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The Implementation of the Improved OMP for AIC
Reconstruction Based on Parallel Index Selection

Sujuan Liu, Member, IEEE, Ning Lyu , and Haojiang Wang

Abstract— Sparse signal recovery becomes extremely chal-
lenging for a variety of real-time applications. In this paper,
we improve the orthogonal matching pursuit (OMP) algorithm
based on parallel correlation indices selection mechanism in each
iteration and Goldschmidt algorithm. Simulation results show
that the improved OMP algorithm with a reduced number of
iterations and low hardware complexity of matrix operations has
higher success rate and recovery signal-to-noise-ratio (RSNR) for
sparse signal recovery. This paper presents an efficient complex-
valued system hardware architecture of the recovery algorithm
for analog-to-information structure based on compressive sens-
ing. The proposed architecture is implemented and validated on
the Xilinx Virtex6 field-programmable gate array (FPGA) for
signal reconstruction with N = 1024, K = 36, and M = 256.
The implementation results showed that the improved
OMP algorithm achieved a higher RSNR of 31.04 dB com-
pared with the original OMP algorithm. This synthesized design
consumes a few percentages of the hardware resources of the
FPGA chip with the clock frequency of 135.4 MHZ and recon-
struction time of 170 µs, which is faster than the existing design.

Index Terms— Analog-to-information converter (AIC), com-
pressive sensing (CS), field-programmable gate arrays (FPGAs)
implementation, orthogonal matching pursuit (OMP).

I. INTRODUCTION

SENSING and processing information have traditionally
relied on the Shannon sampling theorem, one of the

central tenets of digital signal processing [1]. However, in
many applications, including digital image, video cameras, and
high-speed analog-to-digital converters (ADCs), increasing
the sampling rate is very expensive. The recent theory of
compressive sensing (CS) [2], [3] is presented to capture and
represent compressible signals at a rate significantly below the
Nyquist rate. This is the new sampling architecture is proposed
aimed at implementing sub-Nyquist signal acquisition system
such as analog-to-information converters (AICs) [4]. In this
structure, the high-dimensional signal is projected into the
low-dimensional space with an incoherent measurement matrix
by exploiting the sparsity of the signal. The signal is then
reconstructed from these projections using an optimization
process.
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At present, there are different structures of the AIC model
including the random demodulator structure proposed
in [5]–[11] related to hardware implementation. However,
these applications do not have a complete realization of the
system and mainly focus on the front-end analogy infor-
mation processing hardware implementation. The back-end
digitization and reconstruction are carried out using exter-
nal units such as oscilloscopes (such as NI PXI-6123 [7],
Agilent Infiniium 54855A [5], Tektronix oscilloscope [8], and
8-bit oscilloscopes [9]). The collected information is sent to
the PC for reconstruction. Therefore, the current research
to achieve reconstruction of the signal is mostly in the
CPU, GPU, or DSP platform [10], [11]. However, offline
processing results in excessive I/O data-rates and stor-
age requirements. More importantly, it prohibits timely
(or real-time) decisions based on the recovered information
and prevents the use of adaptive sensing strategies [23]. Hence,
it is necessary to design dedicated hardware architectures for
the very large-scale integration (VLSI) or field-programmable
gate arrays (FPGAs) connected with the analog front-end hard-
ware for real-time processing. Recently, various algorithms
have been proposed for reconstructing signals from the com-
pressively sensed samples [12]–[14]. As efficient methods to
calculate a matrix decomposition exists, orthogonal matching
pursuit (OMP) algorithm is suitable for VLSI implementation,
mostly due to the regular structure of the least-squares (LSs)
optimization.

In recent years, many structures of OMP algorithm hardware
implementations have been proposed in [15]–[22]. However,
few designs can present a low-complexity and high-speed
hardware implementation. An implementation of OMP algo-
rithm with an FPGA has been proposed in [15]. However,
the design in [15] uses a 128-length vector for sparsity
of 5. The architecture contains higher cycle period due to
the path delay in the dot product of matrix. Stanislaus and
Mohsenin [16], [17] have proposed and improved the hardware
architecture of OMP algorithm based on QR decomposition.
This design finds the inverse of a matrix involving square
root units. A more efficient approach is to use the modified
Cholesky decomposition which avoids the use of square roots.
Numerous works related to the acceleration of these operations
individually have been proposed in [18]–[22]. In the design
presented in [18], the matrix inversion is based on CORDIC
divider with latency and a sequential execution of several
parts of matrix multiplication. Also, Rabah et al. [19] has
presented inversion based on Newton–Raphson iteration, but
the two multiplication modules in this algorithm are also
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Fig. 1. Complete structure of signal recovery Chky-mat, which is Cholesky decomposition and is used to get the inversion matrix.

