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1 |  INTRODUCTION

During the past few years, compressive sensing (CS) has become 
appealing to researchers in various fields because of its wide 
applicability as well as its superiority to conventional signal pro-
cessing techniques. The fundamental premise of CS theory is 
that signals can often be represented using only few non-zero 
coefficients in an appropriate basis. If a signal is sparse, then 
it can be sampled at a rate lower than the Nyquist rate, that is, 
lower than twice the highest frequency contents, and can still 

be accurately recovered [1,2]. Therefore, using CS reduces the 
resources needed for data acquisition and transmission, thereby 
dramatically reducing the required time and energy.

Among other advantages, CS allows reconstructing im-
ages from incomplete representations, supposing that an 
image is sparse in a consistent basis. For instance, a sin-
gle-pixel Terahertz camera can exploit CS to reduce the effort 
required to acquire an image, because not all the pixels need 
to be sampled, thereby increasing the acquisition speed [3]. 
CS also allows improving the image quality by reducing the 
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number of measurements. In medical imaging, CS has been 
applied to remove motion artifacts, producing better results 
for dynamic magnetic resonance imaging [4].

Many software designs have been proposed for reconstruct-
ing compressively sensed signals. It is well known that the as-
sistance of a graphics processing unit (GPU) can significantly 
improve the performance of a software implementation [5]. 
However, GPU-accelerated software-based solutions that run 
on general-purpose CPUs cannot reach high throughput, and 
they consume considerable power, which makes them unsuit-
able for real-time energy-efficient embedded systems.

Several hardware-level methods have been implemented to 
increase the speed of CS signal reconstruction. Septimus and 
Steinberg implemented the orthogonal matching pursuit (OMP), 
which is the most frequently used reconstruction algorithm, in 
a field-programmable gate array (FPGA). The speed of the al-
gorithm was limited by a low operational clock frequency [6]. 
Mohsenin and others proposed an FPGA-based OMP architec-
ture to reduce complexity by employing the QR-decomposition 
to solve a matching pursuit (MP) task [7]. Shi and others pre-
sented an hardware architecture based on the Cholesky factor-
ization and a multifunctional systolic array [8]. However, the 
limited throughput and the demanded high sparsity make these 
designs impractical for real-time applications [9,10].

In the existing hardware designs for the MP and OMP al-
gorithms, the least-squares problem (LSP) solver is the most 
time-consuming element. The LSP is solved only in the last 
stage of the MP algorithm, whereas in the OMP algorithm it 
has to be solved in every iteration. The LSP solver involves 
heavy matrix computations, especially matrix inversion, which 
dramatically influence the time performance. Furthermore, if 
the series of matrix computations is performed by a single 
hardware unit, then the area complexity can be reduced, but 
the overall throughput of the OMP processing is limited.

In this paper, we suggest a fine-grain pipelined architec-
ture for the OMP to overcome the low-speed performance of 
conventional designs. LSP solving is implemented by using 
systolic arrays with four newly designed processing elements. 
We also propose two methods to implement the matrix multi-
plication of the LSP solver: (a) based on the sum-of-product 
principle (SoP), and (b) based on distributed-arithmetic (DA) 
matrix multiplication. The SoP-based design achieves an in-
creased throughput by slightly extending the area, whereas 
the multiplierless DA-based design contributes to minimiz-
ing the area overhead related to the pipelining.

The remainder of this paper is organized as follows. 
Section 2 briefly reviews the backgrounds of CS and the OMP 
algorithm. Section 3 presents the proposed architectures, in-
cluding the fine-grain pipelined design, the new systolic array 
structures, and the SoP- and DA-based matrix multiplication 
units. The results of logic synthesis are presented in Section 
4, together with a comparison of the proposed and existing 
designs. Finally, Section 5 concludes the paper.

