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Scalable FPGA hardware architecture for parallel
reduct computation in big datasets Using rough sets

Maciej Kopczynski

Abstract—Rough set theory, originally proposed by Z. Pawlak,
constitutes an important framework for data analysis and
processing in intelligent systems. As contemporary computa-
tional environments generate increasingly large datasets, the
efficiency of data processing has become a central concern.
Data reduction represents a key mechanism for improving
computational performance. In the context of rough sets, such
reduction is achieved through the elimination of redundant
information using reducts. Existing reduct-generation algorithms
are predominantly software-based, which entails several inherent
limitations, including fixed word-length constraints and overhead
associated with instruction fetching and data manipulation. These
factors contribute to comparatively low execution performance.
Hardware-oriented approaches offer substantially higher pro-
cessing throughput. This study introduces an FPGA-based hard-
ware solution incorporating a softcore CPU, designed for parallel
computation of reducts in large datasets. The proposed solution
was evaluated on two real-world datasets executed directly within
the FPGA environment, with dataset sizes ranging from 1 000 to
1 000 000 objects. For benchmarking purposes, a corresponding
implementation in C was executed on a standard PC. Processing
times for both hardware and software variants were recorded
and analyzed.
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I. INTRODUCTION

MAjor challenge in the development of efficient decision
support systems is the time required to process input

data, particularly when dealing with large-scale datasets, com-
monly referred to as big data. This term encompasses exten-
sive, heterogeneous, and dynamically evolving collections of
data whose analysis is computationally demanding yet highly
valuable, as it often reveals previously inaccessible patterns
or knowledge. A dataset may be regarded as ”large” when
it exceeds the capabilities of standard analytical tools and
widely accessible computational resources [14]. The point at
which this occurs depends on the complexity of the algorithms
employed and may range from megabytes to terabytes.

Numerous techniques have been proposed to address the
computational burden posed by such datasets, with particular
emphasis on knowledge discovery and data reduction. Rough
set theory represents one such approach, offering a mechanism
for reducing the dimensionality of the data by eliminating
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attributes that do not contribute essential information. Intro-
duced by Z. Pawlak [18], rough set theory extends classical
set-theoretic notions to accommodate uncertainty and incom-
pleteness. Two concepts play a pivotal role in this framework:
reduct and the core [20]. A reduct is a minimal subset of
attributes that preserves the classification capability of the
full dataset, while the core consists of attributes that are
indispensable and present in every possible reduct.

Field Programmable Gate Arrays (FPGAs) provide a recon-
figurable hardware platform whose architecture can be adapted
to implement custom digital logic, typically using hardware
description languages such as VHDL. Their flexibility, to-
gether with substantial potential for fine-grained parallelism,
makes FPGAs well suited for accelerating rough set com-
putations. As a result, they can serve as high-performance
computational units in both embedded and general-purpose
systems operating on large datasets.

The primary objective of this study is to develop an FPGA-
based architecture for reduct computation, employing spe-
cialized processing units capable of executing operations in
parallel. Compared with conventional software-based imple-
mentations, the proposed solution achieves significantly higher
computation speeds, often by several orders of magnitude.

Prior research has predominantly concentrated on software-
oriented solutions or algorithms with low computational com-
plexity. For instance, [1] presents a feature extraction algo-
rithm with linear-time complexity tailored to specific data
domains. Other software solutions exploit parallel process-
ing frameworks such as MapReduce, as illustrated by the
parallel rough set approximation method in [24]. Additional
approaches include Binarized Neural Networks (BNNs) opti-
mized for memory and computational efficiency [4], as well
as hardware–software hybrid accelerators for sparse convolu-
tional neural networks [6]. Notably, an FPGA-based acceler-
ator for a Deep Convolutional Neural Network implementing
the AlphaGo Policy Network is reported in [7].

Several hardware implementations of rough set techniques
have also been proposed. A sample processor for generating
decision rules from decision tables is introduced in [17], while
[12] proposes a processor based on cellular network concepts
following earlier work in [13]. A hardware mechanism for
minimizing large logic functions using discernibility matrices
is presented in [8]. Although [16] offers efficient heuristics for
computing rough set approximations and reducts, the proposed
approaches remain software-based. More recent hardware-
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level advances include an FPGA implementation of the LEM2
algorithm [15] and RTL-level modules for computing lower
and upper approximations [23]. Paper [22] describes design
of exact reduct rough set hardware accelerator.

