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ABSTRACT
Gridding is a method of interpolating irregularly sampled
data on to a uniform grid and is a critical image recon-
struction step in several applications which operate on non-
Cartesian sampled data. In this paper, we present an algorithm-
architecture co-design framework for accelerating gridding
using FPGAs. We present a parameterized hardware library
for accelerating gridding to support both arbitrary and reg-
ular trajectories. We further describe our kernel automation
framework which supports several kernel functions through
look-up-table (LUT) based Taylor polynomial evaluation. This
framework is integrated using an in-house multi-FPGA de-
velopment platform which provides hardware infrastructure
for integrating custom accelerators. Design-space exploration
is enabled by an automation flow which allows system gen-
eration from an algorithm specification. We further provide
several case studies by realizing systems for nonuniform fast
Fourier transform (NuFFT) with different parameter sets
and porting them on to the BEE3 platform. Results show
speedups of more than 16X and 2X over existing CPU and
FPGA implementations respectively, and up to 5.5 times
higher performance-per-watt over a comparable GPU imple-
mentation.
Categories and Subject Descriptors: C.3 [Special Pur-
pose And Application-Based Systems]: Signal Process-
ing Systems; B.7.1 [Integrated Circuits]: Types and De-
sign Styles— Algorithms implemented in hardware
General Terms: Design, Experimentation, Performance.
Keywords: Gridding, Nonuniform fast Fourier transform,
BEE3, Taylor polynomial evaluation, Cartesian, Polar.

1. INTRODUCTION
Several applications such as computed tomography (CT),

magnetic resonance imaging (MRI), synthetic aperture Radar
(SAR), geosciences and seismic analysis, require processing of
data sampled at non-Cartesian trajectories. In such applica-
tions, gridding - which is a method of interpolating data from
an arbitrary sampling pattern to a uniform grid - is a critical
step in data/image reconstruction[17]. The interpolation is
carried out using a windowing function (kernel) that is mutu-
ally localized in time and frequency domain. When combined
with a fast Fourier transform, it is also referred to as non-
uniform fast Fourier transform (NuFFT). The choice of the
the sampling trajectory, the size of the data set, the kernel
function, the accuracy and performance requirements vary
depending on the application. For example - Polar Fourier
transform (PFT) which is used in medical imaging applica-
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tions, is a variant of NuFFT where the sampling trajectory
is on a Polar grid[9].

There has been considerable interest in accelerating the
NuFFT using general purpose processors[22][6] and GPUs
[18][16][19][10]. However, most of these works assume spe-
cific sampling trajectories (spiral/radial) or a target applica-
tion such as MRI. Since, gridding is used in different applica-
tions such as CT, MRI, SAR etc under different constraints,
a generic architecture is essential for supporting various pa-
rameter sets.

In this paper, we describe an algorithm-architecture co-
design framework for gridding-based reconstruction using FP-
GAs. We utilize FPGAs since they provide custom acceler-
ation capabilities as well as on-the-fly reconfigurability and
hence serve as a suitable platform for design-space explo-
ration. They are also known to provide SWAP (size, weight
and power) benefits over general purpose processors. We uti-
lize an in-house multi-FPGA design framework which pro-
vides a scalable hardware infrastructure for integrating cus-
tom accelerators and an automation flow for rapid system
generation and run-time configuration. We augment this
framework to accelerate a family of applications involving
gridding, by implementing parameterized hardware modules
namely - nonuniform data translator (NDT) for gridding on
arbitrary trajectories and uniform data translator (UDT)
for gridding on regular trajectories. We further describe a
kernel automation flow based on look-up-table (LUT) based
Taylor-polynomial evaluation to support various kernel func-
tions for gridding. We provide a case-study by generating
multi-FPGA systems on the BEE3 platform [5] for various
application scenarios such as NuFFT, Polar FT for various
kernel function and different parameter sets using our frame-
work and demonstrate higher performance-per-Watt com-
pared to comparable CPU and GPU implementations[18].
We also compare the performance of our system with our
prior work on accelerating NuFFT using an FPGA [14] and
show speedups for several cases.