executed sequentially. Besides, existing designs are mainly
implemented with the real-valued system. They are mostly
aimed at the hardware implementation of the OMP algorithm,
but not for the actual applications. The processed signals are
usually sparse in time domain and do not need to be converted
to frequency domain processing. However, a complex-valued
system of reconstruction algorithm is required for practical
applications because many man-made or natural signals are
sparse in an appropriate orthonormal basis (such as Fourier
basis). The sensing matrix of the OMP algorithm is usually
complex-valued matrix, so the proposed design in this paper
is a complex-valued system for practical applications. Further-
more, we find the high computational complexity of matrix
operations based on OMP is a major concern on achieving
real-time reconstruction of compressively sensed signal.

In this paper, we mainly proposed the complex-valued sys-
tem of the signal reconstruction for the CS-based AIC struc-
ture. Additionally, we reduce the computational complexity
of matrix operations and number of iterations to improve the
OMP algorithm. We have developed a MATLAB code of the
algorithm and compared the success rate and recovery signal-
to-noise-ratio (RSNR) of input signals recovered correctly
base on different sparsities by verification. The improved
OMP algorithm has higher success rate and RSNR than the
OMP algorithm. In order to validate the improved OMP
algorithm efficiently, a complete signal recovery structure
using SIMULINK for AIC model based on CS is built in this
paper. Besides, we design VLSI architecture of the improved
OMP algorithm with real time, low power, and low complexity
requirements. Additionally, we propose an efficient matrix
inversion design based on the Goldschmidt algorithm [24].
Compared with the inversion method of the Newton–Raphson
in [19], the design of the inversion circuit based on the
Goldschmidt algorithm can improve the parallelism of the
operation and reduce the quantization error of each iteration.
Finally, the hardware reconstruction results show that this
design is faster than the previous designs.

This paper is organized as follows. The CS and OMP
algorithm are presented in Section II. The hardware imple-
mentation of OMP algorithm is given in Section III.
FPGA implementation results and analysis are presented in
Section IV with a conclusion in Section V.

II. COMPRESSIVE SENSING AND OMP ALGORITHM

In this paper, we apply AIC structure to sample multitone
signal at low sample frequency and adopt the improved
OMP algorithm to recover the signal. The related theories are
described as follows.

A. Compressive Sensing

CS relies on the sparsity of a signal and its optimal
representation in a suitable transform domain (such as Fourier
and wavelet). In this paper, we mainly focus on reconstructing
signals for CS-based AIC structure. Therefore, we consider the
N × N Fourier basis matrix � = [ψ1, ψ2, . . . ψN ] with the
vectors {ψi } as columns, the analogy signal a is given by

a = �x (1)

where x is the N ×1 column vector of weighting coefficients.
The signal is K -sparse and contains at most K (K < N)
nonzero coefficients. Clearly, AIC structure offers sampling
and compressing at the same time by projecting on sensing
waveforms ωi forming the measurement vector

y = �a = ��x (2)

where � = �� = {φ1, φ2, . . . φN is the sensing matrix
of dimension M × N . Therefore, the N-dimensional input
signal a is encoded into an M-dimensional set of measure-
ments y through a linear transformation y = �x by M × N
measurement matrix �.

B. Analog-to-Information Converter

AIC sampling structure based on compressed sampling
theory processes the analog signal directly and samples at
a sub-Nyquist rate to obtain discrete observation points.
Fig. 1 shows that a complete signal recovery structure using
SIMULINK for AIC model based on CS. As shown in Fig. 1,
in the AIC architecture, the input signal x(t) is modulated
by a pseudorandom PN sequence p(t), which is consist
of +1 and −1. The alternating frequency of PN sequence
should be faster than the Nyquist frequency. The spectral
components of the input signal are modulated to spread
randomly throughout the Nyquist zones. Then, the signal is
sampled at rate 1/�t by a low-rate ADC after filtered by the
analog low-pass filter h(t).

