return control in SGK-Means.

Control Aspect Implementation in
SGK-Means

Data Moved Across
Spark-GPU Boundary Reason for the Design

Assignment-state
comparison

Previous and current labels
are compared on the GPU

after each reassignment stage.

No per-iteration label
vector is returned to Spark.

Avoids CPU-side scanning
and repeated Spark

synchronization.

Convergence flag
A block/thread update marks

the global convergence flag
false when any label changes.

Only the final convergence
state affects loop

continuation.

A single flag is cheaper than
transferring all assignment

states each iteration.

Iteration bound
The GPU-local loop also

respects the matched
maximum-iteration setting.

No additional Spark action
is needed during the loop.

Keeps the accelerated path
comparable with the paired

Spark MLlib setting.

Result
reconstruction

After termination, CUDA
returns only the final cluster

label of each sample.

Label vector P rather than
the full sample matrix X

Reduces return traffic from
vector-level output to

label-level output.

Evidence boundary
The table describes execution
control and data movement,
not a stored SSE comparison.

No unrecorded SSE values
are introduced.

Prevents the manuscript from
overstating

output-equivalence evidence
beyond the retained records.

Tables 2–5 jointly define the SGK-Means execution contract. Spark is responsible for
input preparation and downstream use of the labels, while CUDA maintains assignment,
bound, centroid, and convergence states during the iterative loop. This revised presentation
avoids reproducing implementation pseudocode and instead clarifies the computational
purpose, data movement, and correctness condition of each stage.

3.5. Complexity and Implementation Summary of SGK-Means

The direct assignment complexity of K-Means is O(k × n × d) per iteration, where
n is the number of samples, d is the feature dimension, and k is the number of centroids.
SGK-Means does not change this worst-case order, because the Yinyang bounds may fail
to prune any centroid when centroid movements are large or clusters overlap strongly. In
the practical filtered case, the assignment cost can be described as O(n × t + n × m × d),
where t is the number of centroid groups and m is the average number of centroids that
survive local filtering for one sample. The acceleration therefore comes from reducing
the effective number of exact distance evaluations and from executing the remaining
evaluations on CUDA threads, not from changing the theoretical worst-case complexity
class. In typical filtered iterations, m is expected to be much smaller than k, although this
relation is data-dependent and is not assumed in the worst-case bound.

The communication complexity is reduced by flattening input data and returning only
cluster identifiers. The input is transferred once as contiguous arrays, and the output is
returned as a label vector. This design is well matched to the single Spark partition plus
single-GPU strategy because no inter-GPU synchronization is required during the iteration
loop. It also prevents repeated Spark shuffle during convergence checking.

The memory-access design uses global memory for flattened samples, centroid arrays,
assignment labels, and bound arrays. Threads access sample values through deterministic
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offsets, and each sample-thread follows the same assignment-filtering sequence. The imple-
mentation therefore combines task partitioning, communication reduction, and execution-
strategy optimization. It is most beneficial when k, n, or d creates sufficient arithmetic
intensity to amortize JNI and host-device transfer costs.

4. SG-Join: Spark-GPU Parallel Polygon Spatial Join
4.1. Polygon Spatial-Join Definition and Computational Bottleneck

Given two spatial object sets A and B, polygon spatial join returns all object pairs
that satisfy a spatial predicate rel(a, b). Formula (9) gives the same join definition in cross-
product notation. The predicate can represent intersection, containment, touching, or
another topological relation required by the query.

Jrel(A, B) = {(a, b) ∈ A × B: rel(a, b) = true} (9)

Polygon-to-polygon spatial join is computationally intensive because it combines
pairwise candidate generation with exact geometric verification. A naive join compares
many objects from one layer with many objects from the other layer. Even after spatial
indexing, candidate pairs must be verified using geometric operations over polygon vertices
and edges. The cost grows rapidly when polygon counts are high, polygon shapes are
complex, or spatial overlap is dense.

Distributed CPU systems such as GeoSpark/Apache Sedona, SpatialHadoop, and
Simba reduce candidate counts through spatial partitioning and indexing. Nevertheless,
CPU-only execution remains limited by the throughput of geometric predicates and by
skew among partitions. GPU acceleration can improve the refinement phase, but a single
GPU cannot directly process arbitrarily large distributed datasets, and irregular polygon
complexity can create load imbalance within GPU kernels. SG-Join addresses both issues
by combining Spark-side distributed partitioning with GPU-side filter-refinement kernels.

4.2. Spark-Side Partitioning and Low-Intrusion Sedona Reconstruction

SG-Join is embedded into the Apache Sedona processing flow. Spark reads spa-
tial layers, performs preprocessing, constructs the first-level spatial partitioning, and
invokes GPU kernels through JNI. The original spatial-join operator is reconstructed at
the Java level so that the GPU module can be called without changing the upper-level
data-processing interface.

Spark prepares candidate data and transfers arrays through the JNI interface. The
CUDA library performs MBR filtering, edge-intersection tests, and point-in-polygon tests.
The result is returned as spatial-join pairs. This architecture preserves low intrusion:
upstream loading and preprocessing and downstream result analysis remain compatible
with Spark/Sedona.

When a polygon overlaps multiple index cells or partitions, copies are created in
the corresponding partitions. Duplicate join results may therefore be generated, but they
are removed after the join. This strategy trades limited storage redundancy for complete
candidate coverage and avoids missing valid spatial relationships.

Several spatial index types can be used for partitioning. Quadtree partitioning can
adapt to dense regions but may create imbalanced tree depth. R-Tree partitioning creates
balanced bounding structures but may require additional handling for uncovered objects.
KD-Tree partitioning provides better workload balance for the evaluated distributed Spark
setting and is therefore selected as the Spark-side partitioner of SG-Join.

The experimental comparison uses the KD-Tree partitioning, equal-grid indexing, and
Sedona baseline settings described in the method and reproducibility tables.
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4.3. JNI Development Path and Distributed GPU Data Flow

The JNI development path connects Java-based Spark execution with C/CUDA ker-
nels. A Java class defines the native spatial-join method and its primitive-array parameters.
The Java bytecode is compiled, and a C header file is generated from the native method
signature. The CUDA source file implements the generated method, includes the JNI
header, and is compiled into a dynamic library. The Java code then loads the library and
invokes the native method like a normal Java function.

The programming chain is Java plus JNI plus C plus CUDA. This chain is necessary
because Spark and Sedona are executed in the JVM, whereas CUDA kernels are imple-
mented in C/CUDA. SG-Join uses primitive arrays at this boundary to avoid transmitting
nested polygon objects.

Spatial RDDs are partitioned by Spark, and each executor processes its assigned
partition. Each executor communicates with the GPU device on the same physical node.
This creates two parallel levels before CUDA dynamic parallelism is considered: distributed
executor-level parallelism across Spark nodes and multiprocessor-level parallelism inside
each GPU.