2 |  BACKGROUND REVIEW

CS is a new signal processing technique for efficiently sam-
pling and recovering signals. It allows a signal to be fully 
recovered after being sampled at a sub-Nyquist rate, if it is 
sparse in a certain domain or dictionary. For a signal to be 
sparse, its energy density must be mostly distributed over only 
a few points called sparseness support coefficients. The total 
number of these non-zero coefficients defines the level of sig-
nal sparsity. An additional condition for the reconstruction of 
the compressively sensed signal to be possible is the incoher-
ence between the measurement matrix and the representation 
matrix. A lower coherence level means the signal recovery 
requires fewer samples.

In CS, the fundamental operation is the multiplication of the 
input signal by a measurement matrix. The precognition of the 
measurement matrix is the key for reconstructing the original 
signal from the compressively sensed signal. Assuming that a 
signal f  has the sparse representation x in a basis �, it can be 
described by

where f ∈ℝ
N, �∈ℝ

N×N, and x∈ℝ
N. As most of the en-

ergy is concentrated in few coefficients, the remaining 
coefficients become zero without distorting the signal; con-
sequently, x is mostly composed of zeros. The acquisition of 
the signal vector f  is processed via a linear transformation 
of the measurement matrix �, resulting in the measurement 
vector y:

where y∈ℝ
M, �∈ℝ

M×N, �∈ℝ
M×N, and � is the reconstruc-

tion matrix. Because N >M in order to reduce the number of 
samples, (2) becomes an underdetermined system of linear 
equations. One of the solutions to this problem is to minimize 
the Lp-norm as

The solution of (2) by L2 minimization can be expressed 
as

The problem represented by (4) is known as the basis 
pursuit problem and can be solved by several approaches, 
such as convex relaxation, iterative thresholding, or greedy 
iterative methods. Greedy methods, such as MP and OMP, 
are preferable for hardware implementation because of their 
simplicity, high reconstruction speed, and low implementa-
tion cost.

(1)f =�x,

(2)y=�f =��x=�x,

(3)x= argmin
x:�x=y

‖x‖
p
.

(4)x= argmin
x:�x=y

‖x‖2.
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The OMP is a derivative of the original MP algorithm, 
which involves an LSP-solving step to compute the residual. 
The main difference between the two is that in the OMP all 
the coefficients are updated by orthogonally projecting them 
onto a set of selected atoms, improving the result of the al-
gorithm. However, the LSP step needs to be solved in every 
iteration of the OMP and involves complicated matrix arith-
metic. Thus, the computational complexity of OMP is much 
higher than that of the MP. Given that the complexity of each 
iteration increases, but the reconstruction output is enhanced, 
the OMP algorithm is more consistent than the MP with 
low-sparsity signals.

The OMP algorithm is summarized in Algorithm 1. The 
reconstruction matrix � and measurement vector y are the in-
puts, whereas the sparse reconstruction x constitutes the out-
put. The four steps of the OMP algorithm are performed 
iteratively. The number of iterations depends on m, that is, the 
sparsity level of the signal. In each iteration, the column of � 
having maximum correlation with the residual y is selected. 
Then, its contribution is removed to create a new residual and 
a newly reconstructed value. The procedure from Steps 1 to 4 
in Algorithm 1 is repeated until the number of iterations 
reaches the sparsity level m. Thus, all the non-zero values are 
reconstructed.

The LS problem in Step 3 can be solved by

In our study, a modified Cholesky factorization method, 
known as the LDL decomposition, has been employed to find 
the inverse matrix C−1 in (5). The original matrix C can be 
computed as the product of three matrices:

The elements of the triangular matrix L and diagonal ma-
trix D can be obtained from

and

respectively. Then, the inverse matrix C−1 is computed as

Because D is a diagonal matrix, its inverse can be ob-
tained by simply inverting every element on the diagonal. In 
contrast, the elements of matrix A, the inverse of the triangu-
lar matrix L (A=L

−1), can be obtained by using the relation

Note that all the elements on the diagonal become one 
after the inversion, that is, aii =1.

