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Abstract: The range-Doppler algorithm (RDA), a key technique for generating synthetic aperture
radar (SAR) images, offers high-resolution images but requires significant memory resources and
involves complex signal processing. Moreover, the multitude of fast Fourier transform (FFT) and
inverse fast Fourier transform (IFFT) operations in RDA necessitates high bandwidth and lacks data
reuse, leading to bottlenecks. This paper introduces a synthetic aperture radar dual in-line memory
module (SARDIMM), which executes RDA operations near memory via near-memory processing
(NMP), thereby effectively reducing memory accesses, execution time, and energy consumption.
The embedded NMP module in SARDIMM optionally supports a combination of FFT, IFFT, and
matched filter operations of the RDA for range and azimuth compression. The operator within the
NMP module accelerates the FFT by performing two radix-2 single butterfly operations in parallel.
The NMP module was implemented and validated on a Xilinx UltraScale+ field-programmable gate
array (FPGA) using Verilog-HDL. The acceleration performance of RDA for images of various sizes
was evaluated through a simulator modified with gem5 and DRAMSim3 and achieved a 6.34-6.93 x
speedup and 41.9-48.2% energy savings.

Keywords: synthetic aperture radar; range-Doppler algorithm; fast Fourier transform; memory

bottleneck; near-memory processing; acceleration

1. Introduction

Synthetic aperture radar (SAR) is an active radar system that employs radio waves
to generate high-resolution images of large areas, such as land or ocean surfaces. It has
applications in various fields, including military and civilian domains [1,2]. Achieving
high performance in radar systems depends on obtaining high-quality images [3,4]. A high
azimuth resolution is a prerequisite for obtaining such images. Although the azimuth
resolution typically increases with the antenna size, there are limits to enlarging antennas.
However, SAR systems typically mount radar on mobile platforms such as aircraft. As the
platform moves, the radar continuously acquires data, enabling the generation of high-
resolution images through pulse compression processes in both the range and azimuth
directions. Therefore, SAR systems can achieve high resolution using small antennas [5,6].

Optical sensors are widely used in remote sensing and primarily detect objects using
visible, infrared, and ultraviolet light. Examples include cameras, telescopes, and infrared
cameras. However, optical sensors may be sensitive to adverse weather conditions such as
fog, rain, snow, and clouds, leading to performance degradation. Additionally, insufficient
light at night may hinder image generation. In contrast, SAR employs electromagnetic
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waves to detect the range and velocity of the objects. Therefore, unaffected by visual
features or lighting conditions, SAR can produce high-quality images regardless of the time
of day or prevailing weather conditions [7,8]. These advantages render SAR particularly
valuable for surveillance and reconnaissance applications. In these fields, real-time image
acquisition and rapid response are crucial [9]. However, real-time SAR image generation
requires complex signal processing operations, which pose a challenge owing to the large
volume of raw data typically involved.

Algorithms for efficiently generating SAR images include the range-Doppler algorithm
(RDA) [10-14], chirp scaling algorithm (CSA) [15-17], polar format algorithm (PFA) [18-20],
and back-projection algorithm (BPA) [21-23]. Among these, the RDA, which has the most
intuitive physical concepts and the best trade-off between image quality and computational
efficiency, is the most widely used. The RDA mainly comprises a range compression process,
a range cell migration correction (RCMC) process, and an azimuth compression process.
Because both range and azimuth compression processes primarily operate in the frequency
domain, they involve fast Fourier transform (FFT) and inverse fast Fourier transform
(IFFT) operations. The RDA requires a long execution time because several FFT and IFFT
operations are repeatedly performed on two-dimensional (2D) images. These operations
are crucial for accurately reconstructing the amplitude and phase of the signals reflected
from each point on the ground, which is essential for high-resolution image generation.
However, processing a large volume of raw data with the low data reuse rate inherent in
FFT operations necessitates a significant number of memory requests. Additionally, FFT
and IFFT operations demand high memory bandwidth, leading to memory bottlenecks
that not only slow down execution but also contribute to significant energy consumption.
Given that SAR systems must handle large volumes of data to generate high-resolution
ground images, optimizing both the performance and energy efficiency of these operations
is critical. In particular, the numerous memory accesses required by multidimensional
Fourier transforms, a key part of SAR signal processing, pose a substantial challenge. Each
memory access contributes to the overall energy consumption, which can be considerable
given the volume of data processed. Therefore, in addition to accelerating the FFT in the
RDA, optimizing the energy efficiency of these memory-intensive processes is equally
important. Addressing these issues can lead to more sustainable and cost-effective SAR
imaging, aligning with the broader goal of improving both performance and resource
utilization in SAR technology.

