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Hardware Acceleration of Singular Spectral
Analysis: A Case Study on NQR Spectroscopy

K. Thulasiram Varma, Rangababu Peesapati, and Ch. V. Rama Rao

Abstract—Singular Spectral Analysis (SSA) is a computation-
ally intensive approach to denoise and detect a time-series signal.
It requires the evaluation of eigenvalues and eigenvectors of a
covariance matrix, which is the computationally intensive step
in the SSA algorithm. The current work presents a feasible
approach to implement the algorithm in embedded hardware
using a PYNQ-Z2 Field Programmable Gate Array (FPGA)
board. We implemented the algorithm using both the Processing
System (PS) and the Programmable Logic (PL) of the PYNQ-Z2
System on Chip (SoC) with the help of a High-Level Syn-
thesis (HLS) tool. A case study is carried out on a Nuclear
Quadruple Resonance (NQR) signal. The implementation result
demonstrates a hardware acceleration of 15.48x with respect to
the equivalent software implementation of the algorithm on the
ARM Cortex-A9 processor.

Index Terms—Singular Spectral Analysis(SSA), System on
Chip (SoC), High-Level Synthesis (HLS), Pynq-Z2 Field Pro-
grammable Gate Array (FPGA).
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I. INTRODUCTION

N the present-day scenario, data play a vital role in all

applications. Many decomposition-based algorithms exist
to extract meaningful information from a large amount of data.
Singular Value Decomposition (SVD) is a technique that is
popularly used in many domains, such as finance, medicine,
image processing, computer vision, machine learning, and
weather forecasting. Based on the principals of SVD, other
feature selection algorithms, such as Principal Component
Analysis (PCA), Independent Component Analysis (ICA), and
Singular Spectral Analysis (SSA), were developed.

PCA transforms and projects the data into a new coordinate
system. The set of new variables is called the principal com-
ponents. The first principal component consists of maximum
variance in the data, and the second one consists of reminding
maximum variance orthogonal to the first principal component.
Similarly, other principal components are derived. ICA is used
in Blind Source Separation (BSS) problems, which helps to
identify the origin of the signal sound in a mixed environment.
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The SSA algorithm specializes in decomposing the time series
signal into trends, oscillations, and noise. All of the aforemen-
tioned algorithms are computationally intensive due to their
reliance on matrix multiplication, eigenvalue computation, and
inverse projection operation [1]-[3].

The primary motivation of this work is to reduce the
computational complexity of the SSA hardware accelerator,
which helps in trend extraction, noise reduction, and peri-
odicity identification in large time series data. Applications
range from financial forecasting to environmental monitoring
and biomedical signal processing. The novelty of this work
is twofold: implementing the SSA algorithm with the HLS
approach using a covariance calculation of the Hankel matrix
with a vectorial matrix multiplication with only upper diagonal
matrix elements and further utilizing the power method to
find the selective dominant eigenvalues and vectors for the
reconstruction of the signal.

High-level synthesis (HLS) tools help developers to design
hardware by describing the desired functionality with high-
level languages such as C, C++, or SystemC rather than
traditional hardware description languages (HDLs) like VHDL
or Verilog. However, these HLS tools generate Verilog hard-
ware. Furthermore, HLS provides advantages of improved
productivity and seamless integration with the RTL and SoC
framework, which find their applications ranging from cryp-
tography and Internet of Things (IoT) to machine learning
tasks and many more [4], [S]. The work explored the possi-
bility of implementing the whole algorithm with a hardware-
software co-design approach where signal reconstruction is
performed on the Processing System (PS) side and matrix
multiplication and eigenvalues and vectors computation was
carried out on the Programmable Logic (PL) side. Intellectual
property (IP)s were generated through the Vivado High-Level
Synthesis (HLS) tools for the operations above. Further, these
IPs were integrated into SoC’s PL side. Hardware-software
co-design on FPGA improves the overall system’s throughput
by exploiting parallel computation,

In addition, this paper presents a case study of the SSA algo-
rithm and its hardware implementation on Nuclear Quadrupole
Resonance (NQR) for denoising, trend, and periodicity identi-
fication. NQR signal processing is a non-invasive technique for
identifying chemical substances [6]. This property has applica-
tions in the identification of narcotics and explosive materials.
Acquiring a signal in an open environment filled with external
noise and interference is challenging. To clean/denoise the
signal and estimate the signal parameters, signal processing
techniques and their hardware are essential.

