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Abstract: Synthetic Aperture Radar (SAR) imaging methods is 

an interesting field in remote sensing. Nowadays, the Orthogonal 
Matching Pursuit Compressive Sensing (OMP) algorithm is 
applied on the reconstruction of data that are produced by SAR. 
The OMP is iterative algorithm that needs high time consumption 
and processing delay. This issue is considered one of the main 
problems that face the designers of the SAR systems that how to 
speed up the performance of the system to be more applicable. 
This paper provides an applicable pipelined processing technique 
for the OMP compressive sensing algorithm to speed up the 
compression and reconstruction of SAR Image Data. Based on 
the goal of this paper, it is possible to reduce the time processing of 
the OMP as every clock a new process will be started and it is not 
required to wait the certain process to be finished. The 
good-resolution images of the SAR are used for mapping, 
identification and other applications. This article defines the 
compressive sensing algorithms and it also discusses the design, 
analysis of the proposed pipelined processing method for one of 
the CS algorithms to reduce the consumed time using FPGA 
implementation. Moreover, the paper includes the 
implementation of the both normal processing and the proposed 
pipelined processing for the used algorithm. Finally, a 
comparison between the two algorithms is presented to evaluate 
the performance. 

 
Keywords: SAR; Compression; reconstruction; CS; Algorithm 

and Pipelined. 

I. INTRODUCTION 

Sar performance depends on the accuracy of the imaging 

sensors that are able to multiply imaging modes and 
resolutions. These options together with the wide swath 
requirement provide a huge amount of data that should be 
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processed to generate images with high resolution. The low 
computational resources and the steadily increasing the 
resolution of SAR so it is not able to process data on board. 
Hence, it must be stored using a certain storage media or to be 
transmitted to the ground stations where the processing steps 
are performed. The big amount of data is constrained by the 
storage and transmission channel capabilities. To solve this 
problem, many solutions were made to provide a certain 
compression algorithm for compressing the raw data image 
[1, 2]. 

Image that are provided by SAR are different in nature 
compared to the optical images. This difference appears in 
some points like: SAR Image is large in size, it may contain 
complex pixels with 32 bit and large dimensions, but the 
optical image is 16 bit real pixel with smaller dimensions. 
Also, the SAR image entropy is higher than the entropy of 
optical image; SAR image has information on the low 
frequency bands and high frequency bands, but the optical 
image is low-pass with noise in a high frequency band, and 
finally SAR image is larger of dynamic range than optical. 
Because of these difference, the traditional techniques of 
image compression are not applicable to SAR images. Hence , 
many efforts have been exerted to compress the SAR image 
data [3]. 

Many researchers made significant researches to update the 
data compression algorithms of the SAR systems,  

They hope to reach the best solution to decrease the size of 
the data and increase the performance. In the next paragraphs, 
we will discuss the most common previous works, the relevant 
researches and the related works [4]. 

Discrete Cosine Transform (DCT) is an algorithm that has 
been used also for the SAR image compression; it is based on 
transforming the image to another domain that represents the 
images ideally. This is done by using the uncorrelated 
coefficients as some terms can be quantized to zero. This 
technique is not suitable for SAR systems because of the high 
noise, the high entropy, the high frequency, the dynamic range 
and the blocking of some artifacts in SAR images [5, 6]. 

Discrete Wavelet Transform (DWT) is another technique 
that is relevant. It is based on the idea of using a filter bank 
connected by a down sampling procedure. DWT is an 
accurate technique compared to DCT, because it works in the 
frequency domain and time domain, it provides a less 
dynamic range and provides a built in despeckling noise [2, 5, 
7].  
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Vector Quantization (VQ) is also is a common algorithm 
that is used for SAR image compression and one of the first 
techniques used to SAR radar systems compression due to its 
simplicity. It is based on the idea of dividing the image into 
small ones, it leads to reduce the dynamic and makes the 
pixels use a few number of bits. Accordingly, VQ provides a 
better performance compared to the scalar quantization [1, 8]. 