Spatial join partitions can be processed independently after the first-level spatial
partitioning. No global centroid state must be synchronized after each iteration. Only the
final join-pair union and duplicate removal require global aggregation. Therefore, SG-Join
keeps distributed Spark scheduling while offloading partition-local geometric computation
to GPUs.

4.4. GPU-Side Two-Stage Filter-Refinement Model

The GPU-side SG-Join kernel is organized as equal-grid indexing, MBR filtering, exact
verification, and result deduplication. Equal-grid indexing creates a second-level partition
inside the GPU to improve locality. MBR filtering removes polygon pairs whose bounding
rectangles cannot satisfy the spatial predicate. Candidate pairs that pass MBR filtering are
refined using exact geometry tests.

The same grid cell is mapped to a CUDA block or a group of blocks, which improves
sequential memory access for partition-local polygon arrays. The MBR filter is the first
pruning stage. It is fast because it uses only rectangle coordinates, but it is not exact because
polygon interiors and edges may occupy only part of the rectangle.

The MBR stage can produce candidate pairs even when the true polygons do not
intersect. It can also produce containment-like MBR relations even when the true poly-
gon relation is intersection or disjoint. Therefore, PIPTest and EITest are both required.
PIPTest verifies containment by testing whether a point of one polygon lies inside the other
polygon. EITest verifies intersection by testing whether polygon edges intersect inside the
common MBR.

The common minimum bounding rectangle is denoted as CMBR = MBRi ∩ MBRj.
If CMBR equals one of the two MBRs, containment is possible and PIPTest is invoked.
If CMBR is non-empty but not equal to either MBR, edge intersection is the primary
verification operation. When PIPTest returns false, EITest is invoked as a compensation
step to preserve correctness, because an MBR containment relation can still correspond to
polygon intersection rather than polygon containment.

Table 6 reformulates the SG-Join filter-refinement stage as a verification decision matrix.
The table distinguishes MBR-generated candidates from final join results and specifies
which exact predicate is used for each spatial relationship case.

Table 7 summarizes the design choices of the point-in-polygon verification stage. The
table highlights the role of ray construction, block-level counting, parity reduction, and the
compensation path to EITest when containment is not confirmed.
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Table 6. Verification decision matrix for GPU-side SG-Join refinement.

MBR Relationship
After Equal-Grid

Indexing

Exact Verification
Path Final Flag Rule Duplicate-Control

Role Correctness Note

No overlap between
MBRi and MBRj

No PIP/EI
refinement is

launched.
The pair is discarded. No result is

generated.

A true polygon
relation cannot exist

when the two
bounding rectangles

are disjoint.

MBRi contains MBRj

Run PIPTest for the
containment

candidate; run EITest
if PIPTest is false.

The pair is retained
only if PIPTest or

EITest is true.

Boundary copies are
still deduplicated

later.

MBR containment is
only a candidate
relation, so exact

verification is
required.

MBRj contains MBRi

Run PIPTest in the
opposite

containment
direction; run EITest

if needed.

The pair is retained
only after exact

verification.

Duplicate pairs are
removed using pair

identifiers.

The opposite
direction prevents

missing containment
candidates.

MBRs overlap but
neither contains the

other

Run EITest within
the common MBR

region.

The pair is retained
only when an edge

intersection is
detected.

Only true
verification flags

enter the final union.

Edge intersection
must occur inside the

common MBR if it
exists.

Pair appears in
multiple cells or

partitions

Do not re-evaluate
semantic truth; apply

final pair-level
deduplication.

One unique pair
remains in R.

Removes duplicates
caused by spatial

boundary
replication.

Completeness is
prioritized during
partitioning, and

uniqueness is
restored after
refinement.

Table 7. Design choices and safeguards in CUDA point-in-polygon verification.

Design Element CUDA Realization Purpose Limitation or Follow-Up
Control

Test point selection

Use a selected vertex from
the candidate polygon

associated with the
containment case.

Convert containment
verification into a

point-in-polygon decision.

A false result does not imply
disjointness, so EITest is used as

compensation.

Ray construction
Construct a ray from the
selected point and test it
against polygon edges.

Implement the odd-even
rule for containment.

Degenerate edge cases are
handled by the same predicate

convention used in the
verification routine.

Edge workload
distribution

Assign edge checks to
threads within the block.

Exploit parallelism over
polygon edges.

Large or irregular polygons may
still create uneven work, which
motivates dynamic parallelism.

Shared counting state
Store per-thread

intersection counts in
block-local shared memory.

Reduce global-memory
traffic during parity

computation.

The counter is temporary and is
not part of the final result set.

Parity decision
A block-level reduction
produces the odd/even

intersection count.

Set the verification flag for
containment candidates.

Pairs with false PIPTest are
passed to EITest when

intersection remains possible.
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Table 8 summarizes edge-intersection verification from the viewpoint of prun-
ing, shared-memory reuse, and result-flag update. All CUDA-based verification tests
were conducted on a workstation equipped with an NVIDIA GeForce RTX 4090 GPU
(NVIDIA Corporation, Santa Clara, CA, USA), using CUDA Toolkit 12.2. The same hard-
ware and software environment was used for all edge-pruning and verification proce-
dures. It complements Table 7 by covering polygon pairs that require explicit edge-level
intersection checking.

Table 8. Edge-intersection verification design and pruning logic.

Verification Operation CUDA Realization Pruning Basis Output Effect

Common-region
construction

Compute CMBR as the
intersection of the two

polygon MBRs.

Only edges crossing or
inside CMBR can
contribute to an

intersection.

Restricts the edge tests to
the geometrically relevant

region.

Base-edge reuse

Load the selected edge
from one polygon into

shared memory within the
verification block.

The same base edge can be
compared against multiple

candidate edges.

Reduces repeated
global-memory reads.

Candidate-edge screening

Threads scan assigned
edges from the other

polygon and first test their
relevance to CMBR.

Edges outside the common
region are discarded before

exact intersection.

Lowers the number of
exact segment-intersection

predicates.

Exact segment test

Apply the
edge-intersection predicate

only to surviving edge
pairs.

The predicate is used after
MBR and CMBR pruning.

Marks the polygon pair as
true when any intersecting

edge pair is found.

Result-flag update
Write the positive

verification state to the pair
flag F.

Only verified pairs are
collected after kernel

execution.

Separates candidate
generation from the final

spatial-join output.

The correctness of the filter-refinement model follows two geometric facts. First, if
polygon P1 contains polygon P2, then MBR1 contains MBR2; otherwise, the minimum
bounding rectangle of P2 would not be minimal. Second, if an edge from P1 intersects an
edge from P2, then the intersection point must be inside CMBR. Therefore, PIPTest and
EITest together are sufficient to validate containment and intersection candidates produced
by MBR filtering.

The final SG-Join output is defined as the set R of polygon pairs whose verification flag
is true after PIPTest, EITest, and duplicate removal. Candidate generation by MBR filtering
does not determine the final join result; it only reduces the number of pairs entering exact
verification. This distinction clarifies that runtime acceleration is evaluated for the same
spatial predicate and the same input layers as the GeoSpark/Sedona baseline.