C. OMP Algorithm

The OMP algorithm is a greedy iterative process to select
the most correlated column vector with the residual from the
dictionary and subtract the relevant part from the measure-
ment y. In the AIC system, the sparse signal is compressed and
sampled to obtain a small amount of discrete samples, i.e., the
measurement. The optimal approximation of the compressed
measurement can be obtained by their linear combination.
As shown in Fig. 1, consider the linear equation y = �x ,
which can be transformed into the function ‖y − ˜�x‖.
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Algorithm 1 Improved OMP Algorithm

Therefore, a key part of the OMP algorithm is to solve the
LS problem.

In the OMP algorithm, the residual r ∈C M is a critical
parameter, which presents the part of the selected column
vector currently and the linear combination of the original
signal. This part cannot be expressed on the compressed
measurement. In each iteration of the signal reconstruction,
it is necessary to select a column vector with the largest
correlation coefficient with the residual from the remaining
column vectors of the dictionary by solving following:

λi = arg max
j

〈ri−1, ϕ j 〉 (3)

where ϕ j is the column of the CS matrix and λi represents the
column that is most relevant to the residual in the dictionary.
Each iteration select the most relevant column to get the new
estimated x̃i = ˜�† y = (˜�H

˜�)
−1

˜�H y, where H denotes the
complex conjugate transpose and provide the measurement
matrix for the next calculating. The matrix ˜�† represents
the pseudo inverse of the matrix �. The new residual value
is obtained by the new ri = y − ˜φi x̃i . The reconstruction
of the signal is completed when number of iterations equal
the predetermined number, otherwise the iteration is repeated.
After m iterations, m vector columns are used to generate the
finale estimate of the original signal.

D. Improved OMP Algorithm

The OMP algorithm assumes that the sparsity of original
signal is K and at least K iterations are required. It finds
only most relevant one column of the measurement matrix
to estimate the original signal in each iteration. However, as
the sparsity of the signal increases, the greater computational
complexity of matrix multiplication is required. In this paper,
we can select the two relevant indices from the measurement
matrix at each iteration to improve OMP algorithm and need
ith = �K/2� + 1 iterations to reconstruct the original signal
accurately. The specific steps of the improved OMP algorithm
is provided in Algorithm I.

Numerical simulation was performed using MATLAB
to compare the OMP algorithm and the improved

Fig. 2. Success rate of OMP and the improved OMP algorithm.

OMP algorithm. For our simulations, the dimension of the
sparse signal is set to N = 256 and M = 128 measurements
are taken, the support of its sparse components is randomly
chosen, and the measurements matrices � are generated
with random Gaussian entries. After MATLAB verification,
the improved OMP algorithm has higher success rate than
OMP algorithm in recovering the signal as the increasing
sparsity K as shown in Fig. 2. We define the success rate
as the probability of successful reconstructions to the total
number of reconstructions in MATLAB simulation. The
result shows that the improved OMP algorithm achieves
the better than OMP algorithm. Additionally, the improved
OMP algorithm reduce almost half of the number of iterations.
Although traditional OMP is simple to implement and also
computationally efficient, due to the selection of the single
candidate in each iteration, it is very sensitive to the selection
of index. The output of traditional OMP will be simply
wrong if an incorrect index is chosen in the middle of the
search. The improved OMP algorithm based on parallel
index selection reduce the chance of missing the true index
and choosing incorrect one. The improved OMP algorithm
reduces the number of iterations by increasing the number
of indices selected in each iteration. Therefore, it is more
successful due to reducing the possibility of leaking to the
correct atoms.

Even though there are some existing algorithms like GOMP
and the least support denoising-OMP algorithm can select
even more than two indices at each iteration and need less
number of iterations, the success rate will be reduced and
hardware complexity will be increased at each iteration with
the number of indices increasing. Therefore, considering both
the success rate and the hardware complexity of the algorithm,
proposed design in this paper has more perfect performance
and suitable for hardware implementation. As the number of
observations of the original signal increases, the reduction in
the number of iterations will greatly reduce the computational
complexity, mainly in steps 2, 4, and 5 as shown in Table I.
The reduction in computational complexity of the matrix
operation for each step is discussed carefully in Section III.
The improved OMP algorithm has a higher RSNR due to
the reduction in the number of iterations, and the computa-
tional complexity is discussed in Section IV. In this paper,
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Fig. 3. Architecture of the improved OMP algorithm.

TABLE I

COMPARISON WITH OMP FOR COMPUTATIONAL COMPLEXITY

(K DEGREE OF SPARSITY, M SIZE OF MEASUREMENT

VECTOR, N NUMBER OF SAMPLES, AND

ith NUMBER OF ITERATIONS)

we mainly accomplish to design and implement hardware
architecture of the improved OMP algorithm for CS-based AIC
structure.

