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METHOD FOR CREATING SVM CLASSIFIER FOR DATA ANALYSIS ON FPGA

The paper explores the use of SVM classifier method for data analysis on FPGA, which, despite its effectiveness, may face
challenges related to limited resources and data processing speed. In this context, there is a need to develop new methods for
integrating SVM classifiers with high-performance computing hardware. The increasing demand for speed and energy efficiency
requires new approaches to implementing machine learning methods. One of the key tools for data classification and analysis is the
Support Vector Machine (SVM), widely used in business, science, medicine, and many other fields. Developing an efficient and
optimized method for creating SVM classifiers for FPGA requires further research and development, as existing methods may be
suboptimal in terms of speed and FPGA resource utilization. The article provides an overview of known hardware solutions to this
problem, proposed in the current scientific literature. Additionally, the effectiveness of combining hardware and software
components to achieve significant acceleration of the data analysis process is discussed. The article emphasizes the need for further
research and improvement to fully realize the transformative potential of machine learning classification methods.

The work resulted in the development of a new, specialized, and optimized hardware accelerator based on FPGA for the
Support Vector Machine (SVM) method using convex optimization (CO) on embedded platforms. The proposed embedded
architectures are designed to be universal, parameterized, and scalable. This means that these embedded solutions can
accommodate different datasets of varying sizes and can be implemented on various embedded platforms, including those equipped
with the latest FPGAs. They are also capable of handling both linear and nonlinear discrimination across multidimensional datasets.

Keywords: SVM classifier, machine learning, convex optimization, FPGA, data analysis methods, data classification,
support vector machine.

Cepriit IUCEHKO, €prenis LUITYJIAP

XMebHULBKU# HalllOHAJIbHUN yHIBEpCUTET

METO/J CTBOPEHHS SVM-KIIACUDIKATOPA
JJIAA AHAJII3Y JAHUX HA BA3I FPGA

B poboTi JOC/mKEHO BUKOPUCTAHHS METOLY CTBOPEHHS SVM-Kknacugikaropa 415 aHam3y AaHmx Ha 6asi FPGA, wo
HE3BAXaloY1 Ha CBOK EQMEKTUBHICTb, MOXE CTUKATUCS 3 BUK/IMKaMU, [10BA3aHUMU 3 OOMEXEHNMU pecypcamm Ta LUBUAKOZIED
06p0o6Ku  faHnx. Y LbOMYy KOHTEKCTI BUHUKAE HEOOXIAHICTb PO3BUTKY HOBUX METOZiB iHTerpauli SVM-knacngikatopis 3
BUCOKOMPOAYKTUBHUM OBYUC/IIOBA/IbHNUM O6/IaAHAHHAM. 3pocTaroda rnotpeba y WBNAKOLNN Ta eHEProepheKTUBHOCTI BUMArac HOBUX
11iAxo4i8 A0 peasnizalii METo4iB MAaLMHHOrO Has4YarHs. OAHUM 3 KIIOYOBUX IHCTPYMEHTIB /1S Kiacu@ikayii 1a aHam3y AaHnx €
MeToy ornopHux BekTopis (SVM - Support Vector Machine), skmi Lmpoko BUKOPUCTOBYETLCS Y BIZHEC), HayLli, MEAULMHI Ta 6araTboX
HLLMX rasny3sx. Po3pobka eqhekTBHOro 1a OrTuMI30BaHOro METOAY CTBOPEHHS SVM-knacugikatopa 45 FPGA Bumarae 404aTKoBux
AOCTIIWKEHD T PO3POOKY, OCKIJIbKM ICHYIOYI METOAN MOXYTb BYTU HEOMTUMA/IbHUMU 3 TOYKW 30py LUBUAKOAI Ta BUKOPUCTaHHS
pecypcis FPGA. Y CTatTi rpe4CcTaBieHo orna BiJOMUX anapatHuX pillieHb AAHOI 3a4adi, 3arnporoHOBaHUX y CYYaCHiV HayKoBiu
Jiitepatypi. Kpim TOro, O6roBOPIOETECS EQPEKTUBHICTL OEAHAHHS anapaTHuX Ta [IPOrpamMHNX KOMITOHEHTIB A/ AOCAMHEHHS
3HAYHOIo IMPUCKOPEHHS MPOLECY aHasnizy gaHux. CTartTs MigKpecioe HEOOXIAHICTb MOAaNbLLINX AOC/TIAKEHD Ta BAOCKOHA/IEHHS AJIS
PO3KPUTTS TPAHCOPMALIIVIHOIO MOTEHLIIATy METOAY KAACHU@DIKALII MALLIMHHOMO HABYaHHS.