3 |  PROPOSED ARCHITECTURE

3.1 | Proposed fine-grain pipelined 
structure

Figure 1 shows the proposed hardware architecture for the 
OMP algorithm. It consists of three main computing units: the 
atom selection unit, the LSP solver, and the residual calcula-
tion unit. In the atom selection unit, the correlation between 
the reconstruction matrix � and the newly updated residual 
r is computed. Then, the largest dot product is found by a 
tree comparator. The LSP solver performs four consecutive 
matrix computations: multiplication, decomposition, inver-
sion, and composition, the details of which are summarized 
as follows:

• Matrix multiplication: Matrix �i needs to be multiplied 
by its transpose, �T

i
 to compute C, where �i ∈ℝ

M×i and 
C∈ℝ

i×i. Because C is a symmetric matrix, only its low-
er-left half needs to be computed. This function is per-
formed by a multiplierless matrix computation unit, either 
DA- or SoP-based, as discussed in Sections 3.2 and 3.3.

• Matrix decomposition: In Figure 1, the matrix decompo-
sition unit performs the LDL decomposition. It uses two 
specialized processing elements, namely PE1a and PE1b,  

(5)x=
(
�

T
�
)−1

�
Ty=C

−1
�

Ty.

(6)C=LDL
T.

(7)dii = cii−

i−1∑

k=1

l2
ik

dkk

(8)lij =
1

djj

(

cij−

j−1∑

k=1

likljkdkk

)

,

(9)C
−1 =

(
L
−1
)T

D
−1

L
−1.

(10)aij =−

i−1∑

k=j

likakj.
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in accordance with (7) and (8), respectively. The struc-
ture of the systolic array of the matrix decomposition unit 
is depicted in Figure 2A, and the structures of PE1a and 
PE1b are shown in detail in Figure 3A  and 3B, respec-
tively. Each PE1a computes the elements of the diagonal 
matrix D using the elements of C obtained from the ma-
trix multiplication unit and the sin received from PE1b. 
Each PE1b computes the value of each element in the tri-
angular matrix L using the fetched-in cin, sin, and din, and 
calculates the value of sout. The inner register after the 
2:1 multiplexer selectively stores either lin or lij and, then, 
transmits to the next processing element. The matrix de-
composition unit employs 136 PE s: 16 PE1a and 120 PE1b 
elements related to the diagonal and lower-left half of L,  
respectively. The matrix decomposition is completed in 
31 clock cycles.

• Matrix inversion: Because D is a diagonal matrix, it can 
be inverted by simply computing the reciprocals of its 
diagonal elements. The division IP from the Synopsys 
DesignWareTM library is used for this purpose [11]. In 
contrast, L can be inverted according to (10) using the sys-
tolic array shown in Figure 2B. Because all the elements 
on the diagonal become one after the inversion, 120 PE2 
processing elements are necessary to invert L. The detailed 
architecture of PE2 is shown in Figure 3C. First, after the 
subtractor, the inner register is initialized to lp, which is 
equal to lij from the previous LDL decomposition stage. 
Then, each PE2 operates as a multiply-accumulator to 
compute aij. The values of lout and aout in Figure 3C are 
transferred to the right and lower PE2, respectively, for the 

subsequent computations. Note that the inversion is com-
pleted in 15 cycles.

• Matrix composition: The matrix composition unit com-
putes C−1 from the outputs of the matrix inversion unit ac-
cording to

The systolic array with 136 PE3 shown in Figure 2C is 
used to compute the matrix product of L, L−1, and D. The 
detailed architecture of the processing element is shown in 
Figure 3D. Because L and D are triangular and diagonal 
matrices, respectively, they can be multiplied by simply ac-
cumulating dot products. All three matrices have the same 
1616 size. Thus, 16 cycles are sufficient to complete the 
operation.

After C−1 is obtained, the sparse representation x is mul-
tiplied by the set �i of selected atoms in order to compute 
the reconstructed signal. Then, the result is subtracted from 
the measurement vector y to update the residual for the next 
iteration.