In this paper, all the steps in the improved algorithm are
divided into three parts. The first part finds the two columns
of the measurement matrix � that are the best correlated
with residual y by computing inner product. Then, the two
columns are extracted from the matrix � depending on the
indices given. The second part gets the inversion of matrix �̃.
The pseudo inverse matrix �̃† = (�̃T �̃)−1�̃T is obtained

by Cholesky decomposition. The third part calculates the
estimated value x̃i of the original signal and finds the new
residual ri . At last, we determinate whether the next iteration
is performed according to the number of iterations that has
given.

III. VLSI IMPLEMENTATION OF THE

IMPROVED OMP ALGORITHM

In this paper, the proposed structure for the implementation
of the improved algorithm with the degree of sparsity K = 36,
the measurements M = 256, and the length of the original
signal N = 1024. In hardware implementation, we completed
the complex-valued system of the improved algorithm. The
whole can be divided into real part and imaginary part with
data precision of 24 bits.

The hardware implementation of OMP algorithm is mainly
divided into three units as shown in Fig. 3: 1) parallel
complex multiplication; 2) matrix inversion; and 3) signal
estimation and residual calculation. In addition, it has dual-port
RAMs and control circuit. The measurement matrix � and the
measurements vector y are stored in the RAMs, respectively.
In order to increase the throughput, the correlation is computed
on the parallel complex multiplication. The most relevant two
columns are found by comparison circuit (sorting algorithm
unit) and extract them according to the associated indices
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λmax = {λ(i1,i2)} from RAM of the matrix �. We just save the
addresses of two columns to the new RAM (index unit) and
update it after each iteration. The control unit in this design
operations on the RAM units by generating a read or write
address, and generates enable signals (en) for some computing
units to initiate their operations.

A. Parallel Complex-Valued Multiplication

In this design, the computationally most expensive operation
is the matrix-vector product �H ri corresponding to the real
and imaginary parts, which correlates the measurements with
the dictionary elements. In order to increase the through-
put, the correlation is computed on parallel complex-valued
multiply accumulators. In this design, the real part and the
imaginary part have the same multiplication operation, we
need to get the real part and imaginary part of the inner
product. One complex-valued multiply add unit can be divided
into three real-valued multipliers and three adders. We can
compare the square sum of the real part and the imaginary part
to find the index of the maximum value of the inner product.
Note that there is no need the extra square root operation in
this unit to get the mode value of inner product, because the
maximum value of the square sum will have the maximum
square root value. Compared to real-valued system, the extra
operations are multiplication of imaginary part and square sum
in the complex-valued system.

This requires the coefficients of the measurements matrix as
the parallel inputs. Therefore, we need to store the matrix �
into a RAM where we put a column of the matrix into the
same address, and ensure that all the inputs required by
the multiplication circuit are given in one clock cycle. During
the first N cycles of each iteration for the computation of this
unit, N columns of � are retrieved from the memory unit
in serial order and fed to this unit. Finally, the result is sent
to the comparison circuit to obtain the indexes of the relevant
columns. In order to improve the operating speed of the circuit,
the pipeline circuit model is used.

The input data of the sorting unit is positive and serial
and we can scan sequentially the input data. In this design,
we only select the two maximum values to find two most
correlated columns. Two registers (reg1 and reg2) are required
to store the two most relevant values, the maximum and
the second largest value. First, we compare the input data
to the maximum value in numerical comparison unit and
then control the data distributor. If the input data is larger
than the maximum value, we can replace the secondary
register (reg2) with the maximum value and store input data
into the first register (reg1). If the input data is smaller than the
maximum value and larger than the second largest value, we
can replace secondary register (reg2) with the input data. The
rest of the situation remains unchanged. The internal structure
of the sorting system has been shown in Fig. 4.

For the improved OMP algorithm, number of iterations is
reduced to ith = �K/2� + 1 iterations from K iterations. The
computation of inner product is ithm N as shown in Table I,
which is almost half of OMP algorithm. In each iteration,
N clock cycles are consumed to get the inner product �H ri .
During nth clock cycle of the first N cycles, the product

Fig. 4. Structure of the sorting algorithm.

value is sent to comparator unit to find the two indices
which are most correlative among such successive N values.
Therefore, ith N clock cycles are required for the total iterations
in the improved OMP algorithm, which are far less than
OMP algorithm. After N clock cycles is completed in each
iteration, the parallel multiplication circuit is reused to com-
pute the matrix C = ˜�H

˜�.