Compressive sensing (CS) is a new algorithm that provides 
a suitable method for the compressing of SAR raw data image 
[9]. Nowadays, the compressive sensing is considered one of 
the newest methods used for the SAR image compression due 
to its ability to overcome the SAR systems requirements [10]. 
It can reduce data volume and consumed electricity power. 
There are three types of the compressive sensing algorithms, 
Complex Approximate Message Passing (CAMP), 
Orthogonal Matching Pursuit (OMP) and L1-regularized 
Least Square method [11, 12]. 

Compressive sensing is a fast-growing field so most of 
researches in the SAR systems data compression focus on the 
compressive sensing and all the efforts are exerted in the 
direction of updating CS to be more suitable for the SAR 
systems due to the high signal to noise ratio in addition to the 
simplicity of the computational operation [9]. 

As mentioned before, until now; many researches were 
made in the compressive sensing; for example, the research of 
the image reconstruction by Tegan H. Emerson,  Timothy 
Doster  and Colin Olson (2018), the sparse subspace 
clustering by Yanxi Chen,  Gen Li and Yuantao Gu in 2018 
and finally the new analysis to support the recovery by 
Haifeng Li and Jinming Wen (2019) [1, 13].     

In this paper, we will use the Orthogonal Matching Pursuit 
(OMP) because it gives a higher performance than the 
Complex Approximate Message Passing (CAMP) and its 
implementation is less complex than the -regularized Least 
Square method [14]. Depending on the compressive sensing 
for the compression and decompression, we will find that the 
main problem in the decompression process, because of the 
compression process is a simple matrices multiplication; but 
in the decompression, the process is different because it 
consists of many iterations depending of the numbers of 
elements of the used matrices [15]. As the numbers of 
elements increase the amount of iterations increased [9, 16], it 
leads to the consumption of more time clocks as the numbers 
of iterations increase. This issue is considered one of the main 
problems that face the designers of the SAR systems that how 
to speed up the performance of the system to be more 
applicable [5, 8, 9]. 

In the present work, we will concentrate on the previous 
problem; this paper is considered one of the researches of the 
SAR image compression, it provides an applicable pipelined 
method for the OMP compressive sensing algorithm to speed 
up the compression and decompression of SAR Image Data. 
Based on the goal of this paper, it is possible to reduce the 
time clocks of the OMP processing steps. This article also 
discusses the design, analysis and implementation of OMP 
compressive sensing pipelined method to reduce the 
consumed numbers of clocks and speed up the processes.  

This paper is organized as follows: section II describes 
OMP algorithm and its steps, section III shows the 

methodology we used to reach the paper goal for speeding up 
the compression and decompression processes by using the 
OMP pipelined process. Section IV discusses the hardware 
implementation for both the normal OMP and the pipelined 
OMP, then the simulation and results are presented in section 
V. Finally, the conclusion is explained in section VI. 

II. THE ORTHOGONAL MATCHING PURSUIT 

This section discusses the compression and the OMP 
reconstruction of the image. The image which is expressed as 
a vector x   RN  can be reconstructed with a reduced number 
of samples compared to the Nyquist rate provided that it is a 
sparse in some basis  where     is a matrix 
whose columns are the basis vector and     is a vector 
with a small number of non-zero component k, where k<<N 
[2, 16, 17]. 

Assume the input image pixels coefficients is the x vector 
and the Φ represents the sensing matrix that has dimensions N 

x M size; we may get the y matrix that represents the 
compressed vector, with M dimension [1] as shown in Fig. 1. 
We can recover the original   vector if 2K<M < N. The 
concept of the OMP is based on finding the atom that gives the 

most contribution to the output matrix y then which atom is 
the next and so on as shown in Fig. 2. This process needs N 
iteration, where N is the number of atoms in   [18, 19]. To 
understand the recovery process, assume there is a sensing 
matrix which dimensions are 2 x 4, then this matrix has 4 
atoms which represent the four columns of this matrix. The 
OMP reconstruction algorithm will find the atom which has 
the highest contribution to the output matrix y, then the next 
atom and so on to reach the final atom [20, 21]. 

 

 
 

Fig. 1. Example of Sparse Signal 

 

 
Fig. 2. Interpretation of residue 
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In Fig. 2, the red line represents the output of the 

compression process, the green lines and the blue line 
represent the basis on the sensing matrix, the continuous blue 
line represents the selected basis, the dashed blue line 
represents its contribution and finally the perpendicular line 
on the dashed line represents the residue. The reconstruction 
will be explained in the next paragraph: 

In the first iteration, the residue is equaled to the output, 
then the measurement column is found as eq (1). 