We propose an SSA-based signal denoising approach in
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previous work [7] and observe a 32.4 dB improvement in
signal quality in terms of SNR. In this paper, we carry
forward the work and implement the SSA accelerator on
FPGA hardware. The SSA hardware provides an acceleration
factor of 15.48X, demonstrated compared to the software.

The related work on SSA implementations on FPGA is
presented in Section II. The mathematical preliminaries of
the SSA algorithm are explained in Section III. Section IV
contains the proposed hardware architecture to implement the
SSA algorithm on FPGA. Section V of this paper presents
the results and discussion, followed by a conclusion and
references.

II. RELATED WORKS

Although the applications of the SSA algorithm and its vari-
ants are explored in the literature, very few works have been
reported that implement the SSA algorithm on hardware such
as FPGA. Huang et al., [8] implemented the SSA algorithm on
the Hankel tensor using Tucker decomposition on various com-
putational platforms such as Central Processing Unit (CPU),
Graphics Processing Unit (GPU), and FPGA. Byun et al.,
[9], and his team extracted Auditory Evoked Potential (AEP)
signals from the brain by eliminating multiple noises using
SSA and ensemble averaging. Cyclone IV FPGA implemented
the SSA algorithm with a 1 MHz operating frequency for
signal extraction. 61.2% reduction in stimulus repetitions was
observed, and the signal matching of 83.2% to the original was
observed. The SVD portion of the SSA algorithm contains
dominant signal singular values extracted using a one-sided
Jacobi algorithm, which requires Coordinate Rotation Digital
Computer (CORDIC) functions for trigonometric operations.

For eigenvalues and vector extraction of a matrix, math-
ematical approaches like Jacobi rotation, Lanczos-QR de-
composition, and household transformation were studied and
successfully implemented on different Field Programmable
Gate Array (FPGA) to compute eigenvalues and eigenvectors
of a matrix. Gleb et al., [10] developed two approaches to
quickly multiplying the Hankel matrix with a vector. The Fast
Fourier Transform (FFT) is applied to the auxiliary Hankel
matrix and vector in the first approach. The drawbacks of
this approach are loss of data due to cancellation errors. The
second approach uses Karatsuba multiplication and observed
lesser multiplication operations without data loss. Mohammad
et al., [11] worked on the acceleration of PCA using High-
Level Synthesis (HLS) on both Virtex 7 FPGA and Zed boards.
Reported an improvement in the execution time and reduction
in resource utility and power consumption compared to GPU,
CPU and other works, and observed 0.67 ms execution time
for 30x16 matrix with respect to Virtex 7 FPGA. Using the
same approach of accelerating PCA on a Zed board, they
observed an execution time of 0.44 sec with an operating
frequency of 90 MHz on an image size of 640x480x12. Aysel
et al., [12] implemented PCA on FPGA. In implementing PCA
normalization, covariance matrix calculations and eigenvalue
decomposition steps were performed using the Jacobi cycle-
by-row method for the matrix size of 100 x 100. It uses
the CORDIC algorithm to accelerate trigonometric and square

root operations while implementing the Jacobi method on the
FPGA. Based on the reported work [12], the authors imple-
mented SSA using a Singular Value Decomposition (SVD)
based approach, which performs principal components extrac-
tion that involves inversion and multiplication of the whole
matrix. Further performing inversion operations for an entire
matrix leads to increased resources and time-consumption
of operation. The reported hardware SVD implementation
consumes more than 121% of BRAM resources to implement
a 100x 100 matrix, which is not feasible. Although the liter-
ature suggests multiple works to implement Singular Spectral
Analysis (SSA) using Singular Value Decomposition (SVD)
and other approaches, there is a need to develop simple and
computationally inexpensive methods to implement the SSA
algorithm on FPGA. To overcome this problem, we proposed
effective matrix multiplication, eigenvalue, and vector calcu-
lation approaches to extract the principal components of the
240%240 matrix.

