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Abstract—Clustering algorithms such as K-means are widely
employed in machine learning and data analytics; however, their
computational complexity becomes a significant limitation when
applied to large-scale or latency-sensitive workloads. To over-
come this challenge, this study presents a hardware-accelerated
K-means clustering implementation using Field-Programmable
Gate Arrays (FPGAs) within the Open Computing Language
(OpenCL) framework. The proposed architecture leverages the
fine-grained parallelism of FPGAs to accelerate the assignment
phase, which is dominated by repetitive distance computations
between data points and centroids. The proposed heterogeneous
architecture accelerates only the assignment stage of the K-
means algorithm on the FPGA, while the centroid update and
convergence-control stages remain executed on the embedded
ARM Cortex-A9 processor. Experimental results obtained on
a two-dimensional synthetic floating-point dataset demonstrate
significant performance gains over a CPU-only implementation,
achieving speedups of up to 39× in execution time. The results
also indicate consistent and favorable scalability trends across the
evaluated synthetic two-dimensional configurations. To further
assess the generalizability of the proposed approach, the acceler-
ator was additionally validated on a real-world geospatial dataset,
confirming consistent performance gains beyond synthetic bench-
marks.
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I. INTRODUCTION

Clustering plays an essential role in data mining research
and applications and remains an active area of investigation in
various disciplines, including computer science, data science,
statistics, pattern recognition, artificial intelligence, and ma-
chine learning [1], [2]. The K-means algorithm is particularly
significant among the various clustering algorithms because it
is effective in discovering intrinsic patterns and revealing hid-
den structures in unlabeled datasets. Its use spans a wide range
of application fields, including real-time data processing, IoT
edge computing [3], [4], and big data processing environments
[5], all of which are important for cluster classification for
unlabeled data. Nevertheless, the increasing size and dimen-
sionality of today’s datasets pose serious computational chal-
lenges. With an increase in dataset size comes an increase in
complexity of the clustering process, which causes slowdowns
and performance bottlenecks that can be especially relevant in
latency-sensitive or energy-limited real-time or edge comput-
ing environments. Performance bottlenecks such as these need
to be solved to maintain the responsiveness and efficiency of
a platform for real-time or edge processing. Multi-core central
processing units (CPUs) and graphics processing units (GPUs)
have been utilized for accelerating the computation involved in

clustering [6]. While some performance improvement through
parallelization can be achieved on these architectures, neither
platform can match the power efficiency, deterministic latency,
or real-time characteristics often required in edge computing
applications, where device resources and energy consumption
are at a premium. In this context, Field-Programmable Gate
Arrays (FPGAs) have quickly gained traction as a viable option
for hardware acceleration of clustering algorithms. FPGAs are
reconfigurable architectures, which allows for fine-grained par-
allelism and deep pipelining, which gives developers the pos-
sibility to create hardware that is more closely aligned to the
computational structure in algorithms. Moreover, unlike GPUs,
which utilize a Single Instruction, Multiple Data (SIMD) that
focuses on throughput rather than determinism, FPGAs execute
tasks with low-latency and power-efficient results, which is
particularly rewarding for real-time applications. Ultimately,
the combination of flexible hardware paths, elasticity with
scalability, and energy efficiency underscores the potential
of FPGAs as an effective platform for hardware accelera-
tion of unsupervised learning algorithms. The deployment of
clustering algorithms on FPGAs introduces two significant
performance bottlenecks. First, the latency of transferring data
between the host and the FPGA device acts as an important
constraint. In many cases, the communication pipeline between
the CPU and FPGA is restricted by the use of synchronous
data transfers, and this can negatively affect overall system
throughput. This can be most detrimental to workloads that
operate iteratively, such as clustering algorithms. A second
contribution to performance limitations arises from an in-
sufficient utilization of memory reads, because a sequence
of memory operations in a clustering algorithm is irregular
and often data-dependent. To improve the efficiency of the
embedded CPU–FPGA implementation, the design adopts two
implementation-level optimization strategies:

1) Host–kernel communication management: OpenCL
command queues, non-blocking memory operations,
and event-based synchronization are used to coor-
dinate data migration, kernel execution, and result
retrieval between the ARM processor and the FPGA
kernel. These mechanisms reduce unnecessary host-
side blocking and provide a structured execution flow
for the heterogeneous implementation.

2) Burst-compatible memory access organization: Input
observations and centroid arrays are stored in con-
tiguous memory regions and accessed sequentially
through AXI-based memory interfaces. This organi-
zation enables the HLS tool to infer burst-oriented
memory transactions and reduces inefficient random
memory accesses in the distance-computation kernel.

www.ijacsa.thesai.org 857 | P a g e



(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 17, No. 7, 2026

It is important to clarify the scope of this work. The
proposed FPGA implementation accelerates the K-means as-
signment stage, specifically the nearest-centroid distance com-
putation. The centroid update and convergence-control oper-
ations remain executed on the ARM processor. Therefore,
the reported speedups refer to the heterogeneous implemen-
tation of the profiled K-means workload under the evalu-
ated configurations, not to a fully hardware-implemented K-
means pipeline. The current implementation evaluates two-
dimensional floating-point datasets generated synthetically.
The main contributions of this work are summarized as fol-
lows:

• An OpenCL-based heterogeneous CPU–FPGA imple-
mentation that accelerates the assignment stage of K-
means on the FPGA while preserving the centroid
update and convergence-control operations on the em-
bedded ARM processor.

• A profiling-guided hardware/software partitioning ap-
proach that identifies the nearest-centroid distance
computation as the main acceleration candidate.

• A lightweight FPGA kernel design using local cen-
troid buffering, loop-level parallelism, and burst-
compatible AXI memory access for accelerating the
distance-computation stage.

• A host–kernel communication flow based on OpenCL
command queues, non-blocking memory operations,
and event-based synchronization to coordinate data
migration and kernel execution.