2. RELATED WORK
While FPGAs have been widely adopted for application

acceleration[11][14], one aspect in which they typically suffer
is ease of programmability. The challenge in obtaining an ef-
fective FPGA design includes firstly - the creation of custom
HDL IP cores and secondly - the integration of these cores
in such a way that the system is functionally valid and pro-
vides the necessary performance. In order to address these
challenges, some frameworks have been proposed which cater
to several variants of an end application. FlexWAFE is a
stream processing library with parameterized modules com-
municating through local and global memory controllers[15]
for digital film applications. A stream processor for convo-
lutional neural networks was proposed for synthetic vision
applications[8]. Our framework not only supports variants of
gridding but also has the ability to assist the designer in tun-
ing the system to improve it’s performance/power/accuracy.

3. FPGA SYSTEM DESIGN FRAMEWORK



In this section, we briefly describe our in-house framework
for multi-FPGA system design. The framework has been
designed for integrating multiple cores to aid fast develop-
ment of complete applications on FPGA platforms. On the
hardware side, it provides various standard interfaces, like
system bus and DMA controller for plug-n-play user-defined
modules. On the software side, it provides a front-end GUI
interface which allows the user to provide system specifica-
tions, and a back-end synthesis software chain for mapping
the desired set of IP blocks onto a target FPGA.
The hardware platform of our framework, shown in Fig.

1, consists of a hybrid communication network comprised
of a System Local Bus (SLB) and a packet-based on-chip
router along with memory controllers, a message-passing in-
terface for inter-FPGA signaling, and other system compo-
nents. While the SLB serves as the communication backbone
within a single FPGA, the router is used to coordinate a sec-
ondary channel for both intra- and inter-FPGA communi-
cation. The DMA-Manipulate unit handles data movement
and packetizing/depacketizing for on-chip and off-chip com-
munications.
The Custom Accelerator Module (CAM) is a wrapper for

integrating a custom accelerator into the hardware platform.
The CAM defines a standard interface between the built-in
facilities and an instance of a specific accelerator hardware
module. The framework allows the system to be composed
of a number of interconnected CAM entities, with each CAM
offering custom acceleration to various parts of an algorithm.
At the heart of each CAM is an Application Specific In-

struction Processor (ASIP) equipped with a hardware Com-
mand Fetch unit which facilitates fetching, decoding, and
preprocessing of accelerator specific instruction sequences.
This ASIP provides the ability for run-time reconfiguration
of an accelerator by modifying the instruction/command se-
quence to be executed. The ASIP processes each command
with the help of Command handlers - which are hardware
modules that perform instruction specific preprocessing be-
fore presenting the command to the accelerator. The frame-
work provides a set of built-in Command Handlers that are
useful for many algorithm accelerators.
For example - A window fetch handler supports optimized

fetching of two dimensional data with programmable column
size, number of rows and columns, row and column offset,
and inter-row and inter-column strides. Moreover, the com-
mand handling capabilities of the CAM can be extended by
the inclusion of custom command handlers. These features
namely - accelerator specific command sequences and custom
handlers - make the framework scalable and flexible for any
custom accelerator.

DDR2 Memory
DDR2 Memory

DDR2 Memory

Embedded

Microcontroller

SDRAM

Memory Controller

Application Specific

Instruction Processor

Standard Bus Master Interface Standard Bus Slave Interface

Custom Accelerator

Memory

Bank 3

Memory

Bank 2

Memory

Bank 1

Memory

Bank 0

System Local Bus

DMA and

Maniplate

Mailbox

Router

Ethernet

Interface

Local

On-Chip

Memory

Interf-FPGA Interface

( Gridding )

Datapath

Control

( Gridding )

Fig. 1. Our framework for FPGA System Design

4. HARDWARE LIBRARY FOR GRIDDING
The gridding interpolation can expressed mathematically

as follows:

T (i) =

{
M−1∑
j=0

K(ti, sj) · S(j) if (ti, sj)ϵW

for i = 0, 1, . . . , N − 1
where S is the input array (source), T is the output array
(target), K is the kernel function defined on the (source,
target) pair (ti, sj), M and N are the sizes of the input and
output arrays respectively and W is the window size.