In the proposed architecture, as shown in Figure 1, the 
LSP solver is composed of four consecutive sub-blocks, 
enabling simultaneous computations. All seven building 
blocks, namely the correlation computing unit, tree com-
parator, residual calculation unit, DA-based matrix mul-
tiplication unit, and the three systolic arrays for the LSP 
solver, use the same number of clock cycles, 32, when 

(11)c−1
ij

=−

m∑

k=1

lkilkjd
−1
kk

.
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N =256, M=64, and m=16, where N  is the size of the 
original signal, M is the measurement vector size, and m 
is the sparsity level. Therefore, the proposed seven-stage 
pipelined architecture can reconstruct an original frame of 
256 samples from 64 compressively sensed signals every 32 
cycles. The pipelined processing is one of the novel contri-
butions of this paper.

3.2 | Matrix multiplication unit based on the 
sum-of-product principle

The matrix multiplication related to LSP solving, C=�
T
�, 

can be expressed as

The resultant matrix C can be obtained by separately com-
puting its elements as

for p, q=1, 2, … , i and p≤q. The computation of (13) 
can be handled by the proposed SoP-based matrix mul-
tiplication unit. As shown in Figure 4, this consists of 
M partial product generators (PPGs), which correspond 
to M multipliers, and a log2 M-stage adder tree followed 

(12)

⎛
⎜
⎜
⎜
⎝

c11 ⋯ c1i

⋮ ⋱ ⋮

ci1 ⋯ cii

⎞
⎟
⎟
⎟
⎠

=

⎛
⎜
⎜
⎜
⎝

�11 ⋯ �1M

⋮ ⋱ ⋮

�i1 ⋯ �iM

⎞
⎟
⎟
⎟
⎠

⎛
⎜
⎜
⎜
⎝

�11 ⋯ �i1

⋮ ⋱ ⋮

�1M ⋯ �iM

⎞
⎟
⎟
⎟
⎠

.

(13)cpq =
�

�p1 ⋯ �pM

�
⎡
⎢
⎢
⎢
⎣

�q1

⋮

�qM

⎤
⎥
⎥
⎥
⎦

,

F I G U R E  2  Structure of systolic arrays used in LSP solver (A) 
for LDL decomposition, (B) for matrix inversion, and (C) for matrix 
composition
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by a serial-in-parallel-out (SIPO) shift register with 
m (m+1) ∕2 outputs, where M and m are the width of the 
reconstruction matrix and the sparsity level, respectively. 
In every bit cycle, each PPG computes the partial prod-
uct of the corresponding pair of �p and �q. Because C is 
symmetric across its diagonal, only half of the matrix 
can be computed to save resources. Thus, PPGs require 
m (m+1) ∕2 clock cycles to compute all the partial prod-
ucts. Then, the adder tree sums all the M newly com-
puted partial products to obtain each desired element of 
the resultant matrix C. Afterwards, the SIPO shift reg-
ister receives and stores the element values. At the end 
of each pipeline time slot, the SIPO register outputs all 
m (m+1) ∕2 values to Stage 5, that is, the LDL decompo-
sition unit of the LSP solver.

3.3 | Matrix multiplication unit based on 
distributed arithmetic

The traditional approach for computing (13) is to use multi-
ply-accumulators (MACs), where each MAC is responsible 
for computing one element of C. Because only the lower-left 
half of C needs to be computed, m (m+1) ∕2 MACs are suffi-
cient. The number of pipelined stages and MACs required is 
proportional to the size of � and the value of m, respectively, 
which leads to a large extension of area and a significant in-
crease of latency for the entire design. To resolve this issue, 
we propose a different structure for the matrix multiplication 
unit. It is based on DA, an efficient method for computing 
inner products and transforms based on multiply-accumulate 
operations. The result is calculated by accumulating the par-
tial products of the serially shifted bits of a vector with the 
elements of another vector. The partial products are stored in 
a look-up table (LUT), which is addressed by a nibble of the 
shifted bits.