                           (1) 

 represents the basis and  represents the output, in this 

step, the column that has most of the contribution will be 
selected by the dot product of the residue and the selected 
basis. Then, the next step is to find the residue which is 
calculated using the next eq (2). 

                                                                   (2) 

r represents the residue while the weight which 
can be calculated as eq (3). 

                               (3) 

This represents our expectation of sj in S if S is always 1 or 
0, we may enforce that  Then, we repeat for the t rounds 
and stop the residual which is small; accordingly, the residue 
represents the expected matrix X. 

In this paper, we used a certain algorithm to compress any 
64 x 256 pixel image that is converted to one dimensional 
matrix with 16384 image coefficients. This matrix is too large 
to adapt with the number of slices in the available FPGA and 
to reduce the mathematical operations. Instead of using very 
huge sensing matrix, we used 2 x 4 matrix which process 4 by 
4 elements which will produce 2 elements in the compression 
and 2 by 2 which will produce 4 elements in the 
decompression. This technique reduces the mathematical 
operations and avoids using huge sensing matrix. 

The previous algorithm in the normal case consumes 16384 
time clock in the compression and decompression processing 
steps. 

In the normal process, the compression starts after the 
previous compression process ends, the normal processing is 
shown in Fig. 3. In the compression process, the input is 
entered serially and the first output is appeared after 4 clocks 
as shown element_1 and element_2 represent the compressed 
data for the previous 4 input but in the decompression 
process, the input_1 and input_2 represent the compressed 
data and the output1, output2, output3 and output4 represent 
the data after reconstruction. As explained the compression 
and the decompression process consume 4 clocks to compress 
4 elements and to reconstruct them. 

 
Fig. 3. The Normal processing 

This normal algorithm makes the process very slow and 
consumes large numbers of time clocks that makes the system 
not suitable for SAR systems. Also, the design must have a 
huge memory to store the input of the next processes; so it 
uses more resources and hardware component and leads to a 
high cost. 

III. PROPOSED PIPELINED ALGORITHM 

The pipelined processing algorithm is a suitable solution 
for the normal processing problems because each new clock 
has a new process that will be started. 

 
Fig. 4. The pipelined processing 

As shown in  Fig. 4, the pipelined algorithm is faster than 
the normal; as every clock anew process will be started, this 
processing makes it more suitable for SAR Radar 
applications. 

The method that we used in the normal compression and 
normal decompression will be applied again in the pipelined 
algorithm. We will use 2 x 4 matrix and the compression will 
be performed 4 by 4 elements which will produce 2 elements 
in the compression and 2 x 2 which will produce 4 elements in 
the decompression [19, 22]. 

In the pipelined process, the compression starts before the 
last compression process finished, as shown in Fig. 3. In the 
compression process, the input is entered serially and the 
output is appeared after 1 clock as shown element_1 and 
element_2 represent the compressed data for the previous 4 
inputs but in the decompression process, the input_1 and 
input_2 represent the compressed data and the output1, 
output2, output3 and output4 represent the data after 
reconstruction. As seen in Fig. 16 and Fig. 17 the compression 
and the decompression process consume 1 clock to compress 
4 elements and to reconstruct them [5, 17].  

The pipelined algorithm reduces the numbers of clock to 
4099 so it makes the compression and decompression 
processing faster and more reliable for the SAR radar and 
suitable for the other application [4]. 
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To verify the results, we used the Matlab simulation 
program to simulate the output of the compression and the 
decompression process. Then, we compared these results to 
the output of the ISim in addition to the consumed time of the 
two technique, as shown in Fig.13 which shows the consumed 
time against the output, the pipelined technique consumed 
less time than the normal technique and the output of the first 
appeared before than the normal one [3, 19]. 

IV. HARDWARE IMPLEMENTATION 

In this article, the normal algorithm and the pipelined one 
in the compression and decompression are implemented to 
compare between the two algorithms. The Design is 
performed using Xilinx Spartan 3E FPGA starter kit 
(XC3S1000E-4C in VQ100 package), by writing a VHDL 
code on Xilinx ISE14.7 and simulated by using the ISim 
simulator. 