4.5. CUDA Dynamic Parallelism for Load Imbalance Mitigation

Polygon spatial join has irregular computation. Different grid cells contain different
numbers of polygons, and different polygons contain different numbers of vertices. PIPTest
and EITest also have different computational costs. PIPTest may need to scan many edges
to count ray intersections, whereas EITest may prune many edges through CMBR. If all
candidate pairs are forced into a static kernel structure, some threads finish quickly while
others execute long geometry checks, causing warp divergence and workload imbalance.

CUDA dynamic parallelism allows a parent grid running on the GPU to launch child
grids without returning control to the CPU. The parent grid performs coarse candidate
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processing and invokes child grids only when a candidate pair requires expensive exact
verification. This avoids repeated CPU-GPU communication and allows the GPU to adjust
the parallel granularity according to actual polygon complexity.

Dense grid cells can launch more child work, while simple candidate pairs terminate
after MBR filtering. PIPTest and EITest are launched only when required by the MBR
relation and the verification state. This creates a dynamic mapping from irregular polygon-
pair workloads to GPU execution resources and improves load balance without changing
the Spark-side partitioning interface.

5. Experimental Evaluation and Discussion
5.1. Experimental Setup and Baselines

The SGK-Means experiments compare the proposed Spark-GPU implementation with
Spark MLlib K-Means. The Spark MLlib runtime is denoted by Tbaseline, and the SGK-
Means runtime is denoted by Taccelerated; these values are used to compute S and RT. The
experiments use four public datasets from the UCI Machine Learning Repository with
sample counts from 0.52 million to 11 million and dimensions from 18 to 90. The cluster
number k is varied to test the influence of clustering scale.

Table 9 reports the SGK-Means experimental environment. Two GPU environments
are used to evaluate hardware generality. The first uses an NVIDIA Quadro RTX6000 with
24 GB memory (NVIDIA Corporation, Santa Clara, CA, USA), and the second uses an
NVIDIA Tesla A40 with 48 GB memory (NVIDIA Corporation, Santa Clara, CA, USA). The
software stack is consistent across the environments.

Table 9. SGK-Means runtime environment and device settings.

Configuration Group Item Specification

Group 01 hardware Processor Intel(R) Xeon(R) Silver
4216 CPU @ 2.10 GHz

Group 01 hardware Host memory 128 GB
Group 01 hardware GPU device NVIDIA Quadro RTX6000
Group 01 hardware Device memory 24 GB

Group 02 hardware Processor Intel(R) Xeon(R) Silver
4216 CPU @ 2.10 GHz

Group 02 hardware Host memory 256 GB
Group 02 hardware GPU device NVIDIA Tesla A40
Group 02 hardware Device memory 48 GB

Software OS CentOS 7.9
Software CUDA CUDA 11.7
Software Spark Spark 3.0.0
Software Scala Scala 2.12.15

The SG-Join experiments compare the proposed method with the GeoSpark/Apache
Sedona spatial-join implementation. The baseline uses KDB-Tree as the global index and
R-Tree as the local index, which is a common setting for efficient Sedona spatial join. The
experiments run on a distributed Spark environment with two physical nodes. Each node
has the same hardware and software configuration, as shown in Table 10.
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Table 10. SG-Join distributed runtime environment.

Configuration Group Item Specification

Hardware Processor Intel(R) Xeon(R) Silver
4216 CPU @ 2.10 GHz

Hardware Host memory 256 GB
Hardware GPU device NVIDIA Tesla A40
Hardware Device memory 48 GB
Software OS CentOS 7.9
Software CUDA CUDA 11.7
Software Spark Spark 3.0.0
Software Scala Scala 2.12.15
Software Sedona Sedona 3.0_2.12

Table 11 lists the spatial datasets used in SG-Join. Each group contains two polygon
layers used as the inputs of one spatial-join query. Group A is small, Group B is medium-
sized with hundreds of thousands of polygons, and Group C is large with millions of
polygons. These groups test different polygon counts, file sizes, and spatial distributions.

Table 11. Spatial dataset parameters.

Group Dataset Name Number of Polygons File Size

A Global_State_Province 8457 48 MB
A Global_Urban_Area 12,154 42 MB
B USA_block_boundary 242,575 1.9 GB
B USA_Water_Bodies 456,151 850 MB
C Yunnan_jsPolygon 1,561,656 1.1 GB
C Yunnan_Rooftop 4,489,165 1.2 GB

The baselines and parameter settings are selected to evaluate two different accelera-
tion mechanisms. SGK-Means is evaluated under variations in dataset size, dimension,
cluster number, and GPU device. SG-Join is evaluated under variations in partition number,
CPU core count, and dataset characteristics. All speedups are computed from end-to-end
wall-clock runtimes rather than isolated kernel timings. The measured interval includes
algorithm-specific data preparation, JNI conversion, host-device transfer, CUDA execution,
Spark-side aggregation, duplicate removal when applicable, and result reconstruction. The
retained experimental records contain the reported aggregate runtimes, but they do not con-
tain five independent repetitions for every configuration. Therefore, the revised manuscript
reports observed wall-clock comparisons and aggregate speedup summaries, while avoid-
ing unsupported standard deviations, confidence intervals, Friedman/Wilcoxon tests, or
statistical-superiority claims based on run-to-run distributions. To strengthen the runtime
comparison with the retained paired records, an exact two-sided sign test is added in
Section 5.6. The test counts how many paired configurations have speedup S > 1 under
the null assumption that the accelerated and baseline workflows are equally likely to
be faster across paired configurations. This check is used only as a configuration-level
directional test; it does not estimate runtime variance and does not replace repeated-run
means, standard deviations, or confidence intervals. The reproducibility protocol and
paired-comparison settings are summarized in Table 12.
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Table 12. Reproducibility protocol and paired-comparison settings.

Item Configuration or Clarification

SGK-Means baseline
Spark MLlib K-Means with the same input dataset

and cluster number k as the accelerated
implementation.

SGK-Means initialization

K-Means++ initialization is used before GPU-local
iteration; shared initial centroids are required
when output equivalence rather than runtime

comparison is evaluated.

Stopping rule
Assignment stability is checked on the GPU; the

paired Spark MLlib setting uses maxIter = 20 and
tol = 1.0 × 10−4.

Centroid grouping The number of centroid groups is t = ⌈k/10⌉,
consistent with the Yinyang grouping strategy.

Floating-point precision
Distance, centroid, and bound arrays are specified

as double-precision numeric arrays to align the
CPU and GPU comparison path.

CUDA thread mapping

SGK-Means maps one sample to one CUDA thread
in the assignment-related kernels; SG-Join maps

candidate polygon pairs and verification subtasks
to CUDA threads.

PIPTest block-level storage
PIPTest uses the shared array cutLineNum so the
block-level intersection count follows the 256-entry

shared-memory design described in Table 7.