Equation (13) can be rewritten as a sum of partial 
matrix multiplications, where each operand takes the 

form of the multiplication between a row and a column 
vector as

Let us examine the first partial term in (14) as

and assume that �qk for k=1, 2, 3, 4 is a fractional two's comple-
ment number, with −1≤�qk ≤1, that is,

where L is the word length of �qk and l indicates the lth bit, 
counting from the most significant bit (MSB). By substituting 
(16) into (15),

where

Then, (17) can be expanded to a sum of products as

(14)

c
pq

=
�

�
p1

⋯ �
pM

�
⎡
⎢
⎢
⎢
⎣

�
q1

⋮

�
qM

⎤
⎥
⎥
⎥
⎦

=
�

�
p1

�
p2

�
p3

�
p4

�
⎡
⎢
⎢
⎢
⎢
⎣

�
q1

�
q2

�
q3

�
q4

⎤
⎥
⎥
⎥
⎥
⎦

+
�

�
p5

�
p6

�
p7

�
p8

�
⎡
⎢
⎢
⎢
⎢
⎣

�
q5

�
q6

�
q7

�
q8

⎤
⎥
⎥
⎥
⎥
⎦

+
�

�
pM−3

�
pM−2

�
pM−1

�
pM

�
⎡
⎢
⎢
⎢
⎢
⎣

�
qM−3

�
qM−2

�
qM−1

�
qM

⎤
⎥
⎥
⎥
⎥
⎦

.

(15)
r1 =

�

�p1 �p2 �p3 �p4

�
⎡
⎢
⎢
⎢
⎢
⎣

�q1

�q2

�q3

�q4

⎤
⎥
⎥
⎥
⎥
⎦

=

�p1�q1+�p2�q2+�p3�q3+�p4�q4,

(16)�qk =−�qk,0
2

0+

L−1∑

l=1

�qk,l2
−l

, k=1, 2, 3, 4,

(17)
r1 =�p1

L−1∑

l=0

� (l) �q1,l2
−l+�p2

L−1∑

l=0

� (l) �q2,l2
−l

+�p3

L−1∑

l=0

� (l) �q3,l2
−l+�p4

L−1∑

l=0

� (l) �q4,l2
−l,

(18)� (l)=

{
−1, for l=0,

1, otherwise.

F I G U R E  4  Proposed structure for sum-of-product-based matrix 
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where r1 is the sum of L partial products. Each partial prod-
uct is the sum of the products of the variables �p and one bit 
of �qk. Because �qk,l (k=1, 2, 3, 4 and l=0, … , L−1) is either 
0 or 1, each partial product has 24 =16 possible values. It is 
undoubtedly more efficient to pre-compute all these values 
and store them in a LUT, rather than to compute them on-
line. Each set of [ �q1,l �q2,l �q3.l �q4,l ] bits can be used 
to address the LUT in order to read out a pre-computed par-
tial product. The output of the LUT is accumulated during 
L cycles to obtain the value of r1. The other partial matrix 
multiplications for (r2, r3, …, rM∕4) in (14) can be computed 
similarly.

The conventional hardware structure of DA for the computa-
tion of each partial product in (19) is shown in Figure 5, where 
a LUT with 16 partial products is followed by a shift accumula-
tor. In each cycle, the data retrieved from the LUT are added to 
or subtracted from right-shifted accumulated data, and address 
bits are orderly shifted out from least significant bits (LSBs) to 
MSBs. The adder/subtractor is controlled by a sign bit, which is 
set to 1 only for the data fetched by the address of the MSB set; 
otherwise, it is set to 0.

The LUT in Figure 5 has to be implemented by using 
a random access memory (RAM), because different sets 
of partial products or different LUT contents should be 
used in the LUT for the calculation of r1, r2, r3, …, rM∕4. 

However, in the proposed architecture, a DA table with 15 
registers is used instead of storing 16 pre-computed values 
in a RAM-based LUT in order to adapt to the proposed 
pipelined design. Thus, all the partial products in the LUT 
can be retrieved in the same cycle. Let us denote the value 
of the ith memory cell of the LUT as

where �j+1 indicates an element of the row vector of each 
partial matrix multiplication and ij is the (j+1) th bit of the 
4-bit binary representation of integer i. Then, the values of 
vi can be pre-computed and stored in a register-based LUT 
as shown in Figure 6. Because the value corresponding to 
the address [0 0 0 0] is always zero, only 15 registers are re-
quired for the proposed DA-LUT. The 15 registered values 
of vi can be updated by using only seven adders to allow 
multiplierless implementation and access in parallel. The 
address of the LUT can be used as a selection signal for a 
16:1 multiplexor.