In order to support both arbitrary/nonuniform and regu-
lar/uniform trajectories, we have implemented two parame-
terized hardware modules to accelerate the gridding interpo-
lation -

• Nonuniform Data Translator (NDT) for arbitrary tra-
jectories

• Uniform Data Translator (UDT) for regular trajectories
such as Polar or Cartesian

4.1 Nonuniform Data Translator (NDT)
A major challenge in handling arbitrarily sampled data is

the severe lack of locality which critically affects performance.
We address this problem by using a simple Geometric Tiling
technique [4][22], to sort the arbitrary samples based on their
spatial locality. NDT implements geometric tiling is by a
dynamic memory mapping into a linked-list structure where
source samples belonging to the same tile are linked together
logically as a linked list though they are mapped to non-
contiguous addresses. However, each node of the linked list
includes a bunch of samples belonging to the same tile, which
enables better bandwidth utilization for memory read/write.
Tile is the macro-unit of computation.

The NDT then fetches a source tile from DRAM by travers-
ing the linked list, generates the target coordinates on-the-fly
for the W × W window for each source sample and evalu-
ates the kernel function in the processing element (PE) and
writes-back the updated target tile to memory. The NDT as-
sumes the kernel to be a black-box and implements a generic
wrapper around it with simple hand-shake signals. This en-
ables plug-and-play of kernel pipelines. Our NDT architec-
ture is shown in Fig 2 and further implementation details can
be found in our earlier work [14].

Fig. 2. Block diagram of NDT pipeline for 4 PEs

4.2 Uniform Data Translator (UDT)
Since UDT is designed to target regular trajectories, it has

the advantage that both the input and output are regular 2D
arrays in same/different coordinate systems and hence Geo-
metric Tiling is not required. This saves lot of resources re-
quired in handling the linked-list data management and also



removes the performance bottleneck in reading and writing
non-contiguous data. However, the notion of tiling on in-
put and output arrays is still maintained to serve as the
macro-unit of computation. To support minimum time-to-
deployment, we reuse most of the hardware of the NDT. All
the hardware used for geometric tiling is disabled and the in-
put and output arrays can be stored in a contiguous memory
space.
The overall block diagram of the UDT pipeline is shown in

Fig 3. The interpolation operation on each tile begins with
generation of coordinates for each sample in the output tile,
from their respective array indices. A coordinate converter is
then used to obtain the equivalent coordinates in the input
coordinate system. The coordinate converter is an optional
plug-and-play module and is implemented using arithmetic
operators and/or using look-up-tables(LUT). Example - For
a Cartesian-to-Polar interpolation, the coordinate generator
generates polar coordinates and the coordinate converter is
computes the equivalent Cartesian coordinate, hence imple-
menting a Polar-to-Cartesian converter.
This is followed by the array of PEs to apply the kernel

function on the W ×W window. However, an accumulation
is required over the entire W ×W window since all of them
correspond to the same output sample. This is implemented
by an adder tree to consolidate the results of all the PEs and
a floating point accumulator to accumulate the sample up-
dates over time (certain number of cycles). The accumulator
is implemented using the dual-stage accumulator architec-
ture[13] for low-latency and minimal stalls. The computed
output tile is then written back to the DRAM.

Fig. 3. UDT pipeline with 4 PEs

5. SUPPORT FOR DIFFERENT KERNELS
In order to support design-space exploration, we have in-

corporated a plug-and-play kernel module driven by a look-
up-table (LUT) based function evaluation framework. We
provide support for a variety of kernel functions such as Gaus-
sian, central B-splines, sinc, Bessel etc. using LUT-based
Taylor polynomial evaluation. We provide hardware support
for the above technique by implementing a configurable ker-
nel pipeline for Nth degree Taylor polynomial evaluation us-
ing Horner’s scheme.