SG-Join baseline
GeoSpark/Apache Sedona spatial join with

KDB-Tree global partitioning and R-Tree local
indexing.

SG-Join variables
Partition counts of 500, 1000, 1500, and 2000;

executor-core settings from 4 × 1 to 4 × 8; dataset
groups A-C.

Code and data materials

Public datasets, environment settings, parameter
tables, and implementation availability are
clarified in the Data and Code Availability

statements.

5.2. SGK-Means Performance Across Datasets and Clustering Scales

Table 13 reports the runtime comparison between Spark MLlib K-Means and SGK-
Means on four datasets. The dataset size n, dimension d, and cluster number k are varied to
expose the computational behavior of the algorithm. The results show that SGK-Means
accelerates K-Means for most settings and that the speedup increases sharply when k
becomes large.

For the runtime tables, the column S/RT (%) reports speedup together with the derived
runtime-change percentage from Formula (1). Positive values of RT indicate runtime
reduction, whereas negative values indicate slowdown relative to the CPU baseline.

The strongest acceleration in Table 13 appears on the Higgs dataset when k = 10,000.
Spark MLlib requires 152,724.16 s, whereas SGK-Means requires 617.84 s, giving a speedup
of 247.19 on the RTX6000 setting. A similar pattern appears on SuSy, where the speedup
reaches 220.47 at k = 10,000. The geometric-mean speedup across the sixteen Table 13
configurations is 6.21, while the arithmetic mean is 36.88 and is strongly affected by the
largest k = 10,000 cases. These settings have high assignment complexity because every
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sample must be compared with many centroids in the baseline. SGK-Means benefits from
both CUDA parallelism and Yinyang filtering, so its runtime grows slowly as k increases.

Table 13. Runtime comparison and derived runtime-change index for K-Means.

Dataset Dataset
Size n

Dimension
d

Cluster
Number k

Spark MLlib
Runtime (s)

Spark-GPU
Runtime (s)

MSD 0.52 M 90 4 13.48 7.90
MSD 0.52 M 90 64 15.61 7.93
MSD 0.52 M 90 1024 39.94 8.39
MSD 0.52 M 90 10,000 547.08 11.82

Census 2.5 M 68 4 26.51 32.47
Census 2.5 M 68 64 33.76 32.77
Census 2.5 M 68 1024 63.62 33.31
Census 2.5 M 68 10,000 483.03 37.32

SuSy 5 M 18 4 255.51 188.40
SuSy 5 M 18 64 481.50 189.28
SuSy 5 M 18 1024 3830.09 191.70
SuSy 5 M 18 10,000 42,765.25 193.97
Higgs 11 M 28 4 784.73 592.42
Higgs 11 M 28 64 1642.25 602.62
Higgs 11 M 28 1024 14,066.53 607.57
Higgs 11 M 28 10,000 152,724.16 617.84

The high-k settings for SuSy and Higgs are used as scalability stress benchmarks
for distance-computation throughput rather than as domain-specific classification anal-
yses. They are included to test how SGK-Means behaves when the number of centroid
comparisons becomes large and the assignment phase dominates runtime.

The results also show a low-benefit case. On the Census dataset with k = 4, the speedup
is 0.82, meaning that SGK-Means is slower than Spark MLlib. This occurs because the
arithmetic workload is too small to amortize JNI transfer, data conversion, and GPU launch
overhead. When k increases to 64, the speedup becomes 1.03, and at k = 10,000 it reaches
12.94. This transition confirms that SGK-Means is most suitable for computation-intensive
clustering rather than small-cluster configurations.

Across all datasets, Spark MLlib runtime increases significantly with k. SGK-Means
runtime changes much less because GPU threads handle many sample-centroid operations
in parallel and filtering removes many redundant distance evaluations. The experimental
trend is consistent with the complexity analysis: as k increases, the baseline cost grows
linearly in the direct assignment stage, whereas SGK-Means reduces the effective number
of exact distance computations.

5.3. Influence of Dataset Size and GPU Device on SGK-Means

The dataset-size experiment uses subsets sampled from the Higgs dataset, with sizes
from 0.25 M to 8 M and k fixed at 1024. Table 14 shows that both Spark MLlib and SGK-
Means require more time as the dataset grows. However, the SGK-Means curve grows
more slowly because the GPU assignment kernel processes samples in parallel and the
communication path returns only cluster labels.
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Table 14. Effect of dataset size on runtime, speedup, and runtime change.

Data Size MLlib Time Cost (s) Spark-GPU Time Cost (s)

0.25 M 24 3.6
0.5 M 44 5.9
1 M 73 10.6
2 M 123 22.7
4 M 223 45.8
8 M 420 119.7

For small subsets, acceleration is limited because fixed transfer and kernel-launch
overheads represent a larger fraction of total runtime. For larger subsets, computation
dominates and the GPU becomes more effective. The observed speedup range in this
experiment is approximately 3.51 to 7.41, and the corresponding RT values are reported
in the table, showing that SGK-Means remains beneficial as sample size increases under
fixed k.

Table 15 compares two GPU devices: Quadro RTX6000 (NVIDIA Corporation, Santa
Clara, CA, USA) and Tesla A40 (NVIDIA Corporation, Santa Clara, CA, USA). The table
reports speedups rather than raw runtimes. The purpose is to verify whether the algorithm
depends on one specific GPU model. The trends are consistent across both devices: speedup
increases with k, and the same datasets show similar acceleration behavior.

Table 15. Device-level acceleration comparison with derived runtime change.

Dataset Dataset Size n Dimension d Cluster
Number k GPU Device

MSD 0.52 M 90 4 RTX6000/Tesla A40
MSD 0.52 M 90 64 RTX6000/Tesla A40
MSD 0.52 M 90 1024 RTX6000/Tesla A40
MSD 0.52 M 90 10,000 RTX6000/Tesla A40

Census 2.5 M 68 4 RTX6000/Tesla A40
Census 2.5 M 68 64 RTX6000/Tesla A40
Census 2.5 M 68 1024 RTX6000/Tesla A40
Census 2.5 M 68 10,000 RTX6000/Tesla A40

SuSy 5 M 18 4 RTX6000/Tesla A40
SuSy 5 M 18 64 RTX6000/Tesla A40
SuSy 5 M 18 1024 RTX6000/Tesla A40
SuSy 5 M 18 10,000 RTX6000/Tesla A40
Higgs 11 M 28 4 RTX6000/Tesla A40
Higgs 11 M 28 64 RTX6000/Tesla A40
Higgs 11 M 28 1024 RTX6000/Tesla A40
Higgs 11 M 28 10,000 RTX6000/Tesla A40

Table 15 demonstrates hardware generality and reconciles the maximum-speedup
statement. In the main RTX6000 comparison of Table 13, the maximum SGK-Means speedup
is 247.19. In the two-device comparison of Table 15, the Tesla A40 obtains a higher speedup
of 270.15 on Higgs with k = 10,000. Therefore, 247.19 is reported as the maximum in
the RTX6000 runtime table, whereas 270.15 is reported as the maximum observed in the
hardware comparison. The stable increasing trend with k across both GPUs supports the
portability of the data layout and kernel design.