For M= 64, 16 partial matrix multiplications are 
required in total. Therefore, the matrix multiplica-
tion unit is constructed from 16 DA-LUTs and a four-
stage adder tree, as depicted in Figure 7. Note that 
Ak (k=1, 2, 3, … , 16) represents the LUT address formed 
by each bit set [ �q4k−3,l �q4k−2,l �q4k−1,l �q4k,l ], and 
Tk (k=1, 2, 3, … , 16) denotes four elements consecutively 
shifted to the LUT, �p4k−3, �p4k−2, �p4k−1, and �p4k. A SIPO 
shift register receives the outputs of the adder tree, shifts 
them over 32 clock cycles, and then feeds them in parallel 
to the PE1 processing elements of the matrix decomposition 
unit.

(19)

r1 =� (0)
[
�p1�q1,0+�p2�q2,0+�p3�q3,0+�p4�q4,0

]
20

+� (1)
[
�p1�q1,1+�p2�q2,1+�p3�q3,1+�p4�q4,1

]
2−1

+� (2)
[
�p1�q1,2+�p2�q2,2+�p3�q3,2+�p4�q4,2

]
2−2

⋮

+� (L−2)
[
�p1�q1,L−2+�p2�q2,L−2+�p3�q3,L−2 +�p4�q4,L−2

]
2−(L−2)

+� (L−1)
[
�p1�q1,L−1+�p2�q2,L−1+�p3�q3,L−1 +�p4�q4,L−1

]
2−(L−1),

(20)vi =

3∑

j=0

�j+1ij, 0≤ i≤15,

F I G U R E  5  Conventional implementation of distributed 
arithmetic

F I G U R E  6  Proposed implementation of distributed arithmetic 
with register-based look-up table
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3.4 | Versatile design based on the proposed 
architecture

Many hardware implementations have been proposed for dif-
ferent CS applications. However, most of the known archi-
tectures have been designed for particular values of the input 
parameters N, M, and m, which are fixed and known in ad-
vance. Therefore, it can be difficult to adapt such constrained 
implementations to scenarios in which the values of N, M, and 
m are matched to the properties of a signal. To tackle this chal-
lenge, we propose a versatile design based on the architectures 
introduced in the previous sections. The design, which has 
been prototyped for reconstructing an m-sparse signal com-
pressively sensed by using an N-by-M matrix, assumes that 
the reconstruction matrix can be as large as 1024×256 (the 
largest size of the reconstruction matrix used in state-of-the-art 
approaches) and the sparsity m of the signal can range up to 30.

The proposed versatile design consists of 11 stages, as 
shown in Figure 8. Each stage completes its task in maximum 
32 clock cycles.

• Stages 1 and 2 compute the correlation between the recon-
struction matrix � and the newly updated residual r. Each 
stage is composed of four correlation computers, each of 
which can compute 32 partial multiplications in one pipe-
line time slot. As Mmax =256, each stage can compute up to 
128 partial multiplications, that is, half of the matrix multi-
plication, in 32 cycles.

• Stage 3, the tree comparator, compares N values from 
Stage 2 in log2 N cycles. As Nmax =1024, the maximum 
number of cycles required by stage 3 is 10.

• Stage 4 handles the matrix multiplication between �i and 
�

T
i
 to find C by using the previously proposed DA-based 

design. The output delay of Stage 4 depends on the word 
length L. If the design is prototyped for 16-, 24-, or 32-bit 
data, then Stage 4 requires 16, 24, or 32 cycles, respectively.

• Stages 5, 6, 7, and 8 perform the LDL decomposition 
to compute L and D. As mmax =30, the four stages are 
designed to be able to decompose a 30-by-30 matrix. 
According to the computational properties of the systolic 
array–based design of the LDL decomposition, the number 
of rows in each stage is properly calculated, as shown in 
Figure 9.