B. Matrix Inversion

This circuit is used to get the Moore-pseudo inverse of
the matrix ˜� using Cholesky decomposition. In this paper,
the difference is that Cholesky decomposition can be per-
formed on the Gramian matrix C = ˜�H

˜�, which is Her-
mitian and positive semidefinite. Therefore, the matrix C is
decomposed into a diagonal matrix D and a lower triangular
matrix L. The process to get Moore-pseudo of the real
symmetric matrix C = ˜�T

˜� is given comprehensively in [19].
Additionally, the inverse of the matrix C use formula C−1 =
(LT )

−1
D−1 L−1 in the real-valued system and the formula

C−1 = (L H )
−1

D−1 L−1 is used in the complex-valued system.
Therefore, in this design, the additional division unit and
multipliers are related to the imaginary part of the complex-
valued matrix C and the lower triangular matrix L, which
is similar to the operations of real part. The decomposition
is amenable to iterative updating, which significantly lowers
the complexity [13]. Based on the modified Cholesky matrix
factorization, complex matrix C = ˜�H

˜� can be expressed
as the product of three matrices as C = L DL H . The lower
triangular matrix L and diagonal matrix D are computed using

Li, j = 1

D j, j

⎧

⎨

⎩

Ci, j −
j−1
∑

k=1

Li,k L H
j,k Dk,k

⎫

⎬

⎭

, i > j (4)

Di,i = Ci,i −
j−1
∑

k=1

(

Li,k L H
i,k Dk,k

)

. (5)

From this decomposition, we note that decomposition
process involves complex dependencies of the diagonal
matrix D and the lower triangular matrix L. Therefore, we
maximize the decomposition of the matrix L and D in parallel
to decrease unnecessary clock cycles. Since the matrix C is
highly structured, this allows to compute and store half of the
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TABLE II

PARTIAL ELEMENTS OF MATRIX C−1 FOR EACH ITERATION

Fig. 5. Structure of the Goldschmidt algorithm.

elements in the matrix C . For this decomposition, matrix L and
matrix D can be calculated using similar structures including
multiplication and subtraction operations. The precision of the
matrix C and the matrix D is 24- and 12-bits fractional in the
whole decomposition process.

In this paper, Goldschmidt algorithm as shown in Fig. 5
is utilized to complete the division of matrix. Goldschmidt
algorithm can be employed due to the parallel operation in
the implementation process. There are two classic division
algorithms, the Newton iterative method and the Goldschmidt
algorithm. A diversity of division algorithms and their imple-
mentations has been published including the Newton iterative
method. The Newton–Raphson iteration gives xi+1 = xi −
( f (xi)/ f

′
(xi )) = xi (2 − Mxi ) in [19]. From the formula,

the inversion is realized by multiplication and subtraction
operations. The whole calculation is a serial process, and the
product of the first multiplication is one of the operands of
the second multiplication. It will limit the speed of the circuit
and increase the accumulation of multiplication quantization
errors. Therefore, to invert the elements of matrix D, we have
developed a reciprocal operator based on the Goldschmidt
algorithm. The Goldschmidt algorithm uses two multiplication
circuits that are computed in parallel in an iterative process.

The parallel computing can double computational speed of
the division and the iterative formula is as (6), which can be
calculated from xi using only multiplication and subtraction.
First, we need to standardization the parameter N and D.
Then, we initialize x0 = N and t0 = D. Finally, the
cycle is repeated until the required accuracy is satisfied by
the iterative operation. The inverse of the elements in the
matrix D and matrix L is obtained using the Goldschmidt
algorithm. Goldschmidt algorithm can be employed due to the
parallel operation in matrix inversion unit, which is different
from the Newton iterative method of serial process. One of
the main characteristics of Goldschmidt algorithm, unlike the

Newton–Raphson algorithm in [19], is that these multiplica-
tions are independent. This property makes the Goldschmidt
algorithm suitable for hardware implementation. Goldschmidt
algorithm is normally implemented by using an initial approx-
imation (seed value), then a number of iterations k, which
depend on the accuracy of the initial approximation and the
required final precision, are performed. Additionally, each
iteration can benefit from a more accurate starting approxi-
mation of the reciprocal of the divisor to reduce the number
of required iterations

⎧

⎪

⎨

⎪

⎩

fk = 2 − tk
xk+1 = xk× fk

tk+1 = tk× fk .