III. SINGULAR SPECTRAL ANALYSIS

SSA is a data-driven approach that decomposes time series
signals into trends, oscillations, and noise using principal
components [13]. The SSA algorithm has been used to remove
artifacts and noise from biological signal processing [14]. It is
also used in weather forecasting to find trends and seasonality
in huge and dynamically changing weather data [15].

Fig. 1 shows that the SSA algorithm is divided into decom-
position and reconstruction. The first stage of the algorithm
internally consists of two steps: embedding the signal onto a
Hankel matrix and identifying principal components. In the
second stage of the algorithm, grouping and anti-diagonal
averaging are performed to retrieve the desired signal in its
original dimension [16].

The first step of the SSA algorithm is to embed the one-
dimensional input signal onto a Hankel matrix, as shown in
(1), where N is the length of the signal and window length
M = N/2. Since the embed matrix X " is Hankel in nature,
all anti-diagonal elements are the same.

X(t1) X(tz2) X(tN-m+1)
X = X (t2) X (ts3) X(tN-m+2) )
X(tn-my1) X(En-m+2) X(tn)

Reconstruction

[

Decomposition

Input signal -r[ Signal embedding ] [ ;12;::18;““1 J
[ Eign calculation J Grouping

}

Output signal

Identifying principle
components

L

Fig. 1. SSA Flowchart.
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Once the Hankel matrix is generated, to find the principal
components (PC), the covariance of the Hankel matrix is
calculated using (2), and from the covariance matrix, the
eigenvalues (\) and the eigenvectors (p) are computed.

C=(X)T*X)(N-M+1) 2)
PC = (X')*(p) 3)

To obtain principal components, the eigenvalues and corre-
sponding eigenvectors are sorted in descending order, and the
eigenvectors are multiplied by the transpose of the embedded
matrix as shown in (3).

The grouping step involves separating and summing similar
principal components on the basis of the eigenvalues. Finally,
the resultant matrix is inverted upside down after multiplying
the PC matrix with pT. In the last step of the algorithm, the
sub-diagonal elements starting from (N — M + 1) + n where
n = 1...N averaged, which results in an output signal of
length N [13], [17].

IV. HARDWARE IMPLEMENTATION

The SSA hardware involves multiple levels of implementa-
tion and refinements. The algorithm is first computed at the
software level using MATLAB and then translated to Python
scripting language to run the algorithm on the Processing
System (PS) of the FPGA. At this stage, profiling has been
performed to find out the bottlenecks of computation and
observed that out of three major parts of the algorithm, i.e.
covariance calculation, eigenvalue and eigenvector extraction,
and reconstruction. The matrix multiplication computation
involved in the calculation of the covariance matrix consumes
91% of the total time on PS of the FPGA compared to
the eigenvalue and vector extraction in other parts of the
algorithm. Based on this, the implementation is split into two
parts: lightweight and fast operations on PS and computation-
ally intensive operations, which are converted into HLS and
designed and integrated as hardware accelerators on the PL
side of the SoC. In this approach, the covariance calculation,
eigenvalue computation, and vector calculations are part of the
algorithm on the accelerator on the PL and the reconstruction
part of the algorithm on the PS. The entire design flow of the
implementation is depicted in Fig. 2.

With the help of the Vivado High-Level Syntheses (HLS)
tool, the code can be written in high-level C code to convert
synthesized RTL sequentially and in a pipeline fashion with
the help of pragmas. A custom SSA accelerator IP-core with
computationally intensive operations is built to implement in
the PL using (2)—(7).