Figure 1 illustrates the RDA 2D-FFT operation within the roofline model to demon-
strate that it is memory-bound. The roofline model serves as a framework for analyzing
performance constraints in computer systems, focusing on the balance between mem-
ory bandwidth and operations per second, and particularly emphasizing floating-point
operations [24]. It is worth noting that the approach we used to apply the FFT within
the roofline model is similar to the methodology presented in [25]. However, while [25]
utilized a GPU platform for their analysis, our experiments were conducted on a CPU
platform, specifically chosen to align with the DIMM-based memory configuration of our
system. Despite the difference in hardware platforms, our results are consistent with those
of [25], further validating our methodology. To construct the roofline model, we used a
PyTorch profiler to assess the 2D-FFT performance. The CPU used in the experiments was
an Intel(R) Core(TM) i7-10700K. It features two memory channels, each equipped with
DDR4-2933 dual in-line memory modules (DIMMs), providing a theoretical peak floating-
point performance of 486.4 GFLOPs/s and a peak memory bandwidth of 45.8 GB/s [26].
The observed performance of the 8192 x 8192 2D-FFT was 55.2 GFLOPs/s, representing
only 11% of the peak floating-point performance. Figure 1 shows that the 2D-FFT is located
in the memory-bound area of the roofline model. The numerous memory requests and
bottlenecks associated with the 2D-FFT, which is a memory-constrained operation, can be
mitigated through near-memory processing (NMP), a technique that has gained attention
in recent research.
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Figure 1. Roofline model of the 8192 x 8192 2D-FFT.

Modern computer systems have limitations in terms of improving performance owing
to memory bandwidth constraints and delays caused by data movement. NMP is one
of the methods proposed for overcoming these limitations. NMP is a technology that
minimizes unnecessary data movement, improves performance by processing operations
in a memory area close to the data, and can effectively solve memory-bound challenges.
Although various NMP-related studies primarily designed to accelerate artificial intelli-
gence (Al) computations, such as vector addition and matrix multiplication, exist [27-31],
no studies have focused on accelerating FFT for SAR image generation. Considering the
critical role of FFT in SAR image generation and its inherent memory-bound nature, ap-
plying NMP to algorithms for radar signal processing holds the potential for significant
improvements in execution time and energy efficiency. Therefore, exploring the application
of NMP in SAR image generation to achieve these improvements represents a promising di-
rection for future research. In this study, we propose a synthetic aperture radar dual in-line
memory module (SARDIMM), which effectively improves the performance of the RDA by
applying rank-level parallel NMP to FFT, IFFT, and matched filter operations, which are
core processes in the RDA. To the best of our knowledge, this is the first instance where
SAR image generation has been implemented using NMP. Our research demonstrates that
by applying NMP to SAR applications, we can achieve significant gains in both speed and
power. We believe that these contributions are valuable in advancing the current state of
SAR imaging technology.

SARDIMM achieves a significant reduction in unnecessary data movement, improved
execution time, and reduced power consumption by executing specific RDA operations
in NMP modules located near memory. Because the NMP module is located between the
memory and the memory controller, SARDIMM uses a commodity dynamic random-access
memory (DRAM) chip without additional modifications. The NMP module selectively sup-
ports a combination of FFT, IFFT, and matched filter operations to perform the RDA range
and azimuth compression. In the FFT and IFFT algorithms, the operation is performed
sequentially by dividing it into several stages, and data ordering for each stage is essential.
SARDIMM does not perform such ordering using the host processor but instead uses the
NMP module. In addition, the NMP module effectively reduces the execution time by
performing an FFT using two single butterfly operation modules in parallel.

In this study, the performance of SARDIMM was evaluated by experimenting with
RDAs on images of various sizes. The evaluation results show that SARDIMM effectively
accelerated the RDA operation. Compared with the baseline system, SARDIMM achieved
a maximum speedup of 6.926 x and an energy saving of 48.2%. The remainder of this paper
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is structured as follows: Section 2 provides a background that explains the concepts of
RDA and NMP. Section 3 describes the hardware architecture and execution flow of the
proposed SARDIMM. Section 4 presents the acceleration performance evaluation results of
the SARDIMM for RDA operations on various images, and Section 5 concludes the paper.