(6)

The inverse of matrix C uses the formula C−1 =
(L H )

−1
D−1 L−1 = (L−1)

H
D−1 L−1. In each iteration, the

partial elements of matrix C−1 are updated as shown in
Table II. According to Table II, we can note that the
inversion operation only need to use the multiplication and
addition operations. The calculation process between the
matrix elements without data dependencies. For the improved
OMP algorithm, the size of matrix C increase from 1 × 1
to 2i × 2i in the ith iteration. The size of matrix C−1 is
increased by 2, and the elements of matrix C−1 are updated in
each iteration. The update consists of adding two new values,
obtained by multiplying three elements of matrices L−1, D−1,
to the elements of C−1 computed in the previous iteration.
In order to improve the speed of circuits, multiplications are
completed in parallel for each iteration and sum products. This
ensures that the inverse of all elements are completed using
the least clock cycles. Since the value of the previous iteration
does not be changed, the result of the previous iteration
calculation can be stored in temporary memory and only need
to add two product terms to it.

The proposed structure for Cholesky decomposition
consists of o(16i) number of multipliers, o(12i) num-
ber of adders (subtracters), and two reciprocal units for
2i × 2i matrix. We can decompose the elements of two
adjacent rows (Ci, j ,Ci+1, j ) of matrix C in parallel based
on parallel index selection mechanism. Because of the com-
plex data dependencies between matrix D and L, according
to (4) and (5), 2i −1 cascaded multiply add units are required
to decompose the 2i × 2i matrix C . The multiply add unit
requires one addition and two complex-valued multiplications.
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Fig. 6. Data flow of the matrix inversion unit.

One complex-valued multiplier can be divided into three real-
valued multipliers and three adders. In matrix inversion unit,
the data flow between the matrices L, D, as well as C ,
Goldschmidt reciprocal unit and cascaded multiply add unit
is shown in Fig. 6.

In matrix inversion unit, the memory for the matrices L, D,
and C is implemented in registers because it is essential to
utilize the possible parallelism of different operations. Since
the 2i ×2i complex-valued matrix C is highly structured, this
allows to store half of the elements into 2 · i(2i–1) registers
corresponding to the real and imaginary parts. For the lower
triangular complex-valued matrix L and matrix L−1, the size
of registers required is also 2 · i(2i–1) registers. In addition,
2 · i registers are required to store the diagonal matrix D
and matrix D−1. The organization of memory can assure
maximizing parallelism for the matrix inversion unit.

C. Signal Estimation and Residual Calculation

According to step 4, the product of the conjugate transpose
of the updated matrix ˜�H and the residual y can be calculated
in the first circuit. However, transpose matrix ˜�H is multi-
plied with residual vector y in the real-valued system. The
extra operations are multiplication of imaginary part, which
is similar to the first unit. Then the inverse matrix C−1 is
multiplied with the product to generate the new estimate of the
original signal x̃ . The estimate vector x̃ is used to calculate the
residual vector for the next iteration. According to the step 5,
the product of the matrix ˜� and the estimated value of x̃ ,
and then subtracted from the measurements vector y to find
the new residual vector for the next iteration. If the number
of iterations is equal the number that given, then the iteration
is finished. The estimate value of x̃ will be the value of the
reconstructed signal that is required ultimately.

The improved OMP algorithm can be used to reduce the
computational complexity effectively for solving steps 4 and 5.
Table I compares the computational complexity of the
OMP algorithm and improved algorithm. For step 4, the
matrix C−1 is updated in each iteration and then get the prod-
uct of the matrix C−1 and y. If the number of iterations is K
in the OMP algorithm, the dimension of the matrix C−1 will
also be from 1 × 1 to K×K . So the computational complexity
of the multiplication in the step 4 for K iterations can be
expressed as

∑K
k=1 k2. In this paper, the number of iterations

for the improved OMP algorithm is ith, then the size of the
matrix C−1 will increase from 2 to 2ith × 2ith. Therefore, the
computation of the multiplication in the step 4 for ith iterations

can be expressed as
∑ith

k=1 4k2. The computation of the sum

is also reduced from
∑K

k=1 k(k − 1) in the OMP algorithm to
∑ith

k=1 2k(2k − 1) in the improved OMP algorithm. It can be
seen from the comparison that the improved OMP algorithm
effectively eliminates the computational complexity of the odd
iterations. For step 5, it is necessary to multiply the updated
matrix ˜� and the value of the estimated signal x̃ . It can also
be found that the improved OMP algorithm can effectively
reduce the computational complexity of the step 5.