The combined dataset-size and GPU-device results show that SGK-Means is controlled
mainly by arithmetic intensity and communication amortization. Large k and large n
increase the share of GPU-suitable computation. Very small k or small datasets may
not provide enough computation to offset data transfer. This behavior is expected in
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heterogeneous acceleration and should be considered when selecting SGK-Means for
production workloads.

5.4. SG-Join Performance Under Partition, CPU-Core, and Dataset Factors

The SG-Join sensitivity experiments analyze partition number, CPU core count, and
dataset characteristics. Table 16 reports the SG-Join and GeoSpark runtimes under different
partition numbers on the Group C datasets. GeoSpark tends to become slower as parti-
tion number increases because more partitions introduce additional data movement and
management overhead, while CPU computation is already close to saturation. SG-Join
shows a non-monotonic pattern because partition number affects both GPU parallelism
and CPU-GPU transfer overhead.

Table 16. SG-Join speedup and runtime change under different partition numbers.

Cores Number of Partitions SG-Join Time Cost (s) GeoSpark Time Cost (s)

4 × 1 500 110 225
4 × 1 1000 105 290
4 × 1 1500 110 350
4 × 1 2000 130 410
4 × 2 500 70 87
4 × 2 1000 63 102
4 × 2 1500 70 122
4 × 2 2000 88 182
4 × 4 500 52 70
4 × 4 1000 43 110
4 × 4 1500 52 122
4 × 4 2000 58 165
4 × 8 500 43 61
4 × 8 1000 37 76
4 × 8 1500 47 89
4 × 8 2000 58 133

The trend in Table 16 indicates that SG-Join requires a balanced partition setting. When
partitions are too few, GPU tasks are large and parallelism is insufficient. When partitions
are too many, Spark scheduling and host-device transfer overhead increase. In the reported
Group C experiment, a partition number around 1000 gives the best runtime in several
settings. Overall, partition tuning produces speedups from approximately 1.3 to 3.2 in the
partition-number experiment.

Table 17 quantifies the joint influence of partition number and CPU cores. The highest
speedup in this table is 3.2 under 4 × 1 CPU cores and 1500 partitions. Under 4 × 8 CPU
cores, the speedup remains positive but is lower in some settings because the CPU baseline
becomes faster, while SG-Join still pays CPU-GPU transfer overhead.

Table 17. Joint effect of partition number and CPU cores on SG-Join acceleration.

CPU Cores 500 Partitions
S/R_T (%)

1000 Partitions
S/R_T (%)

1500 Partitions
S/R_T (%)

2000 Partitions
S/R_T (%)

4 × 1 cores 2.00/50.0 2.80/64.3 3.20/68.8 3.10/67.7
4 × 2 cores 1.30/23.1 1.60/37.5 1.70/41.2 2.00/50.0
4 × 4 cores 1.30/23.1 2.50/60.0 2.30/56.5 3.00/66.7
4 × 8 cores 1.40/28.6 2.10/52.4 1.90/47.4 2.30/56.5
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Table 17 shows that increasing CPU cores does not eliminate the benefit of SG-Join.
The speedup varies because the baseline and the accelerated method respond differently
to CPU parallelism. GeoSpark executes most computation on CPU cores and therefore
benefits directly from additional cores until CPU parallelism saturates. SG-Join uses CPU
cores mainly for Spark-side partitioning and scheduling, while the geometric verification is
executed on the GPU. Therefore, its dependency on CPU core count is weaker.

Table 18 compares the fastest runtime under each CPU-core configuration to remove
the interference of non-optimal partition choices. The Spark-GPU runtime decreases
relatively steadily as CPU cores increase, while the GeoSpark runtime decreases more
sharply at first and then slows down. The resulting speedup first decreases and then
increases slightly, but remains positive.

Table 18. Effect of CPU cores on SG-Join acceleration and runtime change.

Number of CPU Cores SG-Join Time Cost (s) GeoSpark Time Cost (s)

4 × 1 cores 108 274
4 × 2 cores 65 83
4 × 4 cores 42 75
4 × 8 cores 32 68

The behavior in Table 18 confirms that SG-Join is robust to CPU-core variation. Even
with more CPU resources, the GPU-side filter-refinement pipeline remains faster than the
CPU baseline for the tested data. The runtime advantage is not solely caused by weak
CPU configuration; it comes from the combination of Spark-side partitioning, GPU-side
equal-grid filtering, MBR pruning, and CUDA verification kernels.

Table 19 reports SG-Join performance across three dataset groups. Group B obtains the
largest speedups, reaching 3.90 under 4 CPU cores. Group A has stable but lower speedups
around 1.31 to 1.40 because the dataset is small and communication overhead occupies
a larger runtime share. Group C speedups vary from 1.39 to 2.18 because the dataset is
large and the spatial distribution and polygon complexity affect both filtering efficiency
and verification workload.

Table 19. Dataset-level SG-Join performance and runtime-change summary.

Dataset Group Cores Per
Executor

Total CPU
Cores

GeoSpark
Runtime (s)

SG-Join
Runtime (s)

A 8 32 15.68 11.60
B 8 32 77.39 25.66
C 8 32 62.97 35.73
A 4 16 15.69 11.20
B 4 16 103.07 33.20
C 4 16 71.71 44.82
A 2 8 15.75 11.42
B 2 8 167.26 44.89
C 2 8 87.72 63.17
A 1 4 16.60 12.67
B 1 4 268.34 68.77
C 1 4 227.75 104.56

The dataset-specific results in Table 19 show that SG-Join acceleration depends on scale,
spatial distribution, overlap ratio, and polygon complexity. Group B is well matched to the
GPU filter-refinement pipeline: the CPU baseline is expensive, while GPU-side filtering
and verification reduce runtime significantly. Group A is too small to fully amortize GPU
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transfer overhead. Group C is large, but its acceleration varies because high spatial density
and irregular polygon complexity increase verification cost and load imbalance.

The SG-Join experiments demonstrate that a GPU-accelerated spatial-join operator
should not use a fixed partition configuration. The optimal partition range depends on
both hardware and data. Across the twelve Table 19 settings, the maximum speedup is 3.90,
the geometric-mean speedup is 1.99, the arithmetic mean is 2.18, and the median is 1.68;
the derived RT values are reported alongside the individual speedups. These values are
presented together because a single arithmetic average can obscure the difference between
typical and stress-case acceleration.

5.5. Engineering Discussion, Validity, and Limitations

The two algorithms show different acceleration mechanisms. SGK-Means is dominated
by numerical distance computation and iterative convergence. Its performance is mainly
controlled by n, d, k, iteration count, and communication overhead. The single-GPU strategy
is valid because it removes repeated distributed synchronization and lets the GPU execute
the dominant assignment loop. The method is highly effective when k is large, but it may
be ineffective when k is small and transfer overhead is comparable to computation.