2. Background

In large-scale data processing applications, addressing the issue of bottlenecks is
crucial. This problem arises due to the high data transfer rates between memory and
processors, and it can be solved through NMP. With the recent increase in large-scale Al
applications, many studies have focused on using NMP to resolve the significant issues
related to execution time delays and high energy consumption caused by bottlenecks.
For example, refs. [27,28,30] highlight the bottlenecks in the deep learning recommendation
model (DLRM). Specifically, they demonstrate performance improvements by perform-
ing the embedding lookup operations and vector addition operations near the memory,
which require substantial data transfer. Refs. [29,31] address bottlenecks in graph neural
networks (GNNSs), identifying sparse aggregation, combination computation, and matrix
multiplication operations as the causes, and propose NMP as a solution.

RDA, a SAR imaging algorithm, also requires processing large volumes of data, which
typically involves substantial data transfer from memory to computational units. Recog-
nizing this similarity, we see the potential of applying NMP to SAR imaging to achieve
significant improvements in speedup and energy efficiency. Unlike previous studies fo-
cused on Al applications, our research uniquely implements critical operations in RDA such
as FFT, IFFT, and matched filtering using an NMP architecture. This approach represents
a novel application of NMP technology in the domain of SAR imaging, differentiating
our work from existing studies and demonstrating the versatility and potential of NMP.
The following sections will provide a detailed explanation of the RDA and NMP, including
their principles, challenges, and the innovations presented in this study.

2.1. Range-Doppler Algorithm

The RDA, an algorithm originally created for radar signal processing, was developed
with a primary focus on maritime surveillance. An RDA can process signals received from
radar to obtain high-quality images, furnishing detailed and precise information about
the detected objects. Consequently, the RDA is an important part of radar technology,
facilitating reliable and efficient object detection and tracking in various applications,
and has been widely studied [10-14].

Figure 2 shows the operation flow of the RDA for SAR image generation. The RDA
consists of range compression, RCMC, and azimuth compression, and it is efficient by
performing calculations in the frequency domain for both range and azimuth. Range
compression proceeds with FFT, followed by range-matched filtering and IFFT in the range
direction. Matched filtering involves multiplying the received signal by the reference
signal, enhancing the desired signal, and minimizing the noise. Azimuth compression
follows a process similar to range compression but includes an additional RCMC operation
after azimuth FFT. Range cell migration (RCM) refers to the continuous change in the
range between the radar sensor and the target during target detection using SAR. As these
changes contribute to low-quality SAR images, the RDA corrects the RCM through RCMC
using sinc interpolation to obtain high-quality SAR images.

The RDA is characterized by the inclusion of multiple FFT and IFFT operations on
2D images in both the range and azimuth directions. The radix-2 FFT algorithm, first
introduced in 1963, is widely utilized in signal processing as a foundational method [32].
In this study, the radix-2 algorithm was selected for its fundamental yet highly flexible
approach to FFT computation. Additionally, it is more suitable than radix-4 or radix-8 for
supporting variable FFT lengths, as it allows lengths that are powers of 2, ensuring both
versatility and efficiency. The butterfly structure at the radix-2 FFT algorithm receives two
inputs and performs arithmetic operations, such as addition, subtraction, and multiplication
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to generate two outputs. The number of butterfly operations increases proportionally as
the length N of the FFT. Because of the substantial volume of raw input data required
for the RDA in SAR image generation, performing FFT operations with extensive lengths,
denoted as N, becomes imperative. This translates into numerous butterfly operations
during the FFT process. However, FFTs with numerous butterfly operations require a
significant number of memory requests, resulting in extended execution times. Hence,
the acceleration of FFT operations is paramount for enhancing the overall performance of
the RDA.
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Figure 2. Operation flow of the RDA.

2.2. Near-Memory Processing

The von Neumann architecture, the foundation of modern computer architecture,
comprises a CPU, memory, and program structure. In this architecture, the CPU reads
programs and data from the same memory space, executes the programs, and stores the
results back into memory. This process is based on the sequential fetching and execution of
instructions from memory. However, this sequential execution method creates a problem
known as the von Neumann bottleneck, which is caused by the limited data transfer
rate between the CPU and memory and unnecessary data movement. This bottleneck is
particularly prominent in data-intensive algorithms that process large volumes of data with
low reuse rates, such as deep learning recommendation models (DLRMs) [28,33] and graph
neural networks (GNNs) [29,34]. Additionally, modern memory systems consist of multiple
ranks connected to a memory controller that share a single data path. Because the data
path can transmit only one rank and data at a time, there is a bandwidth limit even when
multiple DIMMs are used to increase the number of ranks. Consequently, this limitation on
memory bandwidth constrains the overall system peak performance, despite improvements
in CPU performance.