• An embedded CPU–FPGA performance evaluation us-
ing synthetic two-dimensional floating-point datasets
with varying numbers of data points and clusters,
complemented by FPGA resource utilization analysis
on the XC7Z020 device and validation on a real-world
geospatial dataset to confirm the generalizability of the
proposed accelerator.

The remainder of this study is organized as follows: Sec-
tion II reviews the related work, including previous FPGA-
based hardware acceleration approaches, K-means algorithm
optimizations, and OpenCL programming for FPGAs. Sec-
tion III presents the necessary background, including a detailed
overview of the K-means clustering algorithm. Section IV
describes the proposed methodology and the transition from
the baseline implementation to the OpenCL-based FPGA-
accelerated version. Section V presents the experimental setup,
performance evaluation, and comparative analysis with existing
works, followed by a discussion of the limitations. Finally,
Section VI concludes the study by summarizing the main
findings and outlining directions for future research.

II. RELATED WORK

Due to the growing need to process large-scale datasets
efficiently, scientific research has recently engaged in hard-
ware acceleration for machine learning algorithms. Effective
training of various machine learning algorithms, such as K-
means, requires substantial computational resources and time.
Therefore, these algorithms are often executed on FPGAs to
take advantage of the power of reconfigurable hardware and
accelerate their processing [7].

A. FPGA-Based Hardware Acceleration

FPGAs stand as a highly promising option for executing
high-performance computations due to their remarkable at-
tributes. They present a good balance between performance
and power consumption, coupled with an interesting level of
flexibility that enables users to configure these architectures
to implement a customized application. The advantage of
reconfigurability in FPGAs allows them to be fine-tuned to
match the demands of the target computation. Recently, many
studies have been published discussing software and hardware
optimization and implementation methods of hardware accel-
erators using FPGAs [8], [9], [10], [11], [12]. Among them,
our earlier work [8] introduced a preliminary approach, which
the current study significantly extends and refines.

In addition, FPGAs have been presented as a mid-point
solution providing a trade-off of GPU performance and ASIC
efficiency while maintaining high flexibility and reconfigura-
bility. They have been broadly recognized in the literature as
being well-suited to accelerating machine learning. A review
of more than 120 FPGA implementations of neural network
accelerators demonstrates the wide generality of applications
of FPGAs to diverse deep learning architectural styles, i.e.,
CNNs and RNNs, including ResNet-2 and LSTM [13]. The
study also proposes a set of benchmark metrics and optimiza-
tion techniques that cross many design classes with a useful
starting point for benchmarking and optimizing accelerator
performance.

As stated above, the effective utilization of machine learn-
ing methods demands a substantial amount of processing
power. Even conventional multi-core CPUs are burdened by the
computational complexity of these algorithms. In light of this,
[14] proposed a reconfigurable architecture to deploy machine
learning algorithms by implementing a Neural Network in an
FPGA. The final results were compared with a Raspberry Pi
(a conventional CPU) implementation. The proposed FPGA
implementation architecture is 33646 times faster than the
traditional CPU or core-based method.

In the ESA-funded CloudScout project, a bespoke FPGA-
based accelerator was compared with the Intel Myriad 2
Vision Processing Unit (VPU) for on-board inference of a
Convolutional Neural Network (CNN) for hyperspectral cloud
detection in a CubeSat context [15]. The research showed that
FPGA integration provided shorter inference time and greater
flexibility than VPU, foreseeing the promise of FPGAs in
resource-limited environments such as space. While the FPGA
took more power and development time, its better performance
and space qualification made it a suitable candidate for long-
duration Low Earth Orbit (LEO) and interplanetary missions.
These results demonstrate the applicability of FPGAs to a wide
range of applications demanding effective on-board processing.

In addition to their benefits in deep learning applications,
FPGAs have effectively sped up traditional machine learning
algorithms. For instance, a recent study described a parame-
terized and scalable FPGA-based hardware accelerator for an
embedded systems Support Vector Machine (SVM) classifier
that relies on convex optimization [16]. With high classification
accuracy, the architecture offers up to 79× acceleration over
its software counterpart, allowing real-time operation and
scalability to datasets of various sizes. This work validates
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the feasibility of FPGAs as a general-purpose platform for
machine learning acceleration by showing their adaptability
and efficiency in accelerating data-intensive machine learning
computations.

B. OpenCL for Heterogeneous Computing

Considerable progress in parallel computing has been made
possible by the advent of heterogeneous computing systems.
Given this, OpenCL has attracted attention as a standard
that facilitates task-parallel and data-parallel heterogeneous
computing on a variety of processing platforms, such as CPUs,
GPUs, DSPs, and other coprocessor accelerators [17]. Its
flexibility lies in the way it manages arithmetic-intensive data-
parallel workloads on these various processing units. OpenCL’s
flexibility and efficiency for heterogeneous computing have
been the subject of numerous research studies. Paper [18]
provides an overview of the key architectural features of
current microprocessor designs and outlines the OpenCL pro-
gramming model as a standard developed for these archi-
tectures. Furthermore, OpenCL has been used to accelerate
computationally demanding methods, such as Convolutional
Neural Networks (CNNs). A study in [19] suggested using
OpenCL to accelerate CNNs on Xilinx ZYNQ-7000 FPGAs.
This approach achieved speedups of up to 10× over CPU
implementations while maintaining comparable accuracy on
well-known datasets such as MNIST and CIFAR-10. This
illustrates OpenCL’s ability to enable effective hardware accel-
eration without the complexity of conventional HDL design.
It also supports the deployment of machine learning models
for platforms with limited resources and rapid prototyping.
Yongbon et al. have also presented a study analyzing the
efficacy of OpenCL to speed up machine learning applications
[20]. Their study’s main goal was to create an implementation
of Darknet, a deep learning-based object identification frame-
work, that is hardware-compatible with universal accelerators.
Darknet’s limited utility resulted from its initial support of
only NVIDIA CUDA for processing acceleration. Getting
over the limitation and beating the original CUDA version
is the primary objective of this research. The performance
of OpenCL-Darknet was evaluated on two different AMD
hardware setups: an AMD Radeon RX560 with OpenCL 1.2
and an AMD R7-integrated APU with OpenCL 2.0. For this
assessment, the VOC 2007 dataset was used. Furthermore,
they performed a performance comparison between OpenCL-
Darknet and the original Darknet using an NVIDIA GTX 1050
with CUDA 8.0 and cuDNN 6.0. The findings revealed that
compared to CUDA and cuDNN, OpenCL-Darknet exhibited
a performance discrepancy of 2.5x to 4.4x for YOLOv2 and
of 3.2x to 6.4x for TinyYOLO.