The author’s earlier contributions include a conceptual
rough set processor [21], hardware-supported reduct compu-
tation units [9], and scalable modules for processing larger
datasets in core [10] and reduct [11] computation. A two-
stage reduct computation algorithm was additionally proposed
in [5].

The present work introduces a new hardware-assisted ap-
proach enabling multiple parallel reduct computations for large
datasets. The proposed architecture extends previous research
described in [9] and [10]. The earlier implementation in [9]
demonstrated high performance for small datasets (up to 107
objects) residing entirely within FPGA memory, but scalability
was limited by on-chip storage. The subsequent solution in
[11] enabled processing of larger datasets but was restricted
to a single computational core.

The remainder of this paper is structured as follows. Section
II introduces the principles of reduct computation in rough
set theory and outlines the proposed algorithm. Section III
presents the architecture of the hardware system, detailing its
components and data flow. Section IV reports the experimental
evaluation, including dataset characteristics and configuration
details for both hardware and software environments. Finally,
Section V summarizes the findings and outlines directions for
future research.

II. THEORY OF OPERATION

This section presents a comprehensive overview of the
algorithm developed for generating reducts on FPGA. It also
introduces the formal concept of a reduct within rough sets
including all essential definitions. The section concludes with
an explanation of the fundamental operation mechanism.

A. Definition of Reduct

Consider a DT decision table (U,A∪ d), where U denotes
the universe of objects, A represents the set of conditional
attributes, and d defines decision attribute. Let the cardinality
of the universe be |U | = n, where n > 0 is a natural number.

For any subset B ⊆ A and any attribute a ∈ B, the indis-
cernibility relation IND(B) is defined as a binary relation
over U that groups together objects indistinguishable with
respect to all attributes in B:

IND(B) = {(x, y) ∈ U × U : ∀a∈B ; a(x) = a(y)} (1)

We introduce the following notions:
• an attribute a ∈ B is superfluous if removing it does not

change the induced indiscernibility relation: IND(B) =
IND(B \ a). In other case a is called relevant.

• a set B is independent if every attribute in B is relevant.
A reduct is any subset R ⊆ A that satisfies two require-

ments:
1) Independency — the set R is independent, and

2) Preservation of indiscernibility — IND(R) =
IND(A).

Thus, a reduct allows the partitioning of the universe in-
duced by the full attribute set A, meaning that the attributes
in A \R are redundant from the perspective of classification.

Since multiple subsets of A may satisfy the reduct con-
ditions, the collection of all reducts of A is denoted by
Red(A) = {R1, . . . , Rr} [18], [20].

B. REDUCT-PHIDM Algortihm

A widely used approach to computing reducts relies on the
discernibility matrix. Let U denote the universe of objects, A
the set of conditional attributes, and d the decision attribute,
with |U | = n for some natural number n > 0.

The REDUCT-PHIDM algorithm (REDUCT Parallel
Hardware Indirect Discernibility Matrix) is founded on iden-
tifying the maximal frequency of occurrence of individual
conditional attributes. Traditional discernibility-matrix meth-
ods require storing the full matrix DM as a two-dimensional
structure of |U | × |U | size, which becomes impractical for
large datasets due to excessive memory consumption. Such
an approach is infeasible for FPGA execution, where memory
resources are limited.

This constraint lead to the design of a hardware-oriented
solution—REDUCT-PHIDM. The algorithm partitions the
dataset into m segments distributed across multiple inde-
pendent memory blocks, each supplying data to dedicated
processing modules. These memory segments are processed
sequentially or in parallel depending on configuration. For
clarity, the pseudocode illustrates the simplest version of the
REDUCT-PHIDM consisting of a single subRED module
supported by two memory units: a shared block RAMcmn

accessible to all modules, and a dedicated block RAM1 (the
first of the RAMn units for an individual subRED). More
details are presented in Section III.