Processing in memory (PIM) and NMP have the potential to overcome the limitations
of modern computers and memory systems. Figure 3 illustrates conventional memory
semiconductors and memory semiconductors integrated with PIM and NMP technologies.
A PIM semiconductor combines computational logic and memory cells on a single chip,
whereas an NMP semiconductor features separate chips for computational logic and
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memory cells. Instead of transferring data to the CPU for processing during memory
read and write operations, the PIM and NMP technologies enable data processing directly
inside or near the memory. This minimizes unnecessary data movement and enhances the
efficiency of data processing. Furthermore, employing PIM or NMP modules per bank
allows for parallel data handling by the bank, employing modules per rank enables parallel
data handling by rank, thereby expanding the bandwidth. Owing to these capabilities,
the PIM [25,35-38] and NMP [27-31] technologies have garnered significant attention in
recent years and are promising for effectively alleviating memory bottlenecks.

Memory /

ZzZ 7 7 7 7 7 7

NMP logic

(0)

Figure 3. Architecture of memory semiconductors: (a) commodity memory semiconductor;
(b) processing-in-memory (PIM) memory semiconductor; (¢) NMP memory semiconductor.

Previous studies have indicated that existing memory cells require modification to
implement PIM-related technologies in real systems [25,35-38]. However, integrating PIM
technology into existing commercial memory systems poses challenges, because the current
general protocol defined by the Joint Electron Device Engineering Council (JEDEC) [39]
does not support modified memory cells. Even if the JEDEC were to define a protocol for
PIM in the future, it is anticipated that applying existing research and development to that
protocol would be complex. In contrast, the NMP technology is relatively compatible with
existing systems because it adds a separate processor near the memory without altering the
memory cells. Therefore, SARDIMM is designed to manage NMP operations as standard
memory write requests and to adhere to a standard DRAM interface, thereby facilitating its
integration into commercial memory systems.

3. SARDIMM: The Proposed NMP Architecture for RDA

As shown in Figure 4, the proposed SARDIMM performs FFT, reference signal multi-
plication, and IFFT, which are core operations in the RDA range and azimuth compression.
In other words, all the operations except the RCMC and transposition of the RDA are
processed near the memory, whereas the RCMC and transposition are performed by the
host processor. The RDA range compression and azimuth compression involve performing
an IFFT after the FFT. The SARDIMM applies DIF to the FFT and decimation in time (DIT)
to the IFFT, allowing the FFT output to be used as input for the IFFT without bit-reverse
ordering. The NMP module that accelerates the RDA is positioned in the buffer device,
and the memory adopts dual-rank DIMMs, which are commonly used in general computer
systems and each DRAM chip has a capacity of 8 GB.

T Host |77 Nwp |
SAR Image — — — — — — — — — — = e —— —— = = = = =
Rimsge I | |
Azimuth | Multiplication with Azimuth
2D—IFFT Jl_: RCMC T+ Azimuth reference signal ] 2D—FFT |
l_ _____ II_ —_—— — : — e — o — — — — — — — — — — _I
Rawdata |[[——— ———— —————— -;I___-__-:
| Range Multiplication with Range .
7| 20-FFT [ Range reference signal[°|  2p—1Fpr  [f]| Tronsposition ||
L L

Figure 4. RDA flow diagram of the proposed SARDIMM for SAR image generation.
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The data type supported by the SARDIMM is the half-precision floating-point format
(FP16), and the data path size is 64 bit. The data utilized for the RDA operations comprise
complex numbers with real and imaginary parts. Since each datum consisting of real and
imaginary parts is represented as FP16, one complex datum can be represented as 32 bit.
The choice of FP16 over single-precision floating-point format (FP32) is driven by the need
to perform computations efficiently within limited hardware resources. FP16 uses half the
memory compared to FP32, which is crucial when dealing with large datasets or complex
models. This reduced memory usage allows for more data to be loaded into memory,
contributing to performance improvements. The SARDIMM conducts an FFT by employing
a single butterfly structure. In a typical computer system, two data points are necessary
for a single butterfly operation, which requires the loading of 32-bit data twice. However,
with SARDIMM employing NMP, a single butterfly operation can be executed once by
directly reading 64-bit data containing two 32-bit data points. Additionally, SARDIMM
stores the result of each FFT stage in the static random-access memory (SRAM) within the
NMP module, rather than in memory. The result of the previous stage is then read, and the
next stage is performed. These features greatly reduce the number of memory accesses,
thereby improving performance.