As we can see from (2) for the calculation of covariance,
the embedded matrix (X') is multiplied by its transpose
and divided by the window length (M). To implement this
equation and to fetch the vectors through DMA seamlessly,
an optimal solution is proposed for computing matrix multi-
plication where only a one-dimensional vector is used, unlike
the traditional matrix multiplication approach, where each
row of matrix A is multiplied with every column of matrix
B. Since the input Hankel matrix is symmetric in nature,

atlab implementation o
SSA

A 4
Python based SSA
implementation on PS

A 4

Profile of the
algorithm

software
codesigi

v
HLS code for
covariance, eigenvalue
s and vectors
calculation
and IP generate

l |

Integrate IP with
DMA, zynq SOC and
generate bitsream file

Reconstruction part of
the algorithm

Bootup the PYNQ OS
on FPGA

Run design

PYNQ-Z2 FPGA

Fig. 2. Design implementation flow.

i.e., the upper triangle of the matrix is equal to the lower
triangle, instead of calculating covariance for the whole matrix,
only the upper triangle elements of the matrix are computed.
The corresponding covariance is calculated. In this way, the
computation is further reduced by the number of iterations and
accumulation operations shown in Algorithm 1.

Once the covariance matrix is calculated, the power method
is implemented as shown in Algorithms 2 and 3. The power
method is an iterative approach to finding dominant eigenval-
ues and corresponding eigenvectors. This approach best suits
the diagonal matrix obtained by performing the covariance
calculation in the previous step. The power method begins
with an initial guess of the dominant eigenvector, usually
normalized all one vector as shown in (4) [18].

V=Vo/lIVol, Vo=[1 . . . 1]" @

Compute (5) to obtain new eigenvectors until the converging
criteria is met. The eigenvalue for the vector is calculated
using (6).
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Algorithm 1: Calculation of Covariance of Hankel matrix
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Algorithm 2: Power method for calculation of eigenvalues
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Fig. 3. (a) Algorithm 1: Covariance calculation and matrix construction, (b) Algorithm 2: Power method for calculation of eigenvalues,(c) Algorithm 3: Power

method for calculation of eigenvectors,(d) Algorithm 4: SSA accelerator.

Vi=AVi_1/ |AVial, ®)

EV = AV« VT (6)

The stopping criterion for the iteration is achieved when the
difference between the new eigenvalue and the previous eigen-
value is less than le-10, i.e. error = abs(EV — EV _new).

Aip1 = A —EV«VsVT (7

This eigenvalue computation involves the calculation of the
second highest eigenvalue and eigenvectors, the product of the
first highest eigenvectors and eigenvalue is subtracted from
the main covariance matrix as shown in (7); likewise, the

top ten eigenvalues and eigenvectors are calculated for this
application, the same is depicted in Algorithm 4 [19], [20].

Fig. 3 illustrates the algorithmic implementation of a custom
SSA IP core starting from the calculation of the multiplication
of the covariance matrix and the construction of the resultant
matrix in Fig. 3(a), the functional operation of the calculation
of the eigenvalue and the eigenvector using the power method
is shown in Figs. 3(b) and 3(c), and the complete top-level
wrapper to calculate the top 10 eigenvalues and vectors is
shown in Fig. 3(d).

V. RESULTS AND DISCUSSION

The SSA algorithm is implemented on the PYNQ-Z2 FPGA
board, which has a 650MHz ARM Cortex-A9 core processor
with 512MB DDR3 RAM. The board includes 630 KB of fast
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Algorithm 1 Calculation of Covariance of Hankel matrix
Input: B [L]

Output: S (Upper-triangle elements of the covariance
matrix)

Ensure: temp,i,i0,p,vecin = 0;j,k = io
for all : < M do
for all j < M do
for all £k < M + io do
Temp = temp + B[k] * B[k + p]
end for
p=p+1
Slvecin] = temp/M
vecin = vecin + 1

temp =0
end for
p=20
0 =10+ 1
end for

Algorithm 2 Power method for calculation of eigenvalues
Input : A[M][M], VIM]
Output : EV_new][vec]