C. FPGA-Based Hardware Acceleration of K-means Algo-
rithm with OpenCL

Tang et al. provides an exploration of the K-means al-
gorithm via HLS of OpenCL code [21]. Due to inefficient
memory bandwidth use, the initial implementation of the
sequential baseline K-means algorithm performs poorly on the
FPGA. The optimal approach relied on two kernels that utilized
the FPGA’s local memory. In the best scenario, speedups of up
to 21× are obtained for implementations on an Altera Stratix
V FPGA in comparison to an Intel Xeon Hexa-core processor.

In [22], a hybrid implementation of the K-means is pre-
sented to compare the speedup to an ARM CPU implementa-
tion. The proposed implementation carries out only some of the
steps of the algorithm; the software carries out the remaining
steps. The goal of this hybrid method is to reduce FPGA area
overhead while increasing processing performance. The FPGA
circuits are used to compute the similarity distance metric,
which is based on the Manhattan distance, and to group data
points based on their closest centroid. Moreover, the centroid
values are updated by the software. Compared to the software
version of the ARM processor, the experimental results reveal
a speedup of about 10×.

In [23], the presented approach used High-Level Synthesis
to test 10 distinct OpenCL implementations of the K-means
algorithm on an FPGA platform. In addition to evaluating
memory optimization strategies, including on-chip buffering
and vectorization, the study investigated NDRange and task
kernel models and examined performance across a variety
of datasets and configurations. Their implementation showed
energy savings of up to 80% and a speedup of increase to
1.54× over a high-performance CPU baseline.

III. K-MEANS CLUSTERING

The K-means clustering algorithm is one of the most
popular unsupervised learning methods to partition datasets
into unique groups by similarity. K-means has been used
successfully across many research areas, including image
processing [24], market analysis [25], data processing [26],
medical image segmentation [27], risk evaluation [28], [29],
etc. K-means is a partitional clustering algorithm, meaning
that it partitions a dataset into a pre-defined number of non-
overlapping subsets, or clusters. The core principle of K-means
is to cluster data points to maximize intra-cluster similarity
(data points are grouped together as closely as possible) and
minimize inter-cluster similarity (data points in different clus-
ters are distinguishable). In general, this is done by minimizing
the sum of squared distances (errors) from an individual data
point to the centrally located (mean) representative of its
assigned cluster, which is where the K-means algorithm gets its
name. The K-means procedure uses iteration where it initially
provides a set of cluster centers and then performs alternating
steps, where in each step the algorithm first assigns each point
to the nearest cluster center, and then the next step updates each
cluster center to be the mean of the points that were assigned to
it until reaching convergence. Convergence is usually reached
when either the assignments change no longer, or when the
error is reduced to less than some previously assumed degree.

A. Problem Formulation

Given a dataset X = {x1,x2, . . . ,xN}, where xi ∈ Rd

represents the i-th data point in a d-dimensional space, the goal
of K-means is to partition X into k clusters {C1, C2, . . . , Ck}.
The optimization objective is to minimize the within-cluster
sum of squared distances (WCSSD):

J =

k∑
j=1

∑
xi∈Cj

∥xi − µj∥2 (1)

where, µj denotes the centroid of cluster Cj , calculated as:
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µj =
1

|Cj |
∑

xi∈Cj

xi (2)

The optimization alternates between assigning data points
to clusters and updating centroids until convergence.

B. Algorithm Steps

The K-means algorithm involves the following steps:

• Initialization: Choose k initial centroids,
µ
(0)
1 , µ

(0)
2 , . . . , µ

(0)
k . Initialization methods include

random selection or heuristic techniques like K-
means++.

• Assignment Step: For each data point xi, determine
its cluster assignment based on the nearest centroid:

c
(t)
i = argmin

j
∥xi − µ

(t)
j ∥2 (3)

Alternatively, this can be represented using a binary indi-
cator matrix rij :

rij =

{
1, if xi is assigned to cluster j,
0, otherwise.

(4)

• Update Step: Recalculate the centroids for each cluster
based on the current assignments:

µ
(t+1)
j =

∑N
i=1 rijxi∑N
i=1 rij

(5)

• Convergence Check: Repeat steps 2 and 3 until the
number of observations whose cluster assignment
changes between consecutive iterations falls below a
predefined threshold.

C. Computational Complexity

K-means’s computational complexity is affected by the
number of data points N , the number of clusters k, the di-
mensionality d, and the number of iterations T . Each iteration
requires O(Nkd) computations for the assignment step and
O(kd) for updating centroids, leading to an overall complexity
of:

O(TNkd)

While this complexity is manageable for small datasets,
it becomes prohibitive for large-scale data due to the iterative
nature of the algorithm and the repeated distance computations.