Pe3ynibrarom poboTtv cTana po3pobka HOBOIro, CriELa/li30BaHOro 1a OrTUMI30BaHOIO anaparHoro MpycKoproBadYa Ha 6asi
[UVIIC fna MeToqy OfOpHO-BEKTOPHUX OOYNCTIEHb 3 BUKOPUCTAHHAM OfyK/IOI ONTUMI3aLli Ha BOYyAOBaHUX 1aTQHOPMaXx.
3arpornoHoBaHi BOYAOBaHI apPXITEKTYpH € YHIBEPCA/IbHUMY, [13PAMETPU30BAHUMU Ta MAcLITab0BaHumy. Lle o3Hayae, o Ui
BOYAOBaHI PILLIEHHS MOXYTb IPALOBATU 3 DI3HUMU HAOOpaMu [3HUX PI3HOro pO3MIpy | MOXyTb OyTU peasi30BaHi Ha pi3HUX
BOYAOBaHUX I/IATQHOPMAEX, BKITIOHAIOYHN Ti, O OCHALIEH] HOBITHIMY TTIC. BoHM Takox 34aTHi 06POGNSTY SK JIIHIVIHY, TaK | HE/THIVHY
ANCKDUMIHALII0 6aratoBUMIpHUX HabopIB AaHuX.

Kmoyosi cioBa: SVM-Kknacnikatop, MalumHHE HaBy4YaHHs, Orykaa ontumizayis, FPGA, merogn aHamizy AaHux,
Knacugikadiss AaHnx, MeTos OropHUX BEKTOPIB.

Introduction

In today's world, the volume and complexity of data is growing, which requires effective methods of their
analysis and processing. Machine learning, particularly classification methods, is becoming a key tool for automated
data processing and analysis in fields ranging from medicine to finance [1-3]. However, the growing need for speed
and energy efficiency requires new approaches to the implementation of these methods. One of the key tools for
data classification and analysis is the method of support vectors (SVM - Support Vector Machine), which is widely
used in business, science, medicine and many other fields [4-6].

The use of the SVM-classifier creation method for FPGA-based data analysis is an urgent problem, since
FPGAs provide high speed and energy efficiency, which makes them attractive for application in the field of
machine learning [2,4]. Despite its effectiveness, the implementation of the SVM classifier can face challenges
related to limited resources and data processing speed. In this context, there is a need to develop new methods of
integrating SVM classifiers with high-performance computing equipment [7, 8].
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The study is devoted to the development of a method for creating an SVM classifier for data analysis based
on FPGAs, known for their high speed and the possibility of parallel data processing, which makes them an ideal
candidate for the effective implementation of machine learning classifiers.

Known methods of implementing FPGA classifiers

Methods for implementing classifiers on FPGAs involve various techniques and approaches to embedding
classification algorithms on programmable logic gate arrays (FPGAS).

The [9] paper describes the implementation of an optimized SVM classifier on a modern FPGA platform,
employing state-of-the-art design techniques to integrate it into a proposed device for real-time melanoma detection.
The hardware implementation achieves impressive results, boasting a classification accuracy of 97.9% and a
substantial speedup factor of 26 compared to equivalent software implementations on embedded processors.
Moreover, it utilizes only 34% of available resources and consumes a mere 2 watts of power. These outcomes
signify that the system fulfills crucial requirements for embedded systems, including high performance, cost-
effectiveness, minimal resource usage, and energy efficiency, all while maintaining exceptional classification
accuracy.

In [10] a specialized embedded SVM classifier tailored for an affordable handheld device intended for early
melanoma detection in primary healthcare settings was performed. Authors introduced a hardware/software co-
design approach aimed at deploying the SVM classifier onto an FPGA, enabling melanoma detection directly on the
chip. Leveraging the latest UltraFast High-Level Synthesis design methodology on a modern hybrid FPGA platform
(2ynq), our implementation achieves efficient melanoma classification on the chip.

In [11] authors proposed method employed in an SVM-based isolated digit recognition system, which
undergoes examination using both speaker-dependent and multispeaker-dependent T146 databases of isolated digits.
Feature extraction is conducted using both LPC and MFCC methods. These extracted features are then subjected to
dimensionality reduction via self-organized feature maps (SOFM), with the resulting mapped features utilized by the
SVM classifier to assess recognition accuracy employing various kernels.

A method of creating an SVM classifier for data analysis based on FPGA
An enhanced method for developing an SVM classifier for data analysis is proposed. This method
leverages the hardware capabilities of FPGAs, leading to reduced data analysis time, increased accuracy, and
decreased software and hardware resource usage compared to traditional methods. All embedded hardware and
software experiments were conducted on the DE1-SoC Board development platform, utilizing the Altera Cyclone V
SoC 5CSEMAS5F31C6 device.
The appearance of the Terasic DE1-SoC development board is shown in Figure 1 [12]. Figure 2 illustrates

the system architecture for embedded hardware and software projects.
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Fig. 1. Top view of the DE1-SoC development board
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Fig. 2.System-level architecture

One of the objectives of this design was to develop a system-level architecture capable of training and
classifying a continuous data stream using the AXI4 burst/stream interface. In practical applications, such as
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autonomous vehicles, this feature enables direct connection between custom IP hardware and a camera to process
input data in real-time.