Ensure: temp,i,j,k = 0;vec =1
for all - < M do
for all j < M do
Av_vec[i|+ = Ali][j] * V[j]
end for
end for
for all £k < M do
Temp+ = V[k] x Av_veclk]
end for
EV_new[0] = temp

block RAM and 220 Digital Signal Processing (DSP) slices
on the PL side. The experimental setup is shown in Fig. 4.
The results are discussed with the help of a case study in the
following subsection where SSA IP was used. The SSA 1P is
implemented sequentially and in a pipeline fashion. Further,
floating and fixed point versions of the SSA IP on PL were
explored.

A. Case study on NQR signal

Various spectroscopic methods, such as NMR, Raman, and
Nuclear quadrupole resonance (NQR), are used to determine
solid and liquid samples. They are used to evaluate the quality
of agricultural and pharmaceutical products and to identify
narcotics and explosive material [6]. Developing an efficient
denoise algorithm and hardware implementation is essential
to provide rapid time analysis. The case study implements
the SSA algorithm to denoise the signal in less acquisition
time than conventional averaging methods. The software-level
implementation of the SSA algorithm is presented in the
previous work [7]. In this current work, we implemented the
same algorithm on the FPGA.

As shown in Fig. 5(a), the NQR signal of length 480
samples with different Signal to Noise Ratio (SNR), i.e. -5 dB,

Algorithm 3 Power method for calculation of eigenvectors

Input : A[M][M]
Output : Eig_vec,Eig_val

Ensure: temp,norm_temp,i,j, k = 0;vec =1

for all i < M do
V[i] = 1/sqrt(n)
end for

Algorithm_2(A,V,EV)

while true do
Av=A*V
for all : < M do

Temp+ = pow(Av[i], 2)

end for

norm_temp = sqrt(temp)

for all j < M do

Eig_vec[j] = Av[j]/norm_temp

end for

Algorithm_2(A, Eig_vec, Eig_val)
if (abs(EV-Eig_val)<le-10) then

Break

end if

for all £ < M do
V[k] = Eig_veclk]

Avlk] =0
end for
EV = FEig_val

EV _new_out|0] = Fig_val

end while

Algorithm 4 SSA accelerator

Input : B[L]
Output : Eig_out[l]

Ensure: ite,p,s,out_l =0;eig_ N = M + 1

Algorithm_1(B, S)

A[M][M] = convertS[lo]

for all i < ite do

Algorithm_3(A, Eig_vec, Fig_Val)

for all j < M do
for all £ < M do
A_templj][K]
FEig_vall0]

A=A— A_temp

end for
p+=1
end for
end for
for all [ < M do

Eig_out[l] = Eig_vec]l]

Eig_vec[p] * Fig_veclk] *

Eig_out]l — 1] = Eig_val[0]

end for
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Fig. 4. Experimental setup.

0 dB and 5 dB, respectively, is generated in the PS with the
help of (8),

S = Ae Y Tcos(2m « Fext) ®

where Amplitude (A) = 1V, resonance frequency (F'c) =
10.25e4 Hz, sampling frequency (F's) = 20.5e4 Hz and decay
constants (1) = 0.5e-3 sec. The generated NQR signal is
passed to the SSA IP core in PL with the help of Direct
Memory access (DMA), where a covariance calculation mod-
ule and power method module are built to extract eigenvalues
and eigenvectors. The same is depicted in Fig. 6.

Figs. 5(c) and 5(d) corresponds to the dominant two
eigenvalues and their eigenvectors of the covariance matrix;
from this plot, it is evident that the first eigenvalue is the
most dominant value for this signal; further, it is used for
reconstruction of the original signal. The resulting eigenvalues
and eigenvectors are appended into a one-dimensional array of
2410 samples of length and sent back to PS through DMA.
The timing diagram in Fig. 7 provides a clear picture of data
transfer from PS to PL via the master Advanced eXtensible
Interface (AXI) stream bus. When the TREADY signal is
high, TVALID is active for the duration of the data transfer
(TDATA). TLAST specifies the last transaction of the data in
the AXI stream protocol. The output eigenvalue was deter-
mined using covariance, eigenvalue, and vector calculation at
the (IP) accelerator using Algorithms 1, 2, and 3. Further, the
data were retrieved back to the PS using a slave AXI stream
interface to reconstruct the denoised signal.