Despite its simplicity, the K-means algorithm has several
limitations, particularly its low scalability as the dataset size
increases. The computational cost of the algorithm, mainly
due to distance calculations, increases rapidly as the num-
ber of data points and dimensions increases. However, in
hardware implementations, these distance calculations, which
dominate the execution time, can be efficiently accelerated
using FPGAs. By offloading these intensive calculations to
FPGAs, computational bottlenecks are reduced, leading to

significant improvements in execution time. This hardware
acceleration approach is particularly beneficial when dealing
with large, high-dimensional datasets or real-time applications,
as explored in subsequent sections of this study.

IV. ADOPTED METHODOLOGY

The proposed methodology is divided into three principal
phases, as illustrated in Fig. 1. The first phase focuses on the
design process of the overall application architecture, which
describes the functional and structural components needed for
the implementation. The second phase concentrates on the
development of the OpenCL kernel, where computationally
intensive tasks are defined and optimized for execution on
the FPGA. The final phase involves establishing efficient
communication between the host processor and the FPGA
kernel through the use of OpenCL APIs, ensuring seamless
data transfer and coordination between software and hardware
components.

Fig. 1. Overview of the adopted methodology.

A. Application Architecture Design

Before embarking on the design of a hardware-accelerated
application, it is imperative to conduct thorough architectural
planning. This initial planning phase encompasses the de-
velopment of an implementation plan, specifying the level
of computational parallelism to achieve, and selecting which
software tasks should be migrated to hardware as custom
kernels. The process begins with a baseline profiling of the
application’s non-optimized CPU version. Profiling tools (e.g.,
GNU gprof) are used to extract the execution time of each
function TCPU

i . The fraction of time consumed by a given
function i is then computed as:

ϕi =
TCPU
i∑

j T
CPU
j

(6)

where, ϕi represents the relative contribution of function i
to the total runtime. Functions with large ϕi values are natural
candidates for FPGA acceleration.

The second step involves identifying the portions of the ap-
plication that will experience the most significant performance
improvement through the acceleration of relevant functions
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in hardware. This selection process requires a critical eval-
uation of each function’s computational load and its potential
efficiency gains when implemented in hardware. Not every
function will provide a meaningful acceleration by implement-
ing the function in hardware, and it can conceivably cost the
application overall performance. Therefore, the analysis in this
iterative process is critical to ensure that hardware resources
are optimized.

B. OpenCL Kernel Development

The second stage of the suggested process focuses on
using OpenCL to convert the application’s computationally
demanding components into effective hardware kernels. In
order to get notable performance improvements through hard-
ware acceleration on FPGA platforms, this step is essential.
Task selection, kernel implementation, and kernel optimization
are the three primary sub-stages that comprise this phase.
The first step in this phase is to identify functions or code
segments that consume the most computational resources.
These segments typically involve nested loops, large matrix
computations, or repetitive arithmetic operations. Tools such
as gprof, Google Performance Tools (gperftools), or platform-
specific profilers such as Vitis Analyzer can be used to detect
these hotspots. Once identified, the selected tasks are isolated
and analyzed for suitability for parallelization and offloading.
Priority is given to functions that operate on large datasets,
exhibit high levels of parallelism (data or task parallelism),
and have minimal dependencies between iterations. After task
selection, the identified code blocks are rewritten as OpenCL
kernels, which are functions that can be executed in parallel
on the FPGA. The kernel design follows a load-compute-store
structure:

• Load: Data are transferred from the host to the FPGA.

• Compute: The kernel performs the required operations
on the hardware part.

• Store: The results are sent back to the host.

The OpenCL kernel is described at a high level using
C/C++-based functional specifications. High-Level Synthesis
(HLS) tools, such as Vitis HLS, automatically translate these
functional descriptions into Register Transfer Level (RTL)
implementations suitable for FPGA synthesis. The execution
time of a kernel K on the FPGA can be expressed as:

T FPGA
K = Tload + Tcompute + Tstore (7)

where, Tload and Tstore correspond to the data transfers be-
tween the host and the FPGA, and Tcompute represents the kernel
computation time. To enhance performance, HLS optimization
directives (pragmas) are applied to control loop unrolling,
pipelining, and data access patterns, thereby reducing Tcompute.
Additionally, techniques such as burst transfers, buffer reuse,
and memory coalescing are employed to minimize Tload and
Tstore, ensuring efficient utilization of both computational and
memory resources.

C. Code Adaptation: Host-Kernel Communication

Effective communication between the FPGA kernel and
the host application is a crucial component of performance
improvement in hardware-accelerated systems. While the host
application coordinates overall execution, controls data trans-
fers, and handles input/output activities, the kernel code,
which is executed on the FPGA, carries out computationally
demanding tasks. This section describes the methodology used
to integrate the host and kernel components, ensuring efficient
communication within the implementation of the K-means
algorithm. As presented in Fig. 2, the host application is
responsible for:

• Allocating memory buffers for input data (e.g., obser-
vations and cluster centroids) and output data (e.g.,
cluster assignments).

• Transferring data between the host and the FPGA
device.

• Launching the kernel on the FPGA and monitoring its
execution status.

• Retrieving results from the kernel and performing any
post-processing required.

For this work, the host code was written in C/C++ and in-
terfaced with the FPGA kernel using the OpenCL framework,
which offers an abstraction layer that facilitates communication
between the host and the kernel through a unified programming
model.

Fig. 2. OpenCL framework overview.

V. PERFORMANCE EVALUATION

A. Experimental Setup

The proposed heterogeneous K-means accelerator was im-
plemented on a Xilinx ZedBoard featuring a Xilinx Zynq-
7000 XC7Z020-CLG484-1 SoC integrating a dual-core ARM
Cortex-A9 processing system (PS) and programmable logic
(PL). The FPGA design was developed using the Xil-
inx OpenCL development flow under PetaLinux, while the
software-only baseline was executed entirely on the embedded
ARM Cortex-A9 processor. Consequently, all reported speedup
values correspond to comparisons between the heterogeneous
CPU–FPGA implementation and the ARM processor executing
the same K-means algorithm under identical experimental
conditions. The input data consisted of randomly generated
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floating-point values. Experiments were conducted on datasets
ranging from 4,000 to 30,000 data points with varying numbers
of clusters, and performance was evaluated using kernel execu-
tion time measured in milliseconds. To further validate the pro-
posed accelerator on real-world data, additional experiments
were conducted using the SimpleMaps World Cities dataset.
The hardware and software configuration used throughout the
experiments is summarized in Table I.