The schematic implementation of the compression in the 
normal processing is shown in Fig. 5. 

 
Fig. 5. Schematic implementation of normal compression 

Fig 6 shows the schematic implementation of the 
decompression in normal processing. 

 
Fig 6. Schematic implementation of normal 

decompression 

In this paper, we facilitate the simulation using the image 
for the simulation is converted to binary coefficients using 
Matlab simulation program which will produce a text file that 
contains 16384 coefficients binary numbers. After that, we 
simulate the FPGA implementation of the compression, the 
simulation results will be saved in a text file. Accordingly, we 
can use this file in the decompression simulation. Finally, the 
decompression results will be saved also in a text file to view 

the image that is equivalent to these decompressed 
coefficients to compare between the original and the original 
one after the compression and decompression processes. The 
pipelined algorithm will speed the processing because it 
consumes only 4099 clocks, the schematic implementation of 
the pipelined compression is shown in Fig. 7. 

 
Fig. 7. Schematic implementation of pipelined 

compression 
Finally the schematic implementation of pipelined 

decompression is shown in Fig. 8. 

 
Fig. 8. Schematic implementation of pipelined 

decompression 
The ISim simulation and the results of the pipelined 

implementation are shown in Fig. 15. and Fig. 16, the 
improved performance will appeared after the reconstruction 
and reviewing the image using Matlab simulation program. 

 
Fig. 9. The original image 

Fig. 9 shows the original image that we used to prove out 
concept which is converted first to a text file using Matlab 
simulation program and then was compressed using out 
implementation and Fig. 10 shows the same image after the 
reconstruction process that was converted from a text file to 
image using Matlab after being passed by the compression 
and the decompression using 
the pipelined technique. 
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 As we explained the pipelined technique reconstructs the 
image almost as same as the original one. There are small 
differences in the color of the image because of the estimation 
of the OMP. Fig. 11 shows the average reconstruction error 
between the original image and reconstructed one [12, 23]. 

 

Fig. 10. The reconstructed image 

The updated process needs more resources than the normal, 
as appeared in the device utilization summary for the 
implementation of both the normal process and the pipelined 
as shown in Table I and Table II. 

The improved performance is shown using the chipscope 
(Xilinx Chipscope Pro tool provides virtual I/O directly and 
logic analyzer into the design to check the internal signals or 
nodes) to check the design after the download on the used 
FPGA kit to check the behavior. The chipscope signals are 
shown in Fig.17 and Fig. 18. 

V. SIMULATIONS AND RESULTS 

Fig. 11 shows the reconstruction rate. The reconstruction 
rate will decrease as the sparsity level increases because 
increasing the sparsity samples will require more time for the 
reconstruction that leads to low construction rate. 

 
Fig. 11. The reconstruction error between the original 

and reconstructed image 
 

Fig. 12 shows the Mean Square Error (MSE) of the 
reconstruction of compressed image. The MSE of the OMP 
compressive sensing algorithm decreases in every iteration 
until it reaches a stage it is tolerated which is calculated 
according to the Restricted Isometry property.  
 

 
Fig. 12.  The Mean Square Error (MSE) 

Fig. 13 shows the consumed number of clocks for both the 
normal and pipelined. As shown, there is a big difference 
between the usage of the normal processing and the pipelined, 
the pipelined consume smaller numbers of clocks that 
enhances the performance speed. 

 

Fig. 13. The consumed number of clocks for both the 
normal and pipelined  

Fig. 14 shows the ISim simulation of the normal 
compression processing. As shown in Fig. 14, the above 
yellow triangular shows the number of consumed clocks and 
the below yellow triangular shows the input and output date at 
each clock. The two output compressed elements will be 
calculated after 4 clocks as mentioned before every 4 
elements will be compressed into 2 elements. As shown in 
Fig. 14, the normal compression needs 4 clocks to be finished. 
The original coefficients consist of four elements and each 
coefficients consists of 16 bits so the total bits of the process 
is 64 bits that is equivalent to 8 bytes. But the compressed data 
consist of two elements and each elements consists of 20 bits 
so the total bits is 40 bits that is equivalent to 5 bytes after the 
compression.  