The pseudocode for the algorithm is presented below:

REDUCT-PHIDM Algorithm
INPUT: decision table DT = (U,A ∪ {d}), two natural

numbers n,m > 0
OUTPUT: reduct R ⊆ A

1: R← ∅
2: for a ∈ A do
3: for b ∈ A do
4: counts(b)← 0
5: end for
6: for cnt1 ← 0 to m− 1 do
7: RAMcmn ← {x ∈ U : xcnt1·n to x(cnt1+1)·n−1}
8: for cnt2 ← cnt1 to m− 1 do
9: RAM1 ← {x ∈ U : xcnt2·n to x(cnt2+1)·n−1}

10: for x ∈ RAMcmn do
11: for y ∈ RAM1 do
12: if d(x) ̸= d(y) then
13: for c ∈ A \R do
14: if c(x) ̸= c(y) then
15: counts(c)← counts(c) + 1
16: end if
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17: end for
18: end if
19: end for
20: end for
21: end for
22: end for
23: redAttr ← {b ∈ A \R :

counts(b) = max{counts(a) : a ∈ A \R}
24: R← R ∪ {redAttr}
25: end for

The REDUCT-PHIDM algorithm takes a decision table DT
as input and produces a reduct R as output. The procedure
begins by initializing R as an empty set. The outer loop in
line 2 is responsible for iterating over the dataset a number of
times equal to the number of conditional attributes. Lines 3–5
reset all entries in the counts vector, which is used to track
the frequency of occurrence for each attribute.

The nested loops in lines 6 and 8 select specific partitions of
the decision table. The DT is divided into m segments, each
containing n objects. Lines 7 and 9 load the selected segments
into the FPGA’s on-chip RAM blocks. Loops in lines 10 and
11 then extract pairs of objects from the loaded segments for
comparison. Line 12 evaluates whether the decision attribute
values of objects x and y differ; only when they belong to
distinct decision classes, the algorithm proceeds with further
processing.

The loop in line 13 covers all conditional attributes not yet
included in the created reduct R. For each attribute, if objects
x and y differ in value (line 14), the entry in the counts
vector is incremented by one. Once all object comparisons
are completed, line 23 selects the attribute with the highest
occurrence count. This attribute in redAttr is appended to
the reduct R (line 24).

In more advanced configurations, where multiple subRED
modules operate in parallel, the REDUCT-PHIDM loads ad-
ditional partitions of DT into the various RAMn memory
blocks, what is covered in line 9. Likewise, comparisons of
decision and conditional attribute values occur between the
object taken from RAMcmn and the objects stored in each
RAMn block across all instantiated subRED units, what is
covered by lines 12–18.

III. HARDWARE IMPLEMENTATION

This section provides a detailed description of the hardware
implementation of the REDUCT-PHIDM algorithm, including
the complete system architecture, its constituent submodules,
and the primary data flows.

A. System Architecture

The system architecture deployed on the DE-3 development
board consists of the following components:

• Stratix III FPGA — the primary computational unit,
integrating all hardware logic, including the embedded
processor and the dedicated blocks for reduct computa-
tion,

Fig. 1: System overall architecture.

• DDR2 RAM — external memory accessed by the NIOS
II softcore processor used for support software, the com-
plete dataset retrieved from the Secure Digital memory
card, and all intermediate and final results,

• SD Flash Memory — used for persistent storage of
datasets in binary form.

The FPGA serves as the core of the system, implementing
the control logic, dataflow coordination, and the subRED
modules that perform parallel generation of parts of reducts.
The overall FPGA-based system architecture is illustrated in
Fig. 1.

The system is composed of the following components:
• RAMcmn — a memory block containing the portion

of the decision table that is compared against the data
segments stored in the individual subRED Generator
Blocks;

• subREDGeneratorBlock — a computational unit (de-
scribed in detail later in this section) responsible for
performing comparisons and calculations between two
selected parts of the decision table.

Algorithm is executed by control software running on the
NIOS II softcore processor. During each iteration of lines
6–22 of the REDUCT-PHIDM algorithm (see Section II-B),
the RAMcmn block is loaded with a segment of the decision
table (line 7). Each subRED block likewise stores its own
designated segment of the table. A subRED module computes
attribute occurrence counts according to the procedure outlined
in lines 10–20. When multiple instances of the subRED
block are instantiated, the operations corresponding to lines
10–20 can be replicated and executed concurrently, enabling
substantial parallelism and reducing overall computation time.