• Stage 9 inverts L in m cycles, and Stage 10 composes L, 
L
−1, and D to find C−1 in m−1 cycles. As mmax =30, Stages 

9 and 10 require 30 and 29 cycles at most, respectively.
• Stage 11 calculates and updates the residual r in m cycles.

3.5 | Implementation and synthesis results

We followed a typical front-end design flow for the design 
and implementation of the proposed OMP, that is, algorith-
mic level and bit-accurate modeling, register-transfer level 
(RTL) design, and logic synthesis. We used MATLAB for 
algorithmic level modeling, and a System C fixed point li-
brary for bit-accurate modeling, and the results have been 
used as the golden data for verifying the synthesized model 
of the proposed OMP.

In the proposed design, we could obtain a signal to 
noise ratio (SNR) higher than 60 dB with a 16-bit word 
length when N =256 and M=64. We included the ratio 
of correctly recovered signals as a function of the number 
of measurements M and of the sparsity level m in order 
to show accurate metrics of the proposed architectures. 
Figure 10A shows the ratio of correctly recovered signals 
as a function of m for different values of M when N =256.  
A total of 1000 random signals was used, and the per-
centage of those correctly recovered was obtained from 
bit-accurate simulations. Note that for a specific number 
of measurements, the recovery percentage decreases as the 
sparsity level increases. It is also seen from Figure 10B, 
where the ratio of recovered signals is shown as a function 
of M for different values of m, that more measurements 
are required to retain the percentage of recovery as the 
sparsity level increases.

Two versions of the proposed architecture, respec-
tively using a DA- and SoP-based matrix multiplication 
unit, have been coded in Verilog hardware description 
language (HDL) and synthesized by the Synopsys Design 
Compiler with the TSMC 90  nm standard CMOS li-
brary. The (N, M, m) parameters for the OMP are set to 

F I G U R E  7  Design of the matrix multiplication unit
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(256, 64, 16). Table 1 shows the results of the logic syn-
thesis for the proposed architectures. The design with 
the DA- and SoP-based matrix multiplication units can 
operate at the maximum frequencies of 312  MHz and 
333  MHz, respectively, taking 512 cycles in both cases 
to complete the reconstruction of a 256 sample frame. 
Because the required number of iterations is 16 when 
the sparsity level is 16, it takes 16×512=8192 cycles to 
complete the reconstruction of a sparse signal. Our de-
signs may occupy a larger area than the existing ones 
because of the fine-grain pipelining. However, the area 
overhead can be significantly counterbalanced by using 
the proposed register-based DA-LUT. Specifically, the 
area of the matrix multiplication unit based on DA-LUT 
is only 0.128 mm2, whereas the common approach based 
on MACs requires an area of 0.778 mm2. Therefore, the 
total area of the proposed design, which is 8.215 mm2, 
can compete with known architectures. Besides, with a 

F I G U R E  8  Proposed design; it is reconfigurable for wide ranges of N, M, and m
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marginal area overhead, the design with the SoP-based 
unit achieves an even higher throughput than that of the 
design with the DA-based unit.

We also implemented a design in which the matrix 
multiplication unit is constructed from two systolic ar-
rays. The synthesis results for three of our designs are 
listed in Table 2. The corresponding parts of each design 
occupy nearly the same area, except for the atom selector. 
When coupling the atom selector and the matrix multi-
plication unit of the LS solver, the design with systolic 
array–based matrix multiplication requires more registers 
and multiplexers for data transfer. Therefore, the area of 
this part of the design is slightly larger than that of the 
designs with DA- and SoP-based matrix multiplications. 