5.1 Kernel Pipeline Generation
Many commonly used kernel functions can be evaluated

efficiently using Taylor polynomial approximation [7]. We
utilize the framework proposed by Deng et. al. [7] for gener-
ation of look-up-tables using Taylor polynomial evaluation,
which uses the Horner’s scheme for function evaluation. In
this work, we augment this LUT-framework by providing
hardware support to LUT-based function evaluation and au-
tomating the pipeline generation for various kernel functions
under specified constraints.
We have implemented a hardware pipeline for Nth degree

Taylor polynomial evaluation using Horner’s rule and we call
this the Horner’s chiplet. The parameters to the Horner’s
chiplet are - the degree of Taylor polynomial (degree), sam-
pling interval(δ) and the depth of the LUTs (depth). The
pipeline then instantiates degree + 2 on-chip Block RAMs

Table 1. Pipeline parameters of various kernel func-
tions generated by the Exploration tool

Kernel Degree ♯ PEs LUT depth
Gaussian 2 4 1024
B-spline 10 2 16

Exponential 2 2 4096

(BRAMs), one for each column of the LUT, each of depth
depth. For every input point x, the index into the LUT is
computed first and then this is used to read from all the
BRAMs to obtain the coefficients of the Taylor polynomial.
The pseudo-code for the Horner’s chiplet is as shown in Fig 4.
This computation is performed in a pipelined fashion so that
the input rate = output rate = 1 sample per cycle.

Computation:
index = round(x−LUT (0,0)

∆
)

c = LUT (index, 0)
xminusc = x− c
out = LUT (index, degree+ 1)
for(j = degree− 1; j >= 0; j = j − 1)

out = xminusc ∗ out+ LUT (index, j + 1)

Fig. 4. Pseudo-code for the Horner’s chiplet
The gridding accelerators (NDT and UDT) instantiate a

Horner’s chiplet in every PE so that for any specified kernel
function, the LUTs can be generated offline and loaded into
the BRAMs at run-time. The HDL parameters determines
the configuration of the Horner’s chiplet synthesized. This
way, the hardware remains the same for any kernel - though
changing the LUT entries will realize different kernel func-
tions. This technique provides great flexibility in terms of
design-space exploration.

5.2 Design-space exploration
We have developed an automated design-space exploration

tool to optimize the gridding accelerator. As shown in Figure
5, the exploration tool performs an iterative search along-
with the LUT generator to determine the optimal configu-
ration of the kernel - by trading-off the number of paral-
lel PEs and local memory sizes in the accelerator with the
depth of the LUTs and the degree of Taylor series expansion
- hence exploring the 3-D space of performance-accuracy-
resource utilization. This flow can be utilized to tune the
accuracy or performance of the design by modifying algo-
rithm parameters.

Fig. 5. Gridding Exploration Tool
The kernel functions supported by the LUT-based automa-

tion flow are classified into Library kernels and User-defined



kernels as shown below -

• Library kernels - Gaussian, B-spline, sinc, Bessel, neg-
ative exponential, sine, cosine, arctan

• User-defined kernels - Gabor filter, Gammatone filter

The commonly used interpolation kernel functions and trigono-
metric functions which can be evaluated directly by Taylor
polynomial expansion are classified as Library kernels. The
Kernel automation tool has these functions built-in and can
generate optimized LUTs for these functions. Table 1 shows
the configuration of the kernel pipelines (degree and depth of
LUTs) generated for different kernel functions with similar
accuracy requirements and the number of PEs that can be
fit on a Virtex5 FPGA for an NDT implementation.
In addition to these, our kernel automation tool supports

user-defined kernel functions (which can be composed using
the library kernels and common mathematical operations).
In order to support such custom kernels, the kernel automa-
tion tool is integrated with a custom compiler which includes
a parser and a function composition script. The user-defined
kernel is specified in a file using a MATLAB-like syntax. The
compiler parses the file and generates LUTs for the composite
functions by using the function composition script. Further
details can be found in [21].

6. SYSTEM INTEGRATION
In this section, we describe the important steps in inte-

grating the gridding accelerators into our development frame-
work to realize an end-system. Firstly, a HDL wrapper that
conforms to the custom accelerator module (CAM) interface
specification is designed for each gridding accelerator (NDT
and UDT). The next and most important step is identifying
the instructions that the ASIP needs to execute in order to
configure and run the accelerator.