IV. FPGA IMPLEMENTATION AND ANALYSIS

To implement the improved OMP algorithm on the hard-
ware, the algorithm is designed and optimized in terms of
the fixed-point representation of signals using MATLAB.
In this section, simulation results and fixed-point parameters
of the improved OMP algorithm for AIC CS-based are pro-
vided. In the simulation, we choose Gaussian random matrix
as the observation matrix for AIC in [5]. The improved
OMP algorithm is employed to recover the signal using the
measurements vector from AIC. The proposed architecture has
been implemented for N = 1024, K = 36, and M = 256.
The reference FPGA implementation results contains recon-
struction SNR, reconstruction result of hardware, and recon-
struction time.

A. Simulation Results

The improved algorithm can accurately reconstruct the
original signal using MATLAB simulation. To validate the pro-
posed hardware implementation of improved OMP algorithm
and to compare software and hardware reconstruction effi-
ciency, we have developed a MATLAB code of the improved
OMP algorithm. This code executed on an Intel Core i5-CPU
at 3.3 GHz requires 9.3 ms to reconstruct a signal made
of 256 points. In addition, the success rate of four time-
sparse signals recovered under varying different sparsities and
measurements is shown in Fig. 7. It also shows, respectively,
simulation results of accompanying waveforms provide rela-
tive points of reference for the quality of the reconstructed
signals. During the simulation, we choose 256 measurements
which have different sparsities and 500 trials are repeated in
every condition to make the simulation results more stable.

B. Reconstruction Efficiency

To evaluate the construction efficiency of the hardware
approach, we have opted for the RSNR defined as the evalu-
ation of reconstruction performance, it can be described as

RSNR = 20lg

( ‖x‖2

‖x − x̃‖2

)

(7)

where x is the original signal, and x̃ is the recovered signal.
For our experiment, the frequency-sparse signal with the mea-
surements M = 256 and N = 1024 is presented. The signal
is projected from time domain to frequency domain by using
the sparse feature on Fourier basis. Gaussian random matrix
was used to observe the signal to obtain the compressive
observation y.

We have conducted simulations for data format with the
total number of bits (precision) and the number of fractional
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Fig. 7. Success rate of four time-sparse signals recovered under varying different sparsities and measurements.

TABLE III

RSNR PERFORMANCE COMPARISON OF SIGNAL UNDER VARYING DATA PRECISION FOR N = 1024, M = 256, AND K = 36

bits. The obtained results are presented in Table III. As shown
in Table III, with the varying of number of fractional bits,
the original signal can be recovered with different perfor-
mances in different schemes. We have measured the average
RSNR of the floating point and the measurements M = 128
using MATLAB simulations is 31.17 dB. In order to com-
pare the RSNR of the OMP algorithm and the improved
OMP algorithm, the RSNR of the OMP algorithm is also
simulated under the same signal, which is 21.41 dB.

In our design, the 32-bits data precision with 22 bits
for the fractional part is closer to the floating point system
according to Table III, which allows the reconstruction of the
signal with RSNR of 31.15 dB. The main reason is that the
Cholesky complex decomposition method introduces error in
each iteration and the greater error with increasing number
of iterations. The RSNR of the improved OMP algorithm is
higher almost 10 dB than OMP algorithm because the number
of iterations is decreased in this paper.

In addition, Fig. 8 shows the average RSNR perfor-
mance measured at different sample rates (M/N) for data
format 32(22) with total number of 32 bits and the fractional
of 22 bits. Sample rate is defined as the ratio between
current sample frequency and Nyquist frequency which equals

Fig. 8. Average RSNR at different sample rates (M/N).

to M/N , where M is observation. number, N is the length
of input signal. The higher the sample rate and the better
reconstruction performance. Besides, we can notice that there
is a mutational point at sample rate about 0.2 and the causes
of this mutation point is observation number has reached the
sparse degree of the signal through the analysis of the sparse
coefficient matrix.