TABLE I. HARDWARE AND SOFTWARE CONFIGURATION OF THE
FPGA-BASED IMPLEMENTATION.

Parameter Specification

FPGA board Xilinx ZedBoard
FPGA device XC7Z020-CLG484-1
Processing System Dual-core ARM Cortex-A9
Operating system PetaLinux
Development environment Vitis Unified ide 2021.2
HLS tool Vitis HLS 2021.2
OpenCL version OpenCL 1.2
Target clock period / frequency 10 ns / 100 MHz

1) Selection of the acceleration candidate: The accel-
eration candidate was selected based on the computational
structure of the K-means algorithm and preliminary profiling
of the CPU implementation. In each iteration, the assignment
stage compares every data point with every centroid. For
a dataset with N points, k clusters, and dimensionality d,
this stage requires O(Nkd) distance computations. Therefore,
the nearest-centroid computation is expected to dominate the
execution time, especially when N or k increases.

In the implemented software version, this computation
is performed by the calculateNearest function, which
iterates over the centroids and computes the Euclidean distance
between each data point and each centroid. For this reason,
calculateNearest was selected as the main candidate for
FPGA acceleration. Preliminary profiling confirmed that this
function was the main hotspot; however, the profiling output
is used only as qualitative guidance and not as an exact timing
breakdown.

2) OpenCL kernel development: The selected
calculateNearest function was implemented as an
OpenCL kernel targeting the programmable logic of the Zynq
device. The kernel computes the nearest centroid for each
input observation and stores the corresponding cluster index in
the output array. The centroid update and convergence-control
operations remain executed on the ARM processor. This
implementation incorporates various HLS directives that were
strategically employed to guide the HLS tool during synthesis.
The following directives were utilized to interface with the
memory and control units:

a) Memory interfaces: #pragma HLS INTERFACE
m_axi directives were employed for the input and output
arrays. These directives define the memory interface for the
input and output arrays, allowing seamless communication
between the hardware accelerator and the external memory.

b) Control interfaces: #pragma HLS INTERFACE
s_axilite directives were utilized for scalar control vari-
ables. These directives facilitate the creation of lightweight
control registers for efficient communication between the host
(Processing System PS) and the hardware accelerator (Pro-
grammable Logic PL).

Algorithm 1 K-means Kernel Algorithm
1.5em 0.75em
1: Input: ptClusX, ptClusY, obsX, obsY

numObservations, k, minD
2: Output: indices
3: Initialize local arrays localptClusX and localptClusY
4: Copy cluster coordinates into local arrays
5: for i = 0 to numObservations− 1 do
6: localMinD← minD
7: bestCluster← 0
8: for c = 0 to k− 1 do
9: #pragma HLS UNROLL

10: dx ← localptClusX[c]− obsX[i]
11: dy ← localptClusY[c]− obsY[i]
12: localDistance← d2x + d2y
13: if localDistance < localMinD then
14: localMinD← localDistance
15: bestCluster← c
16: end if
17: end for
18: indices[i]← bestCluster
19: end for

In addition to the interface directives, other optimization
directives were considered to enhance the algorithm’s per-
formance. The incorporation of the loop unrolling pragma
(#pragma HLS UNROLL) emerged as a crucial strategy.
Specifically, the loop unroll pragma was strategically applied to
the loop responsible for computing the distance between data
points and cluster centroids, as mentioned in the pseudocode
below. This directive instructs the HLS tool to generate multi-
ple copies of the loop body to reduce loop control overhead and
enhance parallelism. It is particularly impactful in scenarios
where the loop iterations are independent, as is often the case
in distance calculations. By unrolling the loop, the compiler
is empowered to exploit pipeline parallelism and optimize the
overall execution time. K-means kernel algorithm is presented
in Algorithm 1.

The independence of the data and the loop iterations
served as the motivation behind the implementation of the
(#pragma HLS UNROLL) directive within the distance com-
putation method. Multiplication and accumulation operations
are carried out on separate data elements in each iteration
without creating dependencies on earlier or later iterations.
This characteristic makes the loop highly amenable to un-
rolling, as the compiler can generate multiple parallel hardware
instances that execute simultaneously. This takes advantage of
the arithmetic resources on the FPGA giving higher throughput
and less overall latency. Utilizing unrolling should be advan-
tageous in clustering algorithms where distance calculations
apply repeatedly to massive datasets, and this key aspect is a
performance bottleneck.

3) Optimizing data communication between host and de-
vice: In hardware-accelerated systems, optimizing the data
transfer between the host (CPU) and the FPGA is critical
for achieving high performance. Therefore, this study seeks to
improve the communication pipeline with asynchronous data
transfers and non-blocking memory transactions. These two
approaches are critical for reducing idle times and processing
workloads concurrently between the host and the FPGA.
We utilize asynchronous data transfers via two independent
command queues in OpenCL: (transfer_q) for memory
transfers, and (compute_q) for kernel executions. Both com-
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mand queues are instantiated in out-of-order execution mode,
allowing for overlapping transfers and kernel execution. This
design reduces the waiting times for data to arrive before
processing and ensures that the FPGA is continuously utilized.
In this configuration, the transfer of the input data from host
memory to the device memory and the kernel execution in the
FPGA memory are non-blocking operations; this enables the
accelerator to begin the computation as soon as it has enough
of the required data to start, while the rest of the data transfers
to host occur simultaneously. This structure will maximize
the overall throughput of the system, since both computation
and data movement will execute concurrently. To improve
performance, we leverage non-blocking memory transactions.
The OpenCL call - enqueueMigrateMemObjects() -
facilitates the migration of data between host and device.
Data transfer is performed asynchronously so that the host
can do further work concurrently with the Data transfer.
OpenCL events synchronize the different stages of the process
without blocking. This allows the host to start executing the
kernel as soon as the required data points have been received.
Also, the host can continue reading the output data while the
device writes to memory without waiting for all operations to
complete. These techniques are essential for reducing idle time
and ensuring that the data movement and computation phases
are not bottlenecked by synchronization or waiting for data.