6.1 Command Sequence for the ASIP
We discuss a sample command sequence executed by the

ASIP to implement the Nonuniform Data Translator (NDT).
It includes an initialization command to configure registers in
the accelerator (TileInit) and load/store commands for input
and output arrays to read/write a tile from DDR memory
(LoadTarget, LoadSource and StoreTarget).
The hardware support for these commands are provided

by command handlers. The LoadTarget and StoreTarget are
executed by the built-in window handler since the gridded
output array (target) is stored in a contiguous memory space.
However, since the arbitrarily sampled input array (source)
is stored in the DDR memory in a linked-list structure, we
need to implement a custom handler to support the Load-
Source command. The custom handler includes the logic to
traverse the linked-list and fetch a source tile from memory by
invoking the DMA engine. The custom handler also handles
the TileInit command since this is a customized initialization
command.
The UDT on the other hand does not require such pro-

cedures to read from a linked-list structure and hence has a
simple custom handler to handle the TileInit command for
initialization purposes.
The command sequence for an NDT includes a executing

the above commands for each tile in a loop. The software
integration with the framework requires the accelerator de-
veloper to generate the sequence of commands to be executed
by the ASIP. The gridding accelerators - NDT and UDT -
need to execute a constant set of commands for each tile.
This software has been developed using C# and integrated
into the framework.

6.2 Multi-FPGA mapping on BEE3
Our FPGA platform is BEE3[5], which consists of four Vir-

tex5 LX155T FPGAs with each FPGA connected to up to 16
GB of DDR2 memory. In order to realize end-to-end applica-
tions such as NuFFT or Polar FT, the gridding accelerators
need to be combined with an FFT accelerator. We utilize the

Table 2. Systems composed using our Gridding
framework and target applications

Input Output Accelerator Application Domain
Arbitrary Cartesian NDT NuFFT SAR, CT

Polar Cartesian UDT NuFFT MRI
Cartesian Polar UDT Polar FT CT
Cartesian Cartesian UDT rescaled FFT DSP

MD-DFT IP generator developed by Yu et.al.[20]. The inte-
gration of this FFT/IFFT accelerator with our framework is
skipped here for brevity.

Since, the interpolation and Fourier transform are inde-
pendent of each other, it is possible to pipeline these stages.
This pipeline is at the frame level so that the throughput
(frame rate) is determined by the stage which has maximum
latency. Since, multiple accelerator modules may not fit on
a single FPGA, a multi-FPGA system would a scalable solu-
tion. Double buffering is provided on each FPGA to handle
back-to-back frames. We have developed multi-FPGA sys-
tems using the BEE3 platform[5] to realize the above men-
tioned applications so that each stage is mapped to a different
FPGA to allow independent operation and customization.

On the BEE3, we allocate FPGA 0 to as the gridding ac-
celerator and FPGA 1 to be the FFT accelerator. The input
frame is loaded into FPGA 0 and any pre-processing such as
packetization, format (precision) conversion etc is handled
by stream operators. FPGA 0 implements the gridding ac-
celerator and forwards the result of interpolation to FPGA
1. FPGA 1 implements the FFT/IFFT accelerator streams
out the result frame a another FPGA on the board OR to
a host machine. An optional deaopdization step (required
in NuFFT) is implemented by a stream operator before for-
warding the result frame. We maintain half-duplex commu-
nication on the inter-FPGA links to maximize throughput of
the system. Further, this system can be extended, by making
use of multiple FPGAs for a critical stage like interpolation
or mapping some pre-/post- processing algorithms to the un-
used FPGAs. This is future work.

Fig. 6. A multi-FPGA System for NuFFT

6.3 Automated System Generation Flow
The automation flow of our framework is shown in Fig. 7.

It includes a front-end GUI and a back-end synthesis tool-
chain, which can perform rapid system composition from
algorithm specification. The framework automatically in-
fers control flow, maps CAMs to FPGA resources, instan-
tiates the DMA modules and stream operators, and executes
synthesis scripts necessary to generate bitstreams for each
FPGA in the platform. In addition to hardware, software
is generated for the embedded micro-controller (Microblaze)
to perform initialization tasks such as configuring routing ta-
bles, performing memory allocation, and memory mapping
for each CAM. The executables for each micro-controller are
loaded using a JTAG debug interface while the system ini-
tialization data is loaded through an Ethernet interface.

7. CASE STUDIES AND RESULTS
In this section, we provide a case study by implementing

several end-systems using our framework. Table 2 gives a
list of systems generated successfully using our framework
along-with possible target applications.