This allows the hardware IP to dynamically perform the procedure of training and testing to adapt to
changing environments. Figure 2 demonstrates the presented AXI4-lite and AXI4 lines serve as the "glue" logic for
entire system. The AXI4-lite interface is a one-time transactional bidirectional interface, with memory mapped to a
specific memory region.

During preload mode (Figure 3), the custom logic module calculates the total number of bytes to load based
on the SVM specifications provided to the ARM Cortex-A9 via work registers.

The next step is training. After that the weight vectors and offset values to DDR3-SDRAM for further
computation and analysis are ready to use.

For developing the SVM algorithm based on convex optimization, C++ was utilized alongside Microsoft
Visual Studio development tools. The outcomes were compared with the Python open-source results from [14] for
validation of functionality and accuracy.

Upon analyzing the operational flow of the convex optimization based SVM algorithm, it was determined
to segment the complex process into three stages (illustrated in the SVM Module in Fig. 3) to enhance design
efficiency. These stages are orchestrated non-sequentially to leverage the parallel processing capabilities of FPGA-
based hardware.

In the initial phase of the hardware project, a suitable mathematical core was selected and integrated. This
entails transforming linear-inseparable vectors into linear-separable vectors. Various kernels can facilitate this
transformation.

K(AyAy) = ®(4,) x ¢(4,)

S [9(A)K(A Ay)g(Ay)dAdA, = 0 (1)

Within the convex function (CO) optimization based SVM algorithm, the optimization stage emerges as the
most intricate phase among the three. To simplify its complexity, stage 2 is divided into three distinct phases:
parameter initialization, convex optimization, and displacement value computation.

During the next step a set of parameters is calculated, spanning feature function parameters (N, u),
constraint parameters (G, h, D, Zconst), and supplementary parameters (o, Gr), including the admissible point.
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Fig. 3. Preload method and upper-level architecture
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Fig. 4. Data path

The data processing scheme for optimization, presented in Figure 4, comprises various components
(registers, multiplexers etc). The optimization process aims to determine the value amin, cOMmputed using modules
presented in Fig 4.

The final step of stage 2 involves the calculation of the displacement value. Also known as the z-shift
value, it signifies the intersection of the hyperplane from the datum. The displacement value is derived using the
following equation (2):

z= —% {x|BmiX—1}(Z;1=1 aBK(Ay, Ay)) + {X|Bmi_n+1} (0242 (axBxK(Ax,Ay)) 2
y = y =

_ (Z¥E1Bx—YF 1 axBsyK(AxAy))
number of support vectors,ng,

@)

In Stage 3, the testing process unfolds. Typically, in classification tasks, the input dataset is split into two
subsets: training and testing. Data path for the test process is presented in Figure 5.

Experiments
Testing was carried out to assess the viability and efficacy of the proposed technique. Execution time
analysis was conducted to evaluate the performance of the proposed embedded hardware. The firmware operates on
an ARM Cortex-A9 processor integrated into the same DE1 Soc development platform.
Figures 6 and 7 presents the experimental results.
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Fig. 5. Data path for the test process

An analysis of classification accuracy reveals that the accuracy varies across different datasets and
percentages of training sets. Notably, the Pulsar test dataset attains the highest classification accuracy of 96% when
utilizing the polynomial kernel with a training set percentage of 90% of the dataset.

In addition, experiments were conducted to assess classification accuracy using Python code. Plots
illustrating the results of the Python code design, employing different kernels, are depicted in Figures 8 and 9 for the
Pulsar and Iris Flowers experimental datasets, respectively.

Execution time VS Data size
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Fig. 6. Embedded software for CO-based SVM algorithm: Execution time and data size for the “Pulsar” experimental data set
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Fig. 7. Embedded hardware for the CO-based SVM algorithm: Execution time and data size for the “Pulsar” experimental data set
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Fig. 8. Classification accuracy and data size for the “Pulsar” experimental dataset
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Fig. 9. Classification accuracy and data size for the “Iris Flowers” experimental dataset

Conclusions
The work resulted in the development of a new, specialized, and optimized hardware accelerator based on
FPGA for the Support Vector Machine (SVM) method using convex optimization (CO) on embedded platforms.
The proposed embedded architectures are designed to be universal, parameterized, and scalable. This means that
these embedded solutions can accommodate different datasets of varying sizes and can be implemented on various
embedded platforms, including those equipped with the latest FPGAs. They are also capable of handling both linear
and nonlinear discrimination across multidimensional datasets.
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