B. Submodule Design

The REDUCT-PHIDM algorithm (Subsection II-B) con-
structs a reduct using the discernibility matrix [18], [20]. The
hardware realization of these operations is encapsulated within
the subRED module. Its architecture, illustrated in Fig. 2, is
composed of the following elements:

• Attribute Router with Masking — a dedicated routing
unit that distributes signals derived from the discernibility
matrix to the ones counters. It supports attribute masking,
enabling selected attributes to be excluded from process-
ing. This behavior corresponds to the condition a ∈ A\R
in line 23 of the algorithm.
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Fig. 2: Block diagram of the subRED module.

• OC0, . . . , OCM — a set of ones counters, each responsible
for counting the number of ’1’ bits associated with a
specific attribute in the discernibility matrix. Each OCi

is assigned to exactly one attribute.
• Adder0, . . . , AdderM — accumulation units that sum the

counts returned by the ones counters, corresponding to
the operation performed in line 15 of the algorithm. Every
Adderi is dedicated to a single attribute.

• Latch0, . . . , LatchM — storage elements used to retain
intermediate occurrence counts for each attribute. One
Latchi is provided per particular attribute.

The following components, also depicted in Fig. 2, are
shared across all instantiated subRED modules:

• Maximum — a module that identifies the attribute with
the highest accumulated occurrence count,

• Control Logic — module responsible for generating con-
trol signals, including attribute selection, latch reset after
each computation cycle, and forwarding the most frequent
attribute to the Reduct block,

• Reduct — the register holding the final reduct produced
by the system.

As each segment of the discernibility matrix is processed,
the ones counters, together with the adders and latches,
accumulate the total occurrence count for every attribute
represented in the matrix. After all processing cycles have been
completed, the Maximum module shared among subRED
blocks identifies the attribute with the highest accumulated
count. This information is provided to the control logic, which
then forwards the selected attribute to the Reduct register and
subsequently marks it as ignored for the remaining iterations.
When all attributes have been masked out, the content of the
Reduct register constitutes the final reduct, and the computa-
tion terminates.

Attribute selection and masking are executed within the
Attribute Router with Masking (ARM) module. Each entry of
the discernibility matrix is delivered to the ARM, where the
relevant signals are provided depending on the attribute cur-
rently evaluated and subsequently processed by an AND-based

masking stage. When the bit corresponding to an attribute is
asserted in the Red register, the AND suppresses all matrix
entries related to that attribute. The resulting masked outputs
are then propagated to the Ones Counters, which handle the
subsequent stages of computation.

IV. EXPERIMENTS

This section presents the results of the experimental study,
including descriptions of the data, methodology, the experi-
mental conditions, and a discussion of the obtained results.

A. Data

This work employs two benchmark datasets: the Poker Hand
[2] and a medical dataset characterizing children diagnosed
with insulin-dependent diabetes mellitus [19].

The Poker Hand dataset, sourced from the UCI Machine
Learning Repository [3], comprises 1 000 000 instances, each
representing a five-card hand taken from a standard 52-card
deck. Every card is specified by its suit and rank, resulting
in ten conditional attributes per instance. Decision attribute
identifies the resulting poker combination, covering ten classes
arranged according to decreasing frequency: no combination,
one pair, two pairs, three of a kind, straight, flush, full house,
four of a kind, straight flush, and royal flush.

Type 1 diabetes mellitus is a chronic metabolic condition
marked by impaired insulin production, requiring therapeutic
insulin supplementation. The corresponding dataset contains
107 patient records, described by twelve conditional attributes,
including physical examination findings and laboratory mea-
surements, and one decision attribute representing the pres-
ence or absence of microalbuminuria. The original dataset is
presented in [19], with an extended software-based evaluation
provided in Chapter 6 of [20].

For experimental purposes, the Poker Hand dataset was
downsampled to construct subsets of sizes between 1 000 and
500 000 objects, while maintaining the original distribution
of decision classes. Conversely, the diabetes dataset was
expanded to sizes between 1,000 and 1,000,000 objects by
replicating records from the source data.