For each of the cases listed in the table, several kernel
functions from our library and custom kernels mentioned in



Fig. 7. The automation flow for system generation

Section5, have been successfully generated and validated us-
ing our framework. We utilize the trigonometric functions in
the library to perform LUT-based coordinate conversion in
the UDT.
The design parameters that have been validated for both

gridding accelerators (NDT and UDT) are -

• All Library kernels and custom kernels

• kernel window size (W) - all integers from 2 to 16 i.e
from 2x2 to 16x16 kernel sizes.

• image size - up-sampling, down-sampling and same im-
age size for input and output.

The case study is split into 4 categories namely - (1) P2C -
Polar to Cartesian interpolation, (2) C2P - Cartesian to Polar
interpolation, (3) N2U - nonuniform to uniform interpolation
and (4) C2C - Cartesian to Cartesian interpolation.

7.1 Experimental Setup
The algorithm specification - parameters such as input and

output data size, arbitrary or known trajectory, kernel func-
tion and convolution window - is provided to the front-end
GUI of our system. The automated system generation flow
is then executed, as shown in Figure 7, to generate the bit-
stream for the two FPGAs on the BEE3 board.
Next, the run-time configuration flow of our tool is exe-

cuted to generate the configuration for stream operators and
the command sequence for each custom accelerator and these
are transferred from the host to the BEE3 board through
Ethernet. The operating frequency used for each FPGA is
100 MHz. The input data file is loaded into FPGA 0 on the
BEE3 board through Ethernet and this begins the compu-
tation on the FPGAs. When the result frame is ready, it is
sent back to the host through Ethernet.

7.2 Results
In this section, we provide our test results for several vari-

ants generated using our framework and tested on the BEE3
board. Table 3 characterizes test cases and covers cases such
as up-sampling, down-sampling, variable kernel window sizes
and kernel functions and shows high throughput for each of
the variants. It can be seen that the performance deterio-
rates with increase in input data size, increase in window
size and with increase in kernel complexity. Example: Due
to higher complexity of the B-spline kernel, lesser number of
PEs that can be fit on a device when compared to a Gaussian
kernel (Table 1) and hence would be slower, when all other
parameters are identical.
We also compare the throughput of out multi-FPGA sys-

tem with existing implementations on CPU, GPU and FPGA.

The CPU version is an implementation of the open source
NFFT library[12] executed on an Intel Xeon dual-core pro-
cessor running at 2.33 GHz with 4 GB of RAM and running
64 bit Linux OS as reported in [18]. The GPU implementa-
tion[18] is for an ATI Firestream 2U graphics card with 1 GB
of GDDR3 memory operating on a PC with Intel dual-core
processor at 2.13 GHz with 2 GB of RAM running Windows
OS. The FPGA version is our previous work [14] and is a
single-FPGA implementation of the gridding interpolation
on the BEE3 platform operating at 100 MHz. Our FPGA
version is a stand-alone two-FPGA system implemented on
the BEE3 platform using our framework, with each FPGA
operating at 100 MHz.

Fig. 8. Comparison of our NuFFT system on BEE3
with existing CPU[12], GPU[18] and FPGA[14] im-
plementations.

The input array sizes are 1282, 2562 and 5122 with an over-
sampling factor of 2 per dimension, which makes the output
array sizes = 2562, 5122 and 10242 respectively after grid-
ding. The FFT/IFFT operates on this over-sampled array
and provides a result of the same size. The results for each
case is the throughput of the entire NuFFT system for a 4×4
Gaussian kernel and is different from the numbers for just the
interpolation as compared in [14]. For the CPU and GPU the
throughput depends on the entire execution time. However,
for our pipelined multi-FPGA system, the FPGA which has
higher latency determines the throughput of the system - the
gridding accelerator was observed to be the critical stage for
most cases. We assume the same while extrapolating the re-
sult for our previous FPGA version[14]. In order to normalize
the results across all platforms, we use performance-per-Watt
(frames-per-sec-per-Watt) as the metric for realistic compar-
ison. The CPU and GPU results are for devices belonging
to an older generation and so are both the FPGA versions
(Virtex5 FPGA on BEE3 belongs to an older generation and
is also one of the smaller devices in it’s family). Hence, a
comparison between these platforms is reasonable. Figure 8
shows the comparison for a NuFFT system.