3.1. Overview of the Proposed SARDIMM Architecture

Figure 5 illustrates the system architecture of the proposed SARDIMM. SARDIMM is
a rank-level parallel structure, in which one NMP module is inserted per rank. Therefore,
the proposed architecture incorporates two NMP modules operating in parallel per DIMM,
and the level of parallelism scales with the number of DIMMs. For instance, in the RDA
processing of an N x N image, an N-point FFT must be executed N times. If the system
comprises M SARDIMMSs, 2M parallel N-point FFTs are conducted N/2M times.

To operate the NMP module, the host processor must generate and transmit the
NMP instructions to the NMP module. The host and memory exchange data via the C/A
and the DQ paths. The C/A path transmits commands and addresses, and the DQ path
transmits data for reading or writing. The NMP module is located between the host and the
memory, and it exchanges data through these two paths. Hence, the NMP instruction must
be transmitted through one of these two paths. The instructions must contain sufficient
information for the operation, but the C/A path has a relatively small bandwidth; therefore,
the amount of information that can be contained is limited. On the other hand, the DQ path
has a larger bandwidth than the C/A path and can include a large amount of information.
For this reason, previous NMP studies have utilized the DQ path to transmit instructions,
ensuring that it includes the necessary operational details [27,28,30]. Similarly, SARDIMM
employs a standard memory write request to transmit an NMP instruction to the DQ path,
where the NMP module that receives the instruction decodes it. Subsequently, the data are
read /written in the buffer, and RDA calculations are executed through computational logic
in the NMP module.

Figure 5 shows the architecture of the NMP module responsible for executing RDA
operations. The instruction buffer, which is 0.016 KB SRAM, can accommodate up to two
NMP instructions. As SARDIMM supports up to 65,536-point FFTs, both the reference
signal buffer and the data buffer, each with a capacity of 262 KB SRAM, can store up to
65,536 complex data. The twiddle factor buffer, with a capacity of 131 KB SRAM, can
hold up to 32,768 twiddle factors for single butterfly operations. The status register stores
the status of the NMP module, which is used to determine the start and end of NMP
operations. When the NMP controller receives the NMP start signal in the status register,
it initiates the NMP operation. The NMP controller orchestrates various tasks, including
generating buffer addresses; selecting the appropriate multiplexer (MUX) for FFT, IFFT,
and reference signal multiplication; and issuing an NMP end signal to mark the completion
of the NMP operation. The decoder extracts essential information for the NMP operation,
such as Opcode and N-point, from the NMP instructions read from the instruction buffer.
The floating-point butterfly (FPBF) module selectively executes the FFT, IFFT, and reference
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signal multiplication based on the data extracted from the buffers and the MUX selection
signal provided by the NMP controller. The results of each FFT stage calculated by the
FPBF module are stored in the data buffer.

Memory controller

C/A DQ
DIMM e Buffers
. Instruction
Status reglster‘ ’ Decoder ‘47
i Instruction buffer
Buffer deVlce NMP start| NMP end Decode
signal signal instruction Instruction Ref .  buff
NMP module 0 NMP module 1 address eterence signal butier
Reference signal
L L | address || Tyiddle factor buffer
NMP controller Twiddle factor
address
Data Data buffer
[RankT I
Rank 0 Multiplexer Ref.erencei Twiddlel Dml Result‘[
selection signals signal Factor
DRAM|| DRAM|| DRAM|| DRAM|| DRAM(| DRAM|| DRAM|| DRAM
FPBF module

(@) (b)

Figure 5. Hardware architecture of the proposed system: (a) SARDIMM system architecture; (b) NMP
module architecture.

3.2. FPBF Module

Figure 6 shows the architecture of the FPBF module, which is responsible for the
floating-point butterfly operations. This module executes two floating-point butterfly
operations in parallel. Each operator receives two 32-bit complex data inputs and a twiddle
factor and performs a single butterfly operation using a floating-point adder and multiplier.
In addition, the FPBF module supports the IFFT through IQ swapping and floating-point
division. IQ swapping involves exchanging data in the real and imaginary parts that are
applied to both the input and output of the FFT. Furthermore, the IFFT is implemented by
dividing the result of each stage of the FFT by two.

There are four types of MUXs, labeled A, B, C, and D, within the FPBF module,
each supporting four different behaviors: normal FFT, normal IFFT, FFT followed by
reference signal multiplication, and reference signal multiplication followed by IFFT. MUX
A determines whether to perform a normal IFFT or an IFFT after the reference signal
multiplication. MUX B selects between the FFT and IFFT operations. MUX C decides
between the normal FFT and reference signal multiplication after the FFT. Finally, MUX D
determines whether IQ swaps the FFT results. Table 1 details the operations conducted by
the FPBF module based on the control signal of each MUX. Note that the control signal for
MUX D is set to 1 during the final stage of the IFFT process.