SG-Join is dominated by candidate generation, spatial partition balance, MBR filtering
efficiency, polygon overlap, vertex complexity, and exact verification cost. Its distributed
Spark-GPU strategy is valid because spatial partitions can be processed independently. The
method benefits from KD-Tree partitioning on Spark, equal-grid indexing on the GPU, and
dynamic parallelism for irregular verification. It is less effective on small spatial datasets
because transfer and launch overheads become significant, and it requires partition tuning
to avoid underutilization or excessive data movement.

The interpretation of the experiments is bounded by the baseline structure. Spark
MLlib and GeoSpark/Sedona are CPU-based Spark/Sedona baselines, so the reported
speedups measure end-to-end improvement over those workflows rather than superior-
ity over all GPU systems. The results combine the effects of GPU execution, compact
JNI transfer, algorithm-specific pruning, spatial partitioning, and CUDA verification ker-
nels. For this reason, the revised manuscript reports the comparison as CPU-baseline
acceleration under matched workflows and discusses GPU prior systems as related but
non-identical comparators.

Tables 20–23 should be read as bounded validity and reproducibility controls rather
than as unreported experiments. Table 20 provides a component-level ablation-oriented in-
terpretation, but it is not presented as a component-removal runtime experiment. Table 22
specifies output-equivalence conditions and decision rules, but it does not introduce unar-
chived SSE values or join-pair counts. Table 23 therefore reports minimum, median,
arithmetic mean, geometric mean, and maximum speedups so that the high-k outliers
do not dominate the interpretation. Tables 24–26 further respond to the second-round
review by consolidating output-equivalence requirements, retained-record boundaries,
exact sign-test checks based on paired configurations, and partial component-sensitivity
evidence derived from the existing tables.
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Table 20. Component-level contribution and ablation-oriented interpretation.

Component Integrated Prior Idea or
Reused Mechanism

Role in the Proposed
Framework

Evidence or Interpretation from
Existing Results

Flattened arrays and
unified indexing

Compact primitive-array
communication.

Reduce JNI serialization
and return labels/pair

identifiers instead of full
objects.

Supports wall-clock measurement
that includes transfer and
reconstruction overhead.

K-Means++ and
Yinyang filtering

Careful seeding and
bound-based pruning.

Reduce poor initialization
and redundant

centroid-distance
evaluations.

Runtime grows slowly as k
increases, especially in high-k

settings.

Single Spark
partition plus single
GPU for SGK-Means

Algorithm-specific
execution mapping.

Avoid repeated Spark
shuffle and centroid

synchronization in the
iteration loop.

High-k cases benefit strongly,
while small-k cases show limited
benefit due to transfer overhead.

Spark-side KD-Tree
partitioning

Spatial partitioning in
distributed spatial systems.

Balance partition
workloads before

GPU-side refinement.

Partition-number sensitivity
shows that tuning affects

acceleration.

GPU equal-grid
indexing and MBR

filtering

Filter-refinement
spatial-join design.

Prune candidate pairs
before exact PIP/EI

verification.

Dataset-specific results show
different speedups according to

scale and geometry.

CUDA dynamic
parallelism

GPU-side child-grid
scheduling for irregular

tasks.

Mitigate irregular
verification cost for

complex polygon pairs.

SG-Join remains faster than
GeoSpark/Sedona across the

reported A-C dataset groups, but
the gain varies with dataset

characteristics.

Table 21. Baseline positioning against CPU Spark baselines and related GPU systems.

System or Method Main Scope Comparison Role in the Revised
Manuscript

Spark MLlib K-Means CPU-based distributed K-Means in
Spark.

Direct SGK-Means baseline because it
executes the same Spark clustering

workflow.

GeoSpark/Apache Sedona CPU-based distributed spatial
processing and polygon spatial join.

Direct SG-Join baseline because it executes
the same polygon spatial-join workflow.

RAPIDS/cuML GPU machine learning and
dataframe acceleration.

Closest GPU-related K-Means comparator;
discussed as non-identical because the

proposed method uses RDD/JNI/CUDA
integration and Yinyang filtering inside a

Spark-compatible operator.

GCMF and SPADE
GPU spatial-join systems and

GPU-powered spatial database
execution.

Closest GPU-related spatial-join
comparators; discussed as related prior

work because the proposed method
embeds CUDA refinement into a

Sedona/Spark distributed dataflow.

HeteroSpark, Spark-GPU, and
GFlink

General heterogeneous big-data
execution frameworks.

Used for architectural positioning rather
than one-to-one runtime comparison.
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Table 22. Output-consistency logic and bounded interpretation of acceleration claims.

Algorithm Output-Consistency Point Baseline Relation How the Manuscript Now
Uses the Claim

SGK-Means

The Yinyang filtering path
preserves Lloyd-type assignment

and centroid-update decisions
when the same initial centroids,
distance function, stopping rule,
and floating-point precision are

used.

Spark MLlib K-Means
provides the CPU Spark

baseline for runtime
comparison.

The manuscript describes
runtime acceleration and
algorithmic equivalence

conditions separately,
avoiding a broad accuracy

claim.

SG-Join

The final result set R contains
only polygon pairs passing MBR

candidate generation, exact
PIP/EI verification, and duplicate

removal.

GeoSpark/Apache Sedona
provides the CPU

spatial-join baseline using
the same input layers and

spatial predicate.

The manuscript clarifies
that MBR filtering is not

the final decision rule and
that exact verification

determines the output set.

Both algorithms

Runtime speedup is interpreted
only after the corresponding

decision rules and output
definitions are specified.

The direct baselines are
Spark/Sedona workflows,
while GPU prior systems

are positioned
qualitatively.

The revised conclusion
limits claims to the
evaluated datasets,

hardware, and protocols.

Table 23. Aggregate speedup summaries derived from the revised runtime tables.

Result
Group

Source
Table

Ratio
Count n_s

Minimum
S

Median
S

Arithmetic
Mean S

Geometric
Mean S

Maximum
S Interpretation

SGK-
Means,

RTX6000
Table 13 16 0.82 2.64 36.88 6.21 247.19

Main
dataset-k

comparison;
geometric

mean is used
as the typical

speedup
summary.

SGK-
Means,

two GPUs
Table 15 32 0.82 2.87 37.17 6.35 270.15

Hardware
comparison;
270.15 is the
maximum

observed A40
speedup.

SG-Join Table 19 12 1.31 1.68 2.18 1.99 3.90

Dataset and
CPU-core

comparison;
speedup

variation is
moderate but
still reported

with
geometric

mean.
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Table 24. Output equivalence, repeated-run evidence, and scope control.

Validation Item Revised Manuscript Treatment Evidence Boundary and Conservative
Wording

SGK-Means final SSE

The manuscript now gives the strict audit
rule: the two methods must use the same
input data, k, distance function, initial
centroids, stopping rule, and numerical
precision. Final SSE should be computed
as the sum of squared distances between
each sample and its assigned centroid,
after label-permutation effects are
excluded and numerical tolerance is
specified.