 

Fig.14. The ISim simulation of the normal compression 

 

 



 
Pipelined Image Reconstruction of SAR Radar Based on Orthogonal Matching Pursuit using FPGA Implementation 

 

2563  

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: E6474018520/2020©BEIESP 
DOI:10.35940/ijrte.E6474.018520 
Journal Website: www.ijrte.org 
 

Fig. 15 shows the normal reconstruction. The above yellow 
triangular shows the number of consumed clocks and the 
below yellow triangular shows the input and output date at 
each clock. The four output recovered elements will be 
calculated after 4 clocks as mentioned before every 2 
elements will be recovered to 4 elements using 4 iterations. As 
shown in Fig. 15, the normal reconstruction needs 4 clocks to 
be finished. 

 
Fig. 15. The ISim simulation of the normal decompression 

Fig.16 shows the ISim simulation of the pipelined 
compression processing. As shown in Fig. 16, the above 
yellow triangular shows the number of consumed clocks and 
the below yellow triangular shows the input and output date at 
each clock. The two output compressed elements will be 
calculated after 1 clock as mentioned before every 4 elements 
will be compressed into 2 elements. As shown in Fig. 16, the 
pipelined compression will start a new compression 
processing without needing to wait the end of the previous 
process. 

 
Fig. 16. The ISim simulation of the Pipelined compression 

Fig. 17. shows the pipelined reconstruction. The above 
yellow triangular shows the number of consumed clocks and 
the below yellow triangular shows the input and output date at 
each clock. The four output recovered elements will be 
calculated after 1 clock as mentioned before every 2 elements 
will be recovered to 4 elements using 4 iterations. As shown in 
Fig. 17, the pipelined reconstruction will start a new 
recovering processing without needing to wait the end of the 
previous process. 

 
Fig. 17. The ISim simulation of the Pipelined 

reconstruction 

Fig.18 shows two elements after the compression process. 
This Fig. represent the real data after the downloading of the 
project on the used kit. These data was sampled form the 
output pins. As shown in Fig. 18, the compressed data consists 
of 20 bits. 

 

Fig. 18. The ChipScope signals in the compression case 

Fig.19 shows four elements after the compression process. 
This Fig. represent the real data after the downloading of the 
project on the used kit. These data was sampled form the 
output pins. As shown in Fig. 19, the reconstructed data 
consists of 16 bits. 

 

Fig. 19. The ChipScope signals in the reconstruction case 

Table I shows the device utilization summary for the 
normal process and Table II shows the summary for the 
pipelined process. As shown in table 1 and table 2, the 
purposed pipelined process needs more resources than the 
normal. 

Table I: the device utilization summary for Normal 
process 

Logic Utilization Used 
Number of Slice Flip Flops 1235 
Number of 4 Inputs LUTs 320 
Number of Occupied Slices 2123 

Number of Slices Containing only Related Logic` 1548 
Total Number of 4 Input LUTs 2123 
Number of Bonded IOBs 43 

 
Table II: the device utilization summary for PIPELINED 

process 
Logic Utilization Used 

Number of Slice Flip Flops 1546 

Number of 4 Inputs LUTs 360 

Number of Occupied Slices 2586 

Number of Slices Containing only Related Logic` 1958 

Total Number of 4 Input LUTs 2586 

Number of Bonded IOBs 74 
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VI. CONCLUSION 

This paper explained a new algorithm that can be used to 
speed the compression and decompression process of image 
SAR system. The pipelined processing makes the consumed 
time lesser than the time consumed during the processing of 
the normal algorithm. The algorithm depends on the concept 
of making the processes performed at the same time instead of 
waiting every process to be complete. 

The implementation of both, the normal process and the 
pipelined are being provided to compare between the two 
algorithms. The improved performance was proved by using a 
real data, the selected image is converted to coefficients by 
using Matlab and these coefficients are compressed by using 
our implementation. Also, the compressed data is 
reconstructed then converted to image to compare between 
the original image and the reconstructed one to verify the 
results. Finally, the simulation for the consumed numbers of 
clocks against various data with several lengths was 
performed and another simulation was performed to measure 
the error that appears in the reconstructed image.  
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