Table 1. Operation of the FPBF module according to the MUX control signals.

Control Signal
Operation of the FPBF Module
MUX A MUX B MUXC
0 0 0 Normal FFT
0 1 0 Normal IFFT
0 0 1 FFT & reference signal multiplication
1 1 0 Reference signal multiplication & IFFT
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Figure 6. Hardware architecture of the FPBF module.

3.3. Data Storage Order for FFT Operation

Figure 7 shows the operation flow and state of the data buffer during the performance
of a 16-point DIF FFT using an FPBF module. Figure 7a depicts the data buffer, sequentially
storing 16 input data points from x0 to x15 for the first stage of the 16-point DIF FFT.
The width of the data buffer is 64 bits, capable of storing two 32-bit complex number data
within a storage space corresponding to one address. Initially, for the butterfly operation,
64-bit Rdata0 and Rdatal are read from the data buffer across the two clocks. Rdata0
corresponds to input data x0 and x1 in the first stage, while Rdatal corresponds to x8 and
x9. In the butterfly operation of the first stage, x0 and x8, as well as x1 and x9, should be
processed as pairs. Thus, as depicted in Figure 7b, the most significant 32 bits from both
Rdata0 and Rdatal are input to the first operator, while the least significant 32 bits from
both Rdata0 and Rdatal are input to the second operator.The first operator’s high path
output is represented as y0, and the low path output as y8, whereas the second operator’s
high path output is denoted as y1, and the low path output as y9. The FPBF module
separately concatenates the outputs of the high and low paths. Subsequently, two data
points are selected individually per clock cycle through the toggle signal, and Wdata is
written into the data buffer. The data buffer, utilizing the dual-port SRAM, reads the input
data of the first stage while simultaneously writing the output. As depicted in Figure 7c,
the output data of the first stage are sequentially stored in the data buffer from y0 to y15,
as shown in Figure 7a. This process ensures that SARDIMM sequentially stores the results
in the data buffer at each stage of the FFT to facilitate the correct reading of the input data
for the subsequent stage.

64-bit
32-bit Toggle y0 yl
— x2 x3
Rdatab—‘x_0|—> & 7| _y0 }—{ Concatenation |=»{ y0 | 1 x4 x5
Wdata X6 X7
Rdatal—{ x8 | x9 } {x8 Lo ¥8 1 v8 | v9
x10 | x11
x12 | x13
— X1 | E e T x14 | x15
“ @ » Y9 }—{ Concatenation [ y8 | ¥9 | -
(b) (9

Figure 7. Representation of the FPBF module operation for stage 1 of the 16-point DIF FFT: (a) data
buffer storing stage 1 input data; (b) simplified block diagram of the FPBF module; (c) data buffer
storing part of stage 1 output data.

3.4. Execution Flow
The execution flow of RDA with a SARDIMM consists of five main steps:
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Range FFT, range reference signal multiplication, and range IFFT in the NMP module;
Transpose the range compression result in the host processor;

Azimuth FFT in the NMP module;

RCMC in the host processor;

Azimuth reference signal multiplication and azimuth IFFT in the NMP module.

AR

The NMP instructions for RDA include FFT and IFFT instructions, each containing
Opcode, N-point, and RM. The Opcode distinguishes between FFT and IFFT instructions,
whereas the N-point indicates the FFT length and number of stages. The NMP controller
generates addresses to read the data required for each FFT stage accordingly. The RM
determines whether reference multiplication is enabled or disabled. SARDIMM performs
RDA using appropriate NMP instructions. First, the FFT and IFFT instructions are sent
to the NMP module for range compression. When SARDIMM completes the range com-
pression, the host processor receives the NMP end signal and reads the compression
result. The host processor then transposes the results for azimuth compression. To handle
transposition within the NMP module, data sharing between ranks would be necessary.
However, the SARDIMM architecture does not support data sharing between ranks. There-
fore, the host processor is responsible for performing the transposition. Second, an FFT
instruction is sent for the azimuth FFT. After completion, the host processor reads the FFT
results for RCMC. Finally, an IFFT instruction is sent to finalize azimuth compression. The
detailed execution flow for each phase of the NMP operation is as follows:

1. The host processor initializes the buffer data in the NMP module;
2. The host processor sends NMP instructions to the NMP module;
3. The host processor sets the status register in the NMP module;

4. The NMP module operates and loads the result.

Figure 8 shows the flow of NMP operation in the SARDIMM system. Initially, the host
processor stores the data necessary for operation, including the RDA input image, ref-
erence signal, and twiddle factor, in the NMP module buffer. SARDIMM employs a
memory-mapped I/O method to distinguish the buffer addresses from memory addresses.
After initialization, it transmits the corresponding NMP instruction for the operation.
At this stage, SARDIMM must send instructions to each NMP module simultaneously,
as the NMP modules operate in rank-level parallelism.