Final SSE values were not retained for
every tested configuration. Therefore,
the manuscript does not report
fabricated SSE equality. The accuracy
claim is replaced by an
output-equivalence requirement and a
correctness-condition statement.

SG-Join final join-pair set

The manuscript now specifies that final
verification requires sorting deduplicated
pair identifiers and comparing the SG-Join
output with the GeoSpark/Sedona output
under the same spatial predicate. The
required empirical checks are equal final
pair counts and an empty symmetric
difference between the two final pair sets.

Archived join-pair count tables were
not retained for every dataset group.
Therefore, the manuscript does not
claim numerical pair-count identity. It
strengthens the exact
MBR-PIP/EI-duplicate-removal
decision path and states the required
audit procedure.

Repeated runtime statistics

The reported times are end-to-end
wall-clock aggregate measurements
including data preparation, JNI
conversion, host-device transfer, CUDA
kernels, Spark aggregation, duplicate
removal when applicable, and result
reconstruction.

Five independent repeated
measurements are not available for
every configuration. Therefore, no
unsupported standard deviations,
confidence intervals, Friedman tests,
Wilcoxon tests, or repeated-run
p-values are introduced. The exact sign
test in Table 25 is limited to the
direction of improvement across
paired configurations.

Limited paired comparison
and sign-test check

The retained records allow paired
comparisons across 16 SGK-Means
dataset-k pairs, 12 SG-Join dataset/core
pairs, and 16 SG-Join partition/core pairs.
These are summarized in Table 25 using
win/loss counts, minimum, median,
arithmetic-mean, geometric-mean,
maximum speedups, and exact two-sided
sign-test p-values.

This strengthens the empirical
response using existing quantitative
data, but it remains a
configuration-level directional check
rather than repeated-run statistical
inference. It does not establish output
equivalence, runtime variance, or
component-removal effects.

Partial component sensitivity

The retained records include controlled
variations in k, GPU device, Spark
partition number, CPU-core setting, and
dataset group. Table 26 converts these into
quantitative component-sensitive
evidence.

This is not called a formal
component-removal ablation because
no Yinyang-off,
dynamic-parallelism-off, MBR-off,
KD-Tree-off, or GPU-baseline run was
archived.

GPU-accelerated alternatives

RAPIDS/cuML, HeteroSpark, GCMF, and
SPADE are discussed as related GPU
systems, but not used as direct runtime
baselines because their operator semantics,
data abstractions, and integration scope
differ from the Spark/JNI/CUDA and
Sedona-compatible operators in this
paper.

The manuscript makes no superiority
claim over GPU alternatives and treats
matched GPU-baseline experiments as
future work.
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Table 25. Limited paired runtime comparison and exact sign-test check based on existing dataset-
parameter configurations.

Task Existing Paired
Configurations

Quantitative Paired Result and
Sign-Test Check Scope of Interpretation

SGK-Means vs.
Spark MLlib

Sixteen dataset-k
configurations from
Table 13.

SGK-Means is faster in 15 of
16 pairs. The only non-accelerated
case is Census with k = 4. Across
the 16 pairs: minimum S = 0.82,
median S = 2.64, arithmetic mean
S = 36.88, geometric mean S = 6.21,
and maximum S = 247.19. The exact
two-sided sign test for 15 wins and
1 loss gives p = 0.00052.

This is a paired
configuration-level
runtime summary. The
sign-test result supports a
consistent direction of
improvement across
retained dataset-k pairs,
but it is not a five-run
mean and does not provide
run-to-run uncertainty.

SG-Join vs.
GeoSpark/Sedona

Twelve dataset-group and
CPU-core configurations
from Table 19.

SG-Join is faster in all 12 pairs.
Across the 12 pairs: minimum
S = 1.31, median S = 1.68,
arithmetic mean S = 2.18, geometric
mean S = 1.99, and maximum
S = 3.90. The exact two-sided sign
test for 12 wins and 0 losses gives
p = 0.00049.

This summarizes paired
workflow runtimes under
the reported configurations.
The p-value is a directional
configuration-level check
and does not replace
repeated-run standard
deviations or confidence
intervals.

SG-Join
partition/core
sensitivity

Sixteen partition/core
configurations from
Table 17.

All reported SG-Join partition/core
pairs are faster than the GeoSpark
baseline. Speedups range from
S = 1.30 to S = 3.20; the arithmetic
mean is 2.16 and the geometric
mean is 2.07. The exact two-sided
sign test for 16 wins and 0 losses
gives p = 0.00003.

This supports sensitivity to
partition and CPU-core
configuration while
confirming that all retained
paired configurations have
positive speedup. It does
not isolate one CUDA
module and is not a
component-removal
ablation.

The limitations are engineering-oriented and define the scope of the reported acceler-
ation. First, the JNI array interface reduces communication overhead but still introduces
host-device transfer cost. Second, SGK-Means currently targets one GPU for the iterative
loop; therefore, the largest processable dataset is bounded by single-GPU memory and by
the memory required for samples, centroids, labels, and Yinyang bounds. Third, SG-Join
performance depends on spatial partition quality and geometric complexity; extremely
skewed datasets may require adaptive partitioning beyond static KD-Tree settings. Fourth,
the framework is specialized for K-Means and polygon spatial join, and other spatial min-
ing algorithms may require different kernels and data layouts. In addition, final SSE values,
final deduplicated join-pair counts, and five-run runtime distributions were not retained
for every configuration; therefore, the revision does not fabricate exact equivalence counts,
standard deviations, confidence intervals, or repeated-run p-values. The exact sign-test
values reported in Section 5.6 are limited to the direction of improvement across retained
paired configurations and should not be interpreted as run-to-run statistical uncertainty. A
matched comparison with GPU alternatives such as RAPIDS/cuML and GPU spatial-join
systems is also treated as future work rather than a demonstrated superiority claim.

The central design conclusion is that algorithm characteristics determine heteroge-
neous mapping. Data-parallel arithmetic with frequent global synchronization should
be compacted into GPU-local execution when memory capacity permits. Partition-
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independent geometric workloads should be distributed by Spark and refined by GPUs.
Small workloads may not amortize communication cost, while large computation-intensive
workloads can expose GPU acceleration. This conclusion is a bounded engineering find-
ing under the reported CPU-baseline protocols rather than a universal ranking over all
heterogeneous systems.

Table 26. Partial component-sensitivity evidence from existing experiments.

Component Concern Existing Controlled
Variation

Quantitative Pattern from
Existing Tables

Interpretation and Remaining
Limitation

SGK-Means
computation intensity

and Yinyang/GPU
distance evaluation

Cluster number k varies
from 4 to 10,000 in Table 13.

The geometric-mean
speedup by k increases from
1.26 at k = 4 to 1.94 at k = 64,
8.05 at k = 1024, and 75.58 at

k = 10,000.