B. Experimental Results

1) Convergence criterion: To ensure a fair performance
comparison, both the software-only and heterogeneous CPU–
FPGA implementations were evaluated using the same K-
means convergence criterion and termination condition. The
algorithm iteratively alternates between the centroid recom-
putation and cluster assignment stages until convergence is
achieved. Convergence is assessed by counting the number
of observations whose cluster assignments differ between two
consecutive iterations. Let c(t) denote the number of reassigned
observations at iteration t. The iterative process terminates
when the number of changed assignments falls below or equals
a predefined threshold proportional to the dataset size N:

c(t) ≤
⌊

N

10000

⌋
(8)

Consequently, both implementations perform the same
number of K-means iterations and satisfy an identical conver-
gence condition, ensuring that the reported execution times and
speedup measurements correspond to algorithmically equiva-
lent workloads.

2) Execution time results of OpenCL kernel: In this sec-
tion, we report the findings of our performance study, which
compares the execution times of our heterogeneous solution
with FPGA acceleration with regular CPU execution. The
objective of this study is to show the efficiency of non-
blocking memory transactions and asynchronous data transfer
in enhancing the overall system performance. Performance
evaluation was conducted through two distinct experiments
using a randomly generated float dataset:

• Varying the Number of Clusters: The data points were
kept fixed at 15,000 while the number of clusters was
varied across a range of 32 to 256 (Fig. 3 and Table II).

• Varying the Number of Data Points: The cluster num-
ber was maintained at 128, and the number of data
points was changed in the range of 4,000 to 30,000
(Fig. 4 and Table III).

To quantify the performance improvement of the FPGA im-
plementation over the CPU, we calculate the overall speedup
as the ratio of the CPU execution time to the FPGA execution
time. Formally, the Speedup is defined as:

Speedup =
TCPU

TFPGA
(9)

where, TCPU and TFPGA represent the execution times on
the CPU and FPGA, respectively. A speedup greater than 1
indicates that the FPGA implementation is faster than the CPU.

In the initial experiment, as presented in Table II and
illustrated in Fig. 3, the execution times of the CPU and FPGA
implementations were evaluated while maintaining a constant
dataset size (15,000 data points) and varying the number of
clusters k. The results demonstrated a pronounced divergence
in performance between the two architectures.

TABLE II. FPGA VS. CPU K-MEANS KERNEL PERFORMANCE WITH
15000-POINT DATASET.

k FPGA+CPU time (ms) CPU time (ms) Speedup

32 3.177 16.543 5.2x
64 3.206 32.353 10.1x
128 3.223 64.149 20x
256 3.25 127.613 39.26x

Fig. 3. FPGA vs. CPU K-means kernel performance with 15000-point
dataset.

The CPU experienced a marked increase in execution time
with increasing cluster counts, which can be attributed to
the algorithmic processing complexity that increased cardi-
nally with cluster count, thereby demanding more processing
time. The FPGA implementation, by contrast, demonstrated
much more consistent and scalable performance. Although
a marginal increase in execution time was observed with
additional clusters, the FPGA’s parallel processing capabilities
and optimized memory management mitigated the impact of
the rising computational load, preventing a proportional esca-
lation in runtime. Comparatively, the FPGA implementation
achieved a speedup of up to 39X compared to the CPU,
which is particularly useful for clustering, which is inherently
computationally intensive.
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In the second experiment, shown in Fig. 4 and summarized
in Table III, the number of clusters was held constant (k=128)
while the dataset size was scaled from 4,000 to 30,000 data
points.

TABLE III. FPGA VS. CPU K-MEANS ALGORITHM PERFORMANCE WITH
K=128

N FPGA+CPU time (ms) CPU time (ms) Speedup

4000 2.706 17.08 6.3x
8000 2.792 34.215 12.25x
10000 2.875 42.774 14.87x
12000 3.078 50.323 16.34x
14000 3.203 59.843 18.68x
16000 3.616 68.361 18.9x
20000 3.883 85.522 22.02x
30000 4.258 128.171 30x

Fig. 4. FPGA vs. CPU K-means algorithm performance with k=128.

Consistent with the first experiment, the CPU exhibited
a steep rise in execution time as the dataset expanded. This
is largely attributed to the inherent limitations in CPU-based
architectures to deal with large amounts of data, where the
overhead of sequential processing and data transfer becomes a
tremendous bottleneck. On the other hand, the heterogeneous
execution model based on FPGA presented better scalability in
big data processing. With asynchronous data transfer and non-
blocking memory access, the FPGA initiated kernel execution
as early as there was partial data, thus facilitating computation
in parallel with ongoing data transfer. This was an optimization
that significantly lowered the overall processing latency. When
dealing with bigger datasets, the performance improvements
were more noticeable, and the FPGA outperformed the CPU by
up to 30X, which supported the findings from the initial trial.
The results demonstrate the architectural advantages of FPGAs
for carrying out data-intensive tasks since they can transfer
data and conduct computations simultaneously, offloads the
inefficiencies of conventional CPU-based processing.