In a traditional memory system, all the ranks on the same channel as the memory
controller are connected by sharing the DQ and C/A paths. Therefore, when data are sent
to one rank, the same data are also sent to the other ranks, but the other ranks ignore the
data. This feature of the memory system allows SARDIMM to simultaneously send the
same NMP instruction to all NMP modules on the same channel. When the host processor
issues a command to write the NMP instruction to the instruction buffer, the NMP module
responds to it regardless of the rank [29].

After transmitting an NMP instruction, the status register is set. This is also performed
simultaneously by all the NMP modules. Upon checking the NMP start signal in the status
register, the NMP controller begins the NMP operation. The controller starts reading the
data from the instruction buffer and decodes the first instruction to obtain information
regarding the Opcode, N-point, and RM. Next, it performs FFT or IFFT, with or without
reference signal multiplication, until the end of the last stage and stores the result of the
operation in the data buffer. When the last stage is completed, the next instruction is
decoded to perform the next operation. If there is no next instruction, the status register
is set to the NMP end state. After confirming that the status register is in the end state,
the host processor can read the results of the operation stored in the data buffer.
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Figure 8. NMP operation flow of the SARDIMM system.

4. Evaluation

To evaluate the acceleration performance of the proposed system, the SARDIMM
was modeled by modifying the cycle-level simulators gem5 [40] and DRAMsim3 [41],
which are capable of measuring the execution time and energy according to memory
requests. The baseline system used for performance evaluation comprised an Intel x86
CPU operating at a clock speed of 3 GHz. This processor was chosen due to its widespread
use in standard computing environments, making it a suitable reference for comparison.
For memory, the system employed a single-channel dual-rank x8 DDR4-2666 DIMM.
This memory module was selected for its balance between speed and capacity, providing
enough bandwidth and storage for intensive data processing tasks. The memory timing
parameters used were those defined by the JEDEC [39] ensuring standardization and
reliability in the memory performance. These parameters include crucial metrics such as
column address strobe (CAS) latency, row address strobe (RAS) to CAS delay, and RAS
precharge time, which together define the speed and efficiency of memory access and data
retrieval processes. This configuration provides a standardized platform for evaluating the
performance improvements achieved by the proposed SARDIMM architecture. The RDA,
the application under evaluation, was modeled in C++ with both the normal version
running on the baseline system and the NMP version running on the SARDIMM system.
A performance comparison between the baseline system and the SARDIMM was performed
by running the compiled executables in a simulator. Input images of various sizes were
utilized for SAR image generation in the experiments. To address the need for a more robust
evaluation, we used actual SAR data collected from the RADARSAT-1 satellite, specifically
from 16 June 2002. This dataset includes high-resolution images of Vancouver, Canada,
from RADARSAT-1’s Fine Beam2 [42]. For our experiments, we upscaled this dataset to
create larger SAR images, thereby simulating various sizes and types of SAR data.

4.1. SARDIMM without RCMC

To begin, we measured the RDA execution time on images of different sizes on the
baseline system. Figure 9 presents the execution time ratios of different RDA operations,
including range compression, azimuth FFT, RCMC, azimuth reference signal multiplication,
and azimuth IFFT. Notably, RCMC exhibited a significantly lower percentage, averaging
0.8%, compared with the other operations. In contrast, range compression averaged 49.4%,
and azimuth compression (excluding RCMC) averaged 49.8%, collectively constituting the
majority of the execution time. This implies that when a module to accelerate the RCMC
is inserted into the SARDIMM, the overhead due to the increase in area is greater than
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Figure 9. Execution time ratios of the RDA on the baseline system; MUL denotes reference signal

multiplication.