A comparison study is made with respect to resource utili-
sation and execution time between the sequential and pipeline
approaches of implementing the algorithms on different signal
lengths, and results are shown in Table I. From Table I,
it is evident that the pipeline approach shows less amount
of execution time compared to the sequential approach and
further pipeline hardware consumes (BRAM-1%, DSP slices-
12%, FF-43%, LUT-67%) higher resources than compared
to sequential hardware while implementing the submodules
of covariance calculation and power method on the PL side
to extract eigenvalues and corresponding eigenvectors. From
resources metrics, we can observe that for 512 sample signals,
the BRAM utilisation is exceeded, so we considered a length
of 480 sample signals. Apart from implementing the SSA al-
gorithm in single-precision floating-point representation, fixed-
point <29, 12> (29 total bits out of which 12 are integers, and

the remaining 17 are fractional bits) were used for covariance
calculation part of the algorithm and observed the reduction
of resources utility in Flip Flops (FF) and Look-Up Tables
(LUTs) in the order of 31.3% to 28% respectively as shown
in Fig. 8.

Comparison is made between NQR signals with different
SNR in Table II. From this table, we can observe that if the
input signal power is more significant than noise, the time
consumed by the system to execute the algorithm is less; this
is due to the convergence rate of error while calculating the
eigenvalues and vectors in PL. By referring to the input signal
with 0 dB SNR in floating point (pipeline) representation,
the total time to implement the whole SSA algorithm using
PL modules (Matrix multiplication, eigenvalue, and vector
computation) and signal reconstruction modules at the PS
side is 14.36 sec. Further, an investigation was carried out
by implementing covariance matrix calculation and power
method on the PS. The total time on PS alone to execute
the software version of the SSA algorithm is 222.3 sec. These
results show that with the help of PL, an acceleration factor of
15.48x is achieved. Root Mean Square Error (RMS) of 1.10e-5
is observed between the output signal obtained from PL-PS
codesign and PS alone implementation. The results show that
the proposed hardware architecture for covariance calculation
and eigenvalues and eigenvectors extraction performs better
than the software version.

To check the feasibility and performance impact of the
proposed approach on different FPGAs, we replicated the
entire approach on the larger FPGA, i.e., ZCU104; the results
indicate the reduction of hardware resources with improved
performance. The hardware implementation of the algorithm
on ZCU104 consumes 33% of BRAM, 6% of DSP, 11% of
FF and 19% of LUT, and the total execution time is reported
as 15.26 sec with both PL and PS in place. On PS alone, the
algorithm requires 84.1 sec compared to 222.3 sec in PYNQ-
Z2. However, the PS power consumption of the ZCU104 board
is higher compared to PYNQ-Z2. ZCU104 consumes 2.63
watts compared to 1.25 watts on PYNQ-Z2. The compactness
and power consumption criteria for the proposed algorithm
of PYNQ-Z2 are best fit for portable and remote applications
with limited power resources. However, for a larger signal
reconstruction, ZCU104 is helpful because of PL RAM.

FOM = [(LUT + FF) % 8] + [(BRAM + DSP) % 16] (9)

Based on the BRAM, DSP slice, FF, and LUTs counts.
The Figure of Merit (FoM) values are calculated for all the
proposed approaches using (9), and corresponding values are
shown in Table III. As the metric of resource utility, the FOM
values of pipeline-based SSA on PYNQ-Z2 are higher than
that of fixed-point implementation of the algorithm.