To analyze the performance and reliability of the proposed
K-means kernel on FPGA, we performed 10 independent
executions for a dataset with a fixed problem size of N=30,000
data points and k=128 clusters. As illustrated in Table IV
and Fig. 5, execution time for the CPU ranged from 128.206
ms to 128.596 ms, while FPGA execution times ranged from
4.066 ms to 4.723 ms. The resultant speedup, defined as
the CPU execution time divided by FPGA execution time,

Fig. 5. K-means Kernel execution time (N=30000, k=128) for 10 tests.

ranged from 27.16× to 31.53×, with an average of 29.5×.
These results show that the FPGA implementation constantly
provided improved speed above the CPU, with stable and
reproducible execution times, thereby confirming its suitability
for real-time applications.

TABLE IV. CPU AND FPGA EXECUTION TIMES FOR 10 TESTS
(N=30,000, K=128).

Test CPU Time (ms) CPU + FPGA Time (ms) Speedup

1 128.849 4.225 30.49x
2 128.277 4.723 27.16x
3 128.206 4.188 30.61x
4 128.207 4.311 29.73x
5 128.211 4.066 31.53x
6 128.390 4.123 31.13x
7 128.275 4.505 28.47x
8 128.293 4.467 28.72x
9 128.324 4.541 28.25x
10 128.596 4.452 28.88x

3) Resource utilization: We also analyzed the FPGA re-
source consumption of the designed K-means kernel. Table V
summarizes the hardware resource utilization of the proposed
FPGA accelerator. The design occupies only 7.74% of the
available LUTs, 5.17% of the registers, 0.71% of BRAM
resources, and 3.18% of the DSP slices available on the
XC7Z020 device. These results indicate that the proposed
accelerator achieves substantial performance improvements
while utilizing only a small fraction of the FPGA resources.
The low BRAM utilization demonstrates that the design does
not require extensive on-chip storage, while the limited DSP
usage confirms that the implementation remains lightweight
and scalable. Such moderate resource consumption leaves sig-
nificant headroom for future optimizations, including the repli-
cation of processing elements, support for higher-dimensional
datasets, or the integration of multiple clustering kernels within
the same device. The reported speedups of up to 39× are
therefore achieved without exhausting the available FPGA
resources, highlighting a favorable performance-to-resource
trade-off. Beyond resource consumption, post-implementation
timing analysis confirms that the design reliably meets its
performance target. The kernel was constrained to a 100 MHz
(10 ns period) operating frequency, and static timing analysis
after place-and-route reported all timing constraints as met,
with a worst-case (critical path) positive margin of 0.754 ns.
This confirms that the reported execution times and speedups
correspond to a design that is fully timing-closed at its target
operating frequency.
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TABLE V. HARDWARE RESOURCE UTILIZATION OF THE K-MEANS
KERNEL ON FPGA.

Resource Type Used Available Utilization (%)

Slice LUTs 4118 53200 7.74
– LUTs as Logic 3558 53200 6.69
– LUTs as Memory 560 17400 3.22
Slice Registers 5498 106400 5.17
– Registers as Flip-Flop 5498 106400 5.17
Block RAM (BRAM) 1 140 0.71
DSP Slices (DSP48E1) 7 220 3.18

The finalized FPGA device layout with the K-means kernel
implementation is shown in Fig. 6. The embedded ARM pro-
cessor is visible in the left corner of the chip in the figure. The
close integration of the processing system and programmable
logic is demonstrated by this architectural layout, which also
highlights an effective design approach specifically designed
to improve the K-means algorithm’s performance.

Fig. 6. The FPGA chip floorplan of the K-means kernel implementation.

4) Power consumption analysis: The proposed FPGA-
based implementation exhibits a total on-chip power consump-
tion of 1.833 W, including 1.688 W of dynamic power and
0.145 W of static power, as illustrated in Fig. 7.

The Processing System (PS7) accounts for approximately
90% of the dynamic power consumption, while the remaining
power is distributed among the programmable logic resources,
including clocks, signals, logic, DSP blocks, BRAM, and clock
management circuitry. This behavior is consistent with the
proposed hardware–software co-design approach, where the
ARM Cortex-A9 processor is responsible for host execution,
memory management, and OpenCL runtime control, whereas
the FPGA fabric accelerates only the computationally intensive
distance calculation kernel.
Despite the dominant contribution of the processing system,
the overall power consumption remains below 2 W, demon-
strating the suitability of the proposed architecture for power-
constrained embedded platforms.

Fig. 7. On-chip power consumption of the proposed hardware-software
co-design implementation.

5) Evaluation on a real-world dataset: To evaluate the
proposed CPU–FPGA accelerator under realistic operating
conditions, experiments were additionally conducted using
the SimpleMaps World Cities dataset. This dataset contains
real-world geospatial data with naturally non-uniform spatial
distributions, providing a more representative benchmark for
assessing the clustering performance on practical applications.

The dataset consists of 50,250 populated places worldwide.
For the K-means clustering task, only the two numerical spatial
attributes, latitude and longitude, were used as input features.
The characteristics of the dataset are summarized in Table VI.

TABLE VI. CHARACTERISTICS OF THE SIMPLEMAPS WORLD CITIES
DATASET.

Property Description

Dataset Type Real-world geospatial dataset
Instances 50,250 cities
Dimensions Used 2 (Latitude, Longitude)
Original Attributes City name, country, administrative region,

latitude, longitude, population, capital status, etc.
Domain Geographic locations worldwide

The same experimental methodology adopted for the syn-
thetic datasets was applied to the real-world dataset. Table VII
reports the execution times obtained for the proposed CPU–
FPGA implementation and the software-only CPU implemen-
tation.

TABLE VII. EXECUTION TIME COMPARISON ON THE SIMPLEMAPS
WORLD CITIES DATASET.