Table 4. Relative Performance of our UDT-based
NuFFT system compared to existing implementa-
tions

Input size CPU[12] GPU[18] FPGA[14]
128x128 6.756 0.997 2.26
256x256 9 0.762 2.276
512x512 16.71 0.765 1.54

We make use of the thermal design power (TDP) of the
Intel Xeon CPU (65 W)[3] and the AMD Firestream GPU
(165 W)[1] as the approximate power consumption of the
CPU and GPU platforms. For our multi-FPGA system, we
measure the power for each FPGA using Xilinx XPower An-
alyzer[2] and add them up to obtain the system power (30
W). This compensates for using multiple devices to realize
NuFFT for FPGA versions. For our previous FPGA ver-
sion[14], we measure the power using XPower Analyzer and
add the power of the FFT FPGA to obtain the power of a
two-FPGA NuFFT system, in order to keep the compari-
son fair across all platforms (30 W). It must be noted that



Table 3. Throughput of the NuFFT system for various trajectories, data sizes, kernels and window sizes
Category Data Size Trajectory Accelerator Kernel Window Throughput in fps

Input Output Input Output

P2C 128x128 128x128 Polar Cartesian UDT
Gaussian 7 361
B-spline 2 764

exponential 9 135

C2P 128x128 128x128 Cartesian Polar UDT
Gaussian 7 364
B-spline 2 791

exponential 9 136

N2U 200x168 512x512 Arbitrary Cartesian NDT
Gaussian 8 33
B-spline 12 25

Sinc 4 36

C2C 512x512 256x256 Cartesian Cartesian UDT
Gaussian 7 65
B-spline 2 69

exponential 9 34

across all platforms the power of other system components
such as DRAM and peripherals are not included and this is
a limitation of the comparison.
Figure 8, shows that our NDT-system provides higher per-

formance per-Watt when compared to the existing CPU, GPU
and FPGA implementations. The gain w.r.t our previous
FPGA version[14] is due to the optimization of tiling param-
eters using the exploration tool in our system. Since the
NDT assumes arbitrary trajectories, it suffers due to low
memory-bandwidth utilization due to linked-list data stor-
age. However, our UDT-system makes use of the trajectory
information (radial/polar) and organizes data in a contiguous
memory space. This leads to better memory-bandwidth uti-
lization and hence it provides much higher throughput when
compared to the NDT-system. For the same data sizes, the
UDT-system is faster than the NDT-system by 36.5%, 38.6%
and 53.9% respectively for input sizes of 1282, 2562 and 5122,
which shows that using a regular (gridded) trajectory can
help improve the throughput of the NuFFT system.
Table 4 provides the ratio of throughput of our UDT-based

NuFFT system over that of existing NuFFT implementations
for radial trajectories. It shows that our mult-FPGA UDT-
system provides a speedup ranging from 6.7X to 16.7 X over
the CPU[12] version and between 2.2X to 1.5X over our pre-
vious FPGA version[14]. But, our FPGA implementations
are still slower compared to the GPU version[18] as shown in
Table 4.
These results show that our gridding framework can pro-

vide a high degree of composability without sacrificing per-
formance, which in essence highlights the advantage of using
FPGAs for algorithm-architecture co-design. The above re-
sults also show that the performance of the accelerators scale
linearly with data size for both our NDT and UDT systems.
This framework can be used by an end user to determine
the optimal algorithm and architecture specifications for the
desired application.

8. CONCLUSION
We have presented an algorithm-architecture co-design frame-

work for accelerating gridding using FPGAs. It includes
FPGA accelerators for gridding on arbitrary trajectories (NDT)
and regular trajectories (UDT) along-with a kernel automa-
tion flow which uses look-up-table based Taylor series evalua-
tion to support a variety of kernel functions such as Gaussian,
B-spline and Bessel along-with user-defined kernels. This
framework has been integrated into our multi-FPGA devel-
opment platform to realize two-FPGA systems for several
variants of NuFFT and Polar FT.
These systems have been validated on the BEE3 platform

and experimental results show that our framework provides
consistent high performance for various trajectories, problem-
sizes and kernel functions. We demonstrate speedups of up to
more than 16X and 2X over existing CPU and FPGA imple-
mentations respectively, and up to 5.5 times higher performance-
per-watt over an existing GPU implementation.
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