All datasets were subsequently converted into a binary
format. For both datasets, each attribute value was coded using
4 bits. Consequently, each object occupied 44 bits in the Poker
Hand dataset and 52 bits in the diabetes dataset. To comply
with FPGA memory alignment requirements, every object was
padded to a 64-bit word by appending zero-valued bits.

B. Results

The software implementation of the REDUCT-PHIDM al-
gorithm described in Section II-B was developed in the C
programming language. It should be emphasized that the
implementation utilized only a single CPU core to provide a
fair basis for comparison between the PC and FPGA solutions.
The experiments were conducted on a workstation equipped
with 32GB of RAM and a 4-core Intel Core i7-1185G7
3.0GHz processor, running the Windows 11. The source code
was compiled using the GNU GCC 12.1 compiler with the O2
compilation setting.



SCALABLE FPGA HARDWARE ARCHITECTURE FOR PARALLEL REDUCT COMPUTATION IN BIG DATASETS USING ROUGH SETS 5

Quartus II 13.1 was used for the compilation code in
VHDL language. The synthesized solution was deployed on
a Terasic DE-3 evaluation board containing a Stratix III
EP3SL150F1152C2N FPGA device. The FPGA operated at a
50MHz clock frequency derived from the on-board oscillator,
which was used for all sequential components of the design.
The implemented REDUCT-PHIDM algorithm corresponds to
the version presented in Section II-B.

The NIOS II softcore processor, together with the
embedded-system peripherals, was generated using the
Qsys 13.1 IDE. The accompanying NIOS II software was
implemented in C and compiled via the NIOS II Software
Build Tools for Eclipse.

Timing measurements were performed using a LeCroy
WaveSurfer 104MXs-B oscilloscope (1GHz BW, 10GS/s sam-
pling). For execution times, that could not be measured by
oscilloscope, on-chip hardware timers instantiated within the
FPGA were employed.

It should be noted that the PC clock frequency is approx-
imately clkPC

clkFPGA
= 60 times higher than the FPGA system

clock. All experiments were conducted using the datasets
described in Section IV-A, with sizes ranging from 1 000
to 1 000 000 objects. In every case, preprocessing (binary
transformation and discretization) was performed on the PC.

Table I presents the execution times of the hardware (tH )
and software (tS) implementations of REDUCT-PHIDM al-
gorithm for both datasets. The hardware solution in the first
configuration employed a single instance of the subRED gen-
erator block. Segments of the dataset were stored in RAMcmn

and RAM1.
The last two columns of the tables show the acceleration

factors with (Cclk) and without (C) correction for the clock-
frequency difference between the both types of implementa-
tion. The abbreviations used for dataset size are k = 103 and
M = 106.

Table II presents the execution times for the hardware
(tH ) and software (tS) implementations for the configuration,
where the hardware system employs two instances of the
subRED module. The corresponding segments of the dataset
are distributed across RAMcmn, RAM1, and RAM2.

Table III presents the execution times for the hardware (tH )
and software (tS) implementations for the configuration, where
the hardware system utilizes four instances of the subRED
module. The corresponding dataset segments were stored in
RAMcmn, RAM1, RAM2, RAM3, and RAM4.

The different hardware configurations require following
FPGA resources:

• 24 782 Logical Elements (LE) for a configuration using
one subRED block,

• 39 408 Logical Elements (LE) for a configuration using
two subRED blocks,

• 48 718 Logical Elements (LE) for a configuration using
four subRED blocks.

The Stratix III FPGA provides a total of 113 600 Logical
Elements, and the above values covers resources used by the
hardware modules and the NIOS II softcore processor.

Figure 3 shows the relationship between the number of ob-
jects and the execution time for both types of implementation

TABLE I: Execution time for both types of implementation
for REDUCT-PHIDM algorithm (one subRED block).