The multiplierless DA- and SoP-based units are 83.57% 
and 73.18% smaller than the systolic-array-based unit, 
while the total areas of the LS solvers are reduced by 
29.59% and 25.91%, respectively. Table 3 compares the 
very large scale integration (VLSI) implementation of 
the proposed architectures and that of the existing ar-
chitectures for compressive sensing reconstruction. All 
the architectures have been designed for a measurement 
matrix size of (N, M)= (256, 64) and compared in terms 
of technology, sparsity, operating frequency (MHz), re-
construction time (�s), and availability of pipelining. 
The proposed designs offer the lowest reconstruction 
times among the designs in Table 3. In addition, the pro-
posed architecture can start reconstructing a new sparse 
signal every 32 clock cycles, whereas the existing de-
signs cannot start processing an incoming sparse signal 
before reconstruction of the previous one is completed. 
Therefore, the proposed design with DA-based unit can 
reconstruct 256×312×106∕ (32×16)=156×106 samples 
per second, and the design with SoP-based unit can re-
construct 256×333×106∕ (32×16)=166.5×106 sam-
ples per second. On the other hand, existing designs 
such as the one by Shi and others [8] can only process 
256∕

(
45.42×10−6

)
=5.636×106 samples per second, pro-

viding much lower throughputs than the proposed designs.

4 |  CONCLUSION
We have proposed an efficient architecture for high-
throughput and low-area hardware implementation of the 
OMP algorithm for CS reconstruction. The throughput is 
dramatically enhanced by the proposed pipelined struc-
ture, which is constructed on top of the iterative nature 
of the OMP algorithm. We have also suggested a regis-
ter-based DA scheme for the matrix multiplication unit. 
The synthesis results show that the proposed design con-
sumes 6.26% more area but is characterized by 94.47% 

F I G U R E  1 0  The percentage of input signals correctly 
recovered when N =256 (A) as a function of the sparsity level m for 
different number of measurements, (B) as a function of the number of 
measurements M for different sparsity levels
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T A B L E  1  Performance summary of proposed architectures for 
N =256, M=64, and m=16 based on synthesis results and using TSMC 
90-nm library

Design
DA-based 
design

SoP-based 
design

Maximum operating frequency 
(MHz)

312 333

Number of cycles per iteration 
(cycles)

512 512

Number of samples processed 
per time unit (sample/s)

156.25 × 106 166.67 × 106

Area (mm2) 8.215 8.297

Delay per iteration (ns) 1638.4 1536

Area-delay product (mm2 × ns) 13 459.5 12 744.2
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less area-delay-product than state-of-the-art designs for 
N =256, M=64, and m=16. With its superior processing 
speed, the proposed design promises to bring about a sig-
nificant contribution in various applications, in particular 
real-time ones, in which high-speed paradigms for infor-
mation and signal processing are required.
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Design

Design with SA-
based matrix mul-
tiplication unit

Design with SoP-
based matrix multi-
plication unit

Design with DA-based 
matrix multiplication 
unit

Atom selector 6.6897 6.5511 6.5511

LS solver      

Matrix multiplica-
tion 1

0.3720 0.2087 0.1279

Matrix multiplica-
tion 2

0.4061 0.2087 0.1279

LDL 
decomposition

1.0333 1.0333 1.0333

Triangular matrix 
inversion

0.3251 0.3251 0.3251

Matrix composition 0.0615 0.0615 0.0615

Residual calculator 0.0250 0.0250 0.0250

Note: SA: systolic array, SoP: sum-of-product, and DA: distributed arithmetic.

T A B L E  2  Area (mm2) comparison 
of designs with systolic array-, DA-, and 
SoP-based units for matrix multiplication 
based on synthesis results and using TSMC 
90-nm library

T A B L E  3  Comparison of VLSI implementations of proposed and existing architectures

Algorithm Technology (nm) (N, M) Sparsity
Operating Frequency 
(MHz)

Reconstruction 
Time (� s) Pipelining

OMP [8] 130 (256, 64) 16 167 45.42 No

R-SGP [9] 90 (256, 64) 8 150 61.97 No

MCMIB [10] 90 (256, 64) 12 141 72.25 No

Proposed (DA-based design) 90 (256, 64) 16 312 26.26 Yes

Proposed (SoP-based design) 90 (256, 64) 16 333 24.60 Yes
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