Table IV depicts the comparison between existing and pro-
posed principal component extraction methods. The proposed
approach is implemented on 480 samples of synthesized NQR
signals. Principal component extraction is an intermediate step
used in SSA to identify dominant principal components in a
noisy signal.
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The SVD-based principal component extraction methods are In the future, we will work on a hybrid solution combining

faster than the proposed method. However, the proposed work the proposed work and the SVD-based approach to extract
contains overhead modules, such as matrix construction, which  principal components more effectively.

affects the overall speed. Furthermore, FoM of literature works

[22], [23] shows that they consumed 2.1X and 3.4X higher

resources than the proposed work.
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TABLE I
RESOURCES UTILIZED IN COMPUTING SSA USING SEQUENTIAL AND PIPELINE APPROACHES

Resources Sequential Approach Pipeline Approach

Signal Sample Length 128 256 480 512 128 256 480 512
BRAM_18K (%) 32 50 97 120* 33 51 98 121*
DSP48E (%) 42 42 42 42 48 48 54 48

FF (%) 23 23 24 23 36 46 67 68

LUT (%) 33 32 33 34 52 66 100 95

Execution Time (Sec) 5.16 12.82 2593 - 383 844 1436 -

Total Power (Watts) 1.78 1.82 1.98 - 1.94 198 218 -

* BRAM resources exhausted, not feasible to implement on the FPGA.

TABLE 1T
COMPARISON BETWEEN DIFFERENT INPUT SIGNALS IN TERMS OF SNR AND EXECUTION TIME
Floating point  Floating point . . . . Acceleration factor
Input Output sequential pipeline F.lxed. point Flm.'tmg point . (PS implementation
. K pipeline PS implementation . .
signal signal approach approach approach of the algorithm /Floating point
SNR (dB) SNR (dB) execution execution pproa . 8 pipeline
. . execution time(sec) (sec) . .
time (sec) time (sec) implementation)
-5 20.90 33.79 17.72 18.10 226.56 12.78x
0 24.46 25.93 14.36 14.99 222.31 15.48x
5 29.51 24.60 13.90 14.69 221.70 15.94x

TABLE III
IMPLEMENTATION OF SSA ON PL WITH DIFFERENT DATA TYPES

RMS error « . .
Approach w.r.t PS output FOM Static Power (Watts) Dynamic Power (Watts)
Floating point on PL (Sequential) 1.10e=° 357328 0.16 1.82
Floating point on PL (Pipeline) 1.10e=° 1006688 0.17 2.01
Fixed point on PL 1.18¢=° 706272 0.16 1.95

*Figure Of Merit (FOM) refer to (9).
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TABLE IV
COMPARISON BETWEEN EXISTING AND PROPOSED PRINCIPAL COMPONENT EXTRACTION METHODS
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‘Work Platform Matrix size Execution time (sec) FOM

[21] SVD on Reconfigurable System Spartan-3E XC3S500E (50 MHZ) 40x40 0.48 73976
[22] Scalable FPGA Engine for Singular Value Decomposition ZC706 (150 MHz) 200x200 0.01 2127120
[23] BCV Jacobi Algorithm SVD Solver XC7V690T-3FFG1761 (200 MHz) 256x256 0.01 3425944
[Proposed work] SSA on NQR signal PYNQ-Z2 (100 MHz) 240x240 14.36 1006688

M Floating point [l Fixed point

100%

75%

50%

25%

0%

BRAM_18K

DSP48E FF LUT

Fig. 8. Floating point and fixed point resource utility chart.

VI. CONCLUSION

Computationally effective Hankel matrix multiplication and
desired eigenvalues and eigenvectors extraction are proposed
for denoising the NQR signal. Overall, an optimal solution
for implementing the SSA algorithm on the PYNQ-Z2 FPGA
board is presented in this paper. An acceleration factor of
15.48x is observed while implementing the SSA algorithm
on PL for covariance matrix calculation and eigenvalues and
eigenvectors extraction, and PS for performing the signal
reconstruction portion of the algorithm. Further, fixed-point
implementation results suggest a reduction in the resource
utility of the algorithm.
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