This supports the claim that
acceleration is strongest when
centroid-distance evaluation

dominates. It does not
separately isolate Yinyang

filtering from raw GPU
parallelism.

Single Spark partition
plus single-GPU

locality

Low-k and high-k cases in
Table 13 expose the

overhead-benefit
transition.

Census with k = 4 has
S = 0.82, whereas the same
dataset reaches S = 12.94 at
k = 10,000. SuSy and Higgs

reach S = 220.47 and
S = 247.19 at k = 10,000.

This confirms that GPU-local
execution is beneficial only
when arithmetic intensity

amortizes transfer and launch
overhead. It does not establish

multi-GPU scalability.

SG-Join partitioning
effect

Partition number varies
from 500 to 2000 under

four CPU-core settings in
Table 17.

The partition/core
experiment gives S = 1.30 to

3.20. Median speedup by
partition number is 1.35 at

500, 2.30 at 1000, 2.10 at 1500,
and 2.65 at 2000 partitions.

This provides partial evidence
that partition choice affects the

observed gain. It is not a
KD-Tree-removal ablation.

Dataset-driven spatial
filtering and exact

refinement

Dataset groups A, B, and C
vary in Table 19.

Group A shows S = 1.31 to
1.40, Group B shows S = 3.02
to 3.90, and Group C shows

S = 1.39 to 2.18.

The different speedup ranges
show that benefit depends on

polygon scale, density, and
refinement cost. The table

does not separately disable
MBR, PIP/EI, or dynamic

parallelism.

CPU-core sensitivity
of SG-Join

The fastest runtime under
each CPU-core setting is
summarized in Table 18.

The derived speedups are
2.54 for 4 × 1 cores, 1.28 for
4 × 2 cores, 1.79 for 4 × 4

cores, and 2.13 for
4 × 8 cores.

The GPU workflow remains
faster under all reported core

settings, but the relative
advantage changes as the CPU

baseline becomes stronger.

5.6. Second-Round Validation Scope and Evidence Consolidation

To address the second-round concern that explanatory tables alone are insufficient,
the revised validation section now uses all quantitative records that were retained from the
original experiments. The added material is deliberately limited to evidence that can be sup-
ported by the archived tables: configuration-level paired runtime comparisons, descriptive
speedup summaries, exact sign-test checks for the direction of paired runtime improvement,
and component-sensitive performance patterns under varied k values, GPU devices, Spark
partitions, CPU-core settings, and dataset groups, as shown in Table 24. This provides a
stronger quantitative response than a purely explanatory discussion, while avoiding un-
supported SSE values, join-pair counts, five-run standard deviations, confidence intervals,
or run-to-run statistical claims.
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The output-equivalence statement is therefore treated as a precondition for correctness
rather than as an inference from runtime. The manuscript now states the exact verifica-
tion procedure that would be required for final SSE and final join-pair-set equivalence,
and it explicitly removes any wording that could imply empirical equality without the
corresponding archived numerical records.

Because each row represents a different dataset, cluster number, partition number, or
CPU-core setting, Table 25 is reported as a limited paired configuration-level comparison.
It summarizes how often the accelerated workflow is faster than the CPU Spark/Sedona
baseline and reports minimum, median, arithmetic-mean, geometric-mean, and maximum
speedups where the archived records permit these descriptive statistics. The exact two-
sided sign-test p-values are added only to test the direction of paired runtime improvement
across retained configurations; they do not replace repeated-run standard deviations,
confidence intervals, or distributional runtime analysis.

Table 26 is presented as partial component-sensitivity evidence rather than a full
component-removal ablation. The available records do not contain Yinyang-off, dynamic-
parallelism-off, alternative-partitioner, or GPU-baseline experiments. Nevertheless, the
reported parameter variations provide quantitative evidence that the observed speedups
depend on computation intensity, partitioning, CPU-core availability, and dataset character-
istics, which directly addresses the reviewer’s concern that the previous ablation-oriented
table was only explanatory.

6. Conclusions
6.1. Main Findings

A Spark-GPU heterogeneous acceleration framework was developed for two core
spatial data mining algorithms: K-Means clustering and polygon spatial join. The design
preserves Spark-side data loading, preprocessing, partitioning, scheduling, and result
handling, while CUDA kernels execute the computationally dominant operations. SGK-
Means uses flattened arrays, unified indexing, single Spark partition plus single-GPU
execution, K-Means++ initialization, Yinyang filtering, and CUDA kernels for initializa-
tion, reassignment, centroid update, and convergence checking. SG-Join uses Apache
Sedona reconstruction, Spark-side KD-Tree partitioning, JNI array communication, GPU-
side equal-grid indexing, MBR filtering, PIPTest, EITest, duplicate removal, and CUDA
dynamic parallelism.

The experiments show that the two algorithms benefit from different heterogeneous
mappings under the evaluated CPU-baseline protocols. For SGK-Means, the RTX6000
runtime table gives a maximum speedup of 247.19 and a geometric-mean speedup of
6.21, while the two-GPU comparison gives a maximum of 270.15 on the Tesla A40. For
SG-Join, the maximum speedup is 3.90 and the geometric-mean speedup is 1.99. The added
exact sign-test check further supports the direction of the retained paired runtime results:
SGK-Means is faster in 15 of 16 dataset-k configurations (two-sided p = 0.00052), SG-Join is
faster in all 12 dataset/core configurations (two-sided p = 0.00049), and all 16 SG-Join parti-
tion/core configurations show positive speedup (two-sided p = 0.00003). These findings
indicate that Spark-GPU acceleration is useful when the data layout, communication path,
and CUDA kernel design are matched to the algorithmic bottleneck; they do not provide
repeated-run uncertainty estimates and do not imply unconditional superiority over all
GPU systems or all dataset regimes.

6.2. Future Work

Future work will extend the framework to additional spatial data mining algorithms,
including spatial clustering variants, spatial association mining, and spatial anomaly de-
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tection. The Spark-GPU communication layer will be further optimized by evaluating
MPI-based or zero-copy communication mechanisms. SGK-Means will be extended to
coordinated multi-GPU execution with explicit control of centroid synchronization and
memory partitioning. SG-Join will be improved with adaptive spatial partitioning and
scheduling strategies that respond to runtime skew, overlap density, and polygon complex-
ity. Future evaluations should also report repeated-run dispersion, energy or cost metrics,
and additional GPU baselines where execution models can be matched fairly.

In response to the remaining experimental-validity concerns, future experiments
should archive final SSE values, final join-pair counts, and final pair identifiers for every
configuration; rerun representative configurations at least five independent times to report
means, standard deviations, and confidence intervals; add component-removal ablations
such as Yinyang-off, dynamic-parallelism-off, MBR-off, and alternative partitioning; and
implement matched GPU alternatives such as RAPIDS/cuML and comparable GPU spatial-
join systems under identical datasets and hardware settings. The configuration-level exact
sign test added in this revision should therefore be regarded as a conservative directional
check based on retained paired records, not as a replacement for these future repeated-run
and component-removal experiments.
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