Objects tH tS C = tS
tH

Cclk = 60 tS
tH

— [s] [s] — —
Poker Hand dataset

1k 0.051 0.527 10.310 618.578
2.5k 0.217 2.727 12.578 754.691
5k 0.926 11.327 12.237 734.211
10k 3.483 43.922 12.609 756.516
25k 20.584 271.724 13.201 792.038
50k 79.121 1 112.276 14.058 843.472

100k 365.181 4 477.226 12.260 735.618
250k 2 199.903 27 374.271 12.443 746.604
500k 8 504.588 110 877.710 13.037 782.244
1M 31 088.792 402 407.110 12.944 776.628

Diabetes dataset
1k 0.051 0.293 5.728 343.655

2.5k 0.217 1.515 6.988 419.273
5k 0.926 6.293 6.798 407.895
10k 3.483 24.401 7.005 420.287
25k 20.584 150.958 7.334 440.021
50k 79.121 617.931 7.810 468.595

100k 365.181 2 487.348 6.811 408.677
250k 2 199.903 15 207.929 6.913 414.780
500k 8 504.588 61 598.728 7.243 434.580
1M 31 088.792 223 559.505 7.191 431.460

TABLE II: Execution time for both types of implementation
for REDUCT-PHIDM algorithm (two subRED blocks).

Objects tH tS C = tS
tH

Cclk = 60 tS
tH

— [s] [s] — —
Poker Hand dataset

1k 0.030 0.527 17.320 1039.212
2.5k 0.129 2.727 21.131 1267.881
5k 0.551 11.327 20.558 1233.474
10k 2.074 43.922 21.182 1270.947
25k 12.253 271.724 22.177 1330.623
50k 47.096 1 112.276 23.617 1417.032

100k 217.370 4 477.226 20.597 1235.838
250k 1 309.466 27 374.271 20.905 1254.295
500k 5 062.255 110 877.710 21.903 1314.170
1M 18 505.234 402 407.110 21.746 1304.735

Diabetes dataset
1k 0.030 0.293 9.622 577.340

2.5k 0.129 1.515 11.740 704.378
5k 0.551 6.293 11.421 685.263
10k 2.074 24.401 11.768 706.082
25k 12.253 150.958 12.321 739.235
50k 47.096 617.931 13.121 787.240

100k 217.370 2487.348 11.443 686.577
250k 1 309.466 15 207.929 11.614 696.830
500k 5 062.255 61 598.728 12.168 730.094
1M 18 505.234 223 559.505 12.081 724.853

and configuration of subRED modules. Axes are presented
on a logarithmic scale.

The presented results demonstrate a substantial improve-
ment in data-processing performance across all evaluated
configurations. When compared with the software implemen-
tation of the row-by-row discernibility matrix computation
(the REDUCT-PHIDM algorithm), the hardware execution
achieves a speed-up of approximately 5 times when using



6 M. KOPCZYNSKI

TABLE III: Execution time for both types of implementation
for REDUCT-PHIDM algorithm (four subRED blocks).

Objects tH tS C = tS
tH

Cclk = 60 tS
tH

— [s] [s] — —
Poker Hand dataset

1k 0.019 0.527 27.193 1 631.563
2.5k 0.082 2.727 33.176 1 990.573
5k 0.351 11.327 32.276 1 936.554
10k 1.321 43.922 33.256 1 995.386
25k 7.804 271.724 34.818 2 089.079
50k 29.997 1 112.276 37.079 2 224.741

100k 138.452 4 477.226 32.338 1 940.266
250k 834.055 27 374.271 32.821 1 969.243
500k 3 224.366 110 877.710 34.387 2 063.247
1M 11 786.773 402 407.110 34.141 2 048.434

Diabetes dataset
1k 0.019 0.293 15.107 906.424

2.5k 0.082 1.515 18.431 1 105.874
5k 0.351 6.293 17.931 1 075.863
10k 1.321 24.401 18.476 1 108.548
25k 7.804 150.958 19.343 1 160.599
50k 29.997 617.931 20.599 1 235.967

100k 138.452 2 487.348 17.965 1 077.926
250k 834.055 15 207.929 18.234 1 094.024
500k 3 224.366 61 598.728 19.104 1 146.248
1M 11 786.773 223 559.505 18.967 1 138.019

Fig. 3: Processing time in relation to input data size.

a single subRED module and up to 37 times when four
subRED modules are employed. After accounting for the
clock-frequency difference between the PC and FPGA, the
effective speed-up increases significantly, yielding average
factors of 418 times (1 instance) and 1 988 times (4 instances).
For a fixed hardware configuration, the speed-up remains
nearly constant and is consistent across all evaluated dataset
sizes.