N k FPGA+CPU Time (ms) CPU Time (ms) Speedup

50 250 128 5.4 214.757 ∼ 39.7×

The experimental results demonstrate that the proposed
accelerator maintains its performance benefits on real-world
data, achieving an approximate 39× speedup over the software-
only implementation. This performance is consistent with the
gains observed on the synthetic datasets, despite the larger size
and more irregular spatial distribution of the real-world dataset,
demonstrating the scalability and generalization capability of
the proposed architecture.
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TABLE VIII. COMPARISON OF THE PROPOSED IMPLEMENTATION WITH REPRESENTATIVE FPGA/OPENCL-BASED K-MEANS ACCELERATION
APPROACHES.

Reference Platform Programming
Model

Baseline Dataset / Precision Acceleration Scope Speedup

Tang & Khalid
[21]

Altera Stratix V
A7

OpenCL 6-core Intel
Xeon W3670

Benchmark suite /
Integer

Complete K-Means using two OpenCL kernels
with local-memory optimization

3×–21×

Canilho et al.
[22]

FPGA Hybrid
Platform

RTL/HLS ARM CPU Not specified Partial acceleration: distance computation and as-
signment in hardware; centroid update in software

≈10×

Paulino et al.
[23]

FPGA OpenCL High-
performance
CPU

Integer datasets / In-
teger

Complete K-Means using multiple OpenCL task
and NDRange kernel implementations

Up to 1.54×
(+80%
energy
savings)

Baydoun et al.
[30]

GPU CUDA /
OpenMP

Sequential
CPU

Multiple datasets
and feature
dimensions

Complete software implementation (GPU and
multi-core CPU)

≈2×
(OpenMP),
≈6×
(CUDA)

Proposed
Work

Xilinx Zynq-
7000 XC7Z020

OpenCL Embedded
ARM Cortex-
A9

Synthetic 2D
/SimpleMaps
World Cities
dataset/ Floating-
point

Partial acceleration: nearest-centroid assign-
ment on FPGA; centroid update and conver-
gence control on ARM

Up to 39×
(29.5× av-
erage)

6) Performance comparison: Table VIII compares the
proposed implementation with representative FPGA/OpenCL-
based K-Means accelerators. Direct comparison of the re-
ported speedups should be interpreted with caution because
the evaluated studies differ in FPGA architecture, processor
baseline, numerical precision, dataset characteristics, and im-
plementation scope. For instance, Tang and Khalid [21] and
Paulino et al. [23] implement complete K-Means accelerators,
whereas the proposed architecture adopts a heterogeneous
hardware/software partitioning in which only the computa-
tionally dominant assignment stage is offloaded to the FPGA,
while centroid recomputation, convergence checking, and ex-
ecution control remain on the embedded ARM processor.
This partitioning is a deliberate design choice that exploits
the FPGA for massively parallel, compute-intensive operations
while retaining the control-oriented and less computationally
demanding tasks on the processor, thereby reducing hardware
complexity and resource utilization without sacrificing overall
performance. Furthermore, several previous FPGA implemen-
tations rely on integer arithmetic, whereas the proposed design
operates on floating-point data, which generally incurs higher
computational and hardware costs. In addition, the reported
speedups are obtained using different processor baselines,
ranging from embedded ARM processors to high-performance
desktop CPUs. Consequently, the reported performance figures
should be interpreted within the context of each implementa-
tion rather than as direct performance rankings.

7) Limitations and scalability discussion: Although the
proposed heterogeneous architecture achieves substantial ac-
celeration for two-dimensional floating-point datasets, several
limitations should be acknowledged. First, the current imple-
mentation is specialized for two-dimensional observations, and
extending the design to higher-dimensional feature vectors
requires additional arithmetic operations for each distance
evaluation. Consequently, the computational complexity of
the assignment stage increases proportionally with the fea-
ture dimension, leading to higher DSP, LUT, and routing
requirements when parallelism is maintained. Moreover, larger
feature vectors increase the amount of data transferred between
external memory and the FPGA, making memory bandwidth
progressively more critical and potentially limiting the achiev-

able acceleration. Nevertheless, the adopted hardware/software
partitioning remains applicable because the assignment stage
continues to dominate the computational cost of the K-Means
algorithm, while the centroid update and convergence-control
operations remain comparatively lightweight and are efficiently
handled by the embedded ARM processor. Future work will
therefore investigate scalable kernel architectures based on
parameterized dimensionality, data tiling, and optimized mem-
ory hierarchies to improve performance for high-dimensional
clustering problems.

VI. CONCLUSION

This study presented an OpenCL-based FPGA accelera-
tion of the K-means clustering algorithm on a Xilinx Zynq
platform. The proposed heterogeneous architecture offloads
the computationally intensive distance calculation stage to
programmable logic while retaining control-oriented tasks on
the embedded processor. This hardware/software partitioning
enables efficient exploitation of parallelism while preserving
implementation flexibility. Experimental evaluation demon-
strated speedups of up to 39× compared with the CPU im-
plementation on synthetic benchmarks, with consistent per-
formance gains confirmed on a real-world geospatial dataset,
supporting the generalizability of the proposed approach be-
yond controlled synthetic conditions. Resource utilization fur-
ther showed that these performance gains are achieved with
modest consumption of LUTs, BRAMs, and DSP slices. The
results confirm the suitability of FPGA-based acceleration
for computationally intensive clustering workloads. Our study
indicates that a hybrid CPU–FPGA architecture is highly
effective for accelerating iterative, data-intensive algorithms
such as K-means. Future research will aim to expand the
proposed methodology to handle more complex datasets, as
well as more sophisticated algorithms, to thoroughly evaluate
its scalability and performance in demanding scenarios. We
also aim to explore the integration of multi-FPGA systems and
distributed processing architectures to better exploit parallelism
and accelerate deep learning algorithms. Furthermore, we will
investigate advanced methods to optimize off-chip memory
access to reduce data transfer latency and improve overall
efficiency. These guidelines are meant to augment and expand
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current design practice. They help in creating energy-efficient
and high-speed hardware accelerators for a range of machine
learning and deep learning applications.
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