C. Implementation of Hardware

In this paper, for comparison purposes with [19], the
proposed architecture of improved OMP algorithm has been
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TABLE IV

COMPARISON RESULTS WITH [19] FOR N = 1024,
M = 256, AND K = 36 USING VIRTEX6 FPGA

prototyped for N = 1024, K = 36, and M = 256.
Considering the requirements of high performance and low
power consumption, the proposed reconstruction architecture
of improved OMP algorithm is synthesized and placed on a
Xilinx Virtex6 xc6vsx475t-1ff1156 FPGA device. To reduce
the extra area consumption and ensure the high RSNR of
the design, we have used 24-bit data precision with 12-bit
for the fractional part, which allows the reconstruction of
the signal with an RSNR of 31.04 dB. To improve the
speed of this design, we have optimized architecture by
inserting pipeline registers for various multipliers, inversions,
and adders. Table IV summarizes the system performance and
the resource utilization profile of the FPGA implementation.
The implementation for the improved OMP can operate on
the FPGA at 135.4 MHZ. Compared with [19], the proposed
structure involves more DSP48 and slices due to complex-
valued system, but it has higher clock frequency and requires
less reconstruction time for signal reconstruction.

To demonstrate the capability of the improved OMP algo-
rithm for signal recovery, the design was targeted at the
recovery of measurements from AIC structure proposed in [5].
We have built a complete AIC structure using SIMULINK
serves as the test-bench environment to provide the mea-
surements for hardware implementation operating in FPGA
board. The design executed in FPGA board together with
the SIMULINK model in PC and capture the output of the
design using the spectrum analyzer. Then, the data collected
is transferred to the MATLAB environment and analyzed on
time domain to compare the original signal and the recovery
signal. The implementation result shows that the improved
OMP algorithm offers a higher RSNR of 31.04 dB with the
reconstruction time of 170 μs for signal reconstruction on the
Xilinx Virtex6 FPGA. Fig. 9 shows a smooth signal consisting
of the sum of five sine waves whose frequency set is {50, 100,
150, 200, 250} MHZ and the signal recovered by the improved
OMP algorithm. This illustrates the fact that the FPGA proto-
type performs this operation in real time and sparse signal can
be restored efficiently using the improved OMP algorithm.

Fig. 9. Original signal and the signal recovered by the improved OMP
algorithm.

TABLE V

COMPARISON FOR CLOCK CYCLES (K DEGREE OF SPARSITY, M SIZE

OF MEASUREMENT VECTOR, N NUMBER OF SAMPLES,
AND ith NUMBER OF ITERATIONS)

D. Timing Analysis

In this paper, the reconstruction time of improved
OMP algorithm is 170 μs on a Virtex6 FPGA. We have
compared the number of cycles necessary of improved
OMP algorithm with previous design proposed for the OMP
algorithm in [19] assuming the same size of OMP algorithm.
For the OMP algorithm, the parallel complex multiplication
to find the two correlation columns have K (N + 8) cycles
for K -sparsity due to the parallel of real and imaginary parts.
However, for the improved OMP algorithm, ith(N + 9) cycles
are required for K -sparsity compared with [19]. Since the
size of matrix C−1 is increased by 2 for each iteration, the
two summation items can be processed in parallel to decrease
the total number of cycles. In the design of [19], the latency
for the computation of x̃ is constant for each iteration and
takes 3 K. Compared with it, this design eliminated the
odd iteration. Moreover, multiplication of ˜�H with vector x̃
requires mK cycles totally in [19] and mith cycles in our
design. The total number of cycles for the reconstruction
of the proposed fully scalable for different sizes of OMP
algorithm in [19] is 2K 2 + (N + 37)K , which corresponds to
40 788 cycles for the same configuration (N = 1024, K = 36,
and M = 256). In this design, 23 009 cycles are required
to complete the reconstruction of improved OMP algorithm.
In this sense, as Table V shows that, our implementation
requires less reconstruction time compared with the previous
works, obviously at the expense of area because of the
complexed-valued system for AIC.

V. CONCLUSION

This paper has improved OMP algorithm based on two
correlation indices selection in each iteration and Goldschmidt
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algorithm. We have finished the code of the improved algo-
rithm using MATLAB to compare it with OMP algorithm.
Emulation results show that the improved OMP algorithm has
higher success rate and RSNR for the signal recovery than
the OMP algorithm. In addition, the improved algorithm can
effectively reduce number of iterations and the computational
complexity of the matrix operations. This paper has presented
a hardware implementation of the improved OMP algorithm
of signal reconstruction for AIC structure CS-based. We have
completed fixed-point simulation with data precision of 12 bits
for fractional part and implemented on a Xilinx Virtex6 FPGA
device. The implementation result shows that the improved
OMP algorithm offers a high RSNR of 31.04 dB for signal
reconstruction. We have shown that our proposed architec-
ture can operate at 135.4 MHZ with the reconstruction time
of 170 μs, which is superior compared with existing designs.
Therefore, the obtained results in terms of the clock frequency
and reconstruction time also outperform the previous designs.
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