The hardware processing times for both datasets are iden-
tical. The bit-width of individual objects does not influence
execution time as long as it fits within the defined memory
boundaries. Each hardware processing unit always operates
on fixed-size 64-bit words and executes the same sequence of
operations regardless of the dataset’s original attribute width.

This holds for all configurations of the proposed reduct-
computation hardware modules.

Expanding the horizontal size of the dataset (i.e., increasing
the number of condition attributes) is possible; however, it
requires enlarging the comparator structures in the DMGM
module and increasing the width of the ones counters in
the RGM and ARM modules. This is necessary because the
system must process a wider binary word within the same
clock cycle. Such modifications substantially increase FPGA
resource requirements. In these cases, a larger FPGA device
would be necessary, although modern high-capacity chips,
such as the Intel Agilex I-Series 040 FPGA, which offers
millions of logical elements, can satisfy these demands.

It should also be noted that the average speed-up obtained
by increasing the number of subRED modules is not linear.
The measured improvements are:

• 1.680 times for a solution with two subRED blocks,
• 2.638 times for a solution with four subRED blocks.

The reduction in scaling efficiency is primarily due to the
overhead introduced by the NIOS II processor, which must
copy binary data into the RAMn memories. As the number
of subRED modules increases, this data-transfer overhead
becomes more significant, thereby reducing the overall speed-
up.

V. CONCLUSIONS AND PLANS FOR RESEARCH

Presented reduct calculation approach based on pro-
grammable logic demonstrates significant performance advan-
tages over traditional software solutions. By exploiting the
inherent parallelism and configurability of FPGA devices,
the proposed architecture substantially reduces computation
time, even for very large datasets. These results highlight
the potential of hardware acceleration as a foundational com-
ponent of scalable decision-support systems, particularly in
domains where rapid or real-time processing is essential,
such as medical diagnostics, embedded classification engines,
cybersecurity systems, and large-scale data analytics pipelines.

Although the current implementation already achieves no-
table speed-ups, the hardware reduct-calculation units have not
yet been exhaustively optimized. Several promising avenues
exist for further performance enhancement. Increasing the
FPGA clock frequency or introducing dual-edge triggering
would directly reduce cycle counts for sequential operations.
Additionally, pipelining internal processing stages and refining
routing strategies within the FPGA could minimize latency
and improve throughput. Since the scaling results indicate
that computation accelerates with replication of the reduct
modules, deeper exploration of architectural parallelism is also
justified. At present, four parallel units occupy roughly half of
a medium-size Stratix III device, suggesting that significantly
larger and more powerful modern FPGA platforms could
support dozens of parallel reduct units, enabling near real-time
processing even for extremely large datasets.

Future work will therefore concentrate on several comple-
mentary directions. One line of research involves evaluating
different granularities of the subRED modules, potentially
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leading to more efficient resource utilization or higher op-
erating frequencies. Another promising direction is to inte-
grate multiple softcore processors or lightweight hardware
controllers to manage data transfers for large collections of
parallel reduct units. Additionally, optimizing the communica-
tion pathways between external memory, on-chip RAM blocks,
and the processing modules may further reduce bottlenecks
caused by data movement.

An important consideration for future development is the
nature and quality of the processed data. The current hardware
architecture is optimized for consistent decision tables that
contain no missing or uncertain attribute values. However,
many modern datasets, especially those collected from medi-
cal, sensor-based, or social systems, are incomplete or noisy.
As rough set theory inherently supports reasoning under un-
certainty, extending the hardware framework to accommodate
incomplete information systems represents a natural and nec-
essary next step. Achieving this capability would substantially
broaden the range of practical applications and reinforce the
role of hardware-accelerated rough set methods in future
intelligent systems.

It should also be noted that the presented experimental
methodology compares a parallel FPGA-based architecture
with a sequential software implementation. Consequently, an
important direction for future research will be the evaluation of
the proposed hardware approach against contemporary parallel
software solutions, including implementations based on multi-
core CPUs, SIMD vectorization and GPU computing.
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