4.2. SARDIMM Performance

We evaluated the RDA acceleration performance of the SARDIMM. As depicted in
Figure 10, the normalized performance of both the baseline system and SARDIMM is
presented. For the RDA execution, the SARDIMM conducts three primary operations:
range compression, azimuth FFT, and azimuth reference signal multiplication followed
by azimuth IFFT. The SARDIMM achieved speedups of 6.89x, 7.02%, 7.09x, and 7.17 x
for images of sizes 8192 x 8192, 16,384 x 16,384, 32,768 x 32,768, and 65,536 x 65,536,
respectively, in range compression. Similarly, in azimuth FFT, speedups of 6.52, 6.68x,
6.8x, and 6.97 x were attained, while in azimuth IFFT after multiplication, speedups of
6.97x,7.11x,7.2x,and 7.23 x were achieved. Between the range compression and azimuth
FFT, the host transposes the compression result to the azimuth direction. Additionally,
after the azimuth FFT, the host executes the RCMC operation based on the FFT results.
Consequently, in the end-to-end RDA encompassing all host actions, speedups of 6.33x,
6.62x,6.8x, and 6.94 x were achieved.
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Figure 10. Normalized performance of the range compression, azimuth FFT, azimuth reference
signal multiplication followed by azimuth IFFT, and end-to-end RDA on the baseline system and
SARDIMM; MUL denotes reference signal multiplication.

Figure 11 shows the normalized total energy consumption by the DRAM in both the
baseline system and SARDIMM. The SARDIMM, with reduced memory accesses, demon-
strates energy savings in terms of overall DRAM energy consumption. Specifically, energy
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savings of 43.1, 47.88, 48.5, and 48.57% were achieved for range compression and 39.39,
45.09, 45.87, and 47% for azimuth FFT. Similarly, the azimuth IFFT with multiplication
exhibited energy savings of 44.16, 48.55, 49.2, and 49.64%. Notably, the end-to-end RDA
achieved energy savings of 41.9, 46.97, 47.74, and 48.21%. In this study, performance evalu-
ation was conducted on a single-channel, dual-rank SARDIMM, and achieved an average
speedup of 6.67x and overall DRAM energy savings of 46.21% for RDA. Considering
that parallelism scales with the number of SARDIMMSs, we anticipate further performance
enhancements by utilizing multiple SARDIMMs.

Range compression
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g 12 - - - - : - - - - : - - - -
B 1 = =) = = 2 e I = =3 ) =)
g0 3 3 a 3 B z 2 A B o 2 2
52 06 hd - n - 1 ° = A 1 *® by 2 £
—_—=
EE 04 I |
s 0.2 1 |
é I |

8192 = 8192 16,384 x 16,384 32,768 > 32,768 65,536 * 65,536 | 8192 « 8192 16,384 x 16384 32,768 % 32,768 65,536« 65,536 | 8192 « 8192 16,384 = 16384 32,768 > 32,768 65,536 ~ 65,536

End-to-end RDA

1 1
1
0.8
0.6 0.581 0.53 0.523 0.518
0.4
0.2
0

51902 x 8192 16,384 » 16,384 32,768 = 32,768 65,536 x 65,536
uSARDIMM mBaseline

Normalized DRAM
total energy

Figure 11. Normalized DRAM total energy of the range compression, azimuth FFT, azimuth reference
signal multiplication followed by azimuth IFFT, and end-to-end RDA on the baseline system and
SARDIMM; MUL denotes reference signal multiplication.

4.3. Design Overheads

The proposed SARDIMM integrates an NMP module into a buffer device without
requiring any additional modification of the DRAM. The NMP module comprises buffers,
an NMP controller, and an FPBF module, designed using Verilog HDL and implemented
on the Xilinx UltraScale+ ZCU104 FPGA board. Table 2 presents a summary of the hard-
ware resources utilized in the NMP module, which includes 10,493 look-up tables (LUTs),
2224 flip-flops (FFs), 40 digital signal processors (DSPs), and 144 block RAMs (BRAMs).
In addition, the power consumption per NMP module was 0.678 W, since two NMP
modules were inserted into the SARDIMM, with 1.356 W consumed per SARDIMM. Con-
sidering that the power of the DIMM was 13 W [28], the power of the NMP module
was negligible.

Table 2. Implementation results of the proposed NMP module.

Module CLB LUTs CLB Registers DSPs BRAMs
Buffers 384 15 - 144
FPBF module 9474 2051 40 -
NMP controller 635 158 - -
Total 10,493 2224 40 144

5. Conclusions

In this study, we introduced the SARDIMM, an NMP architecture based on a single-
channel dual-rank DDR4 DIMM. The SARDIMM offers optional support for FFT, reference
signal multiplication, and IFFT to accelerate the RDA for SAR image generation. By inte-
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grating the NMP module into a buffer device positioned between the memory and memory
controller, the SARDIMM operates seamlessly without requiring additional modifications
to the DRAM chip. This design allows the NMP behavior to be controlled via standard
memory write requests, ensuring compatibility with existing commercial memory systems.
The SARDIMM supports the FP16 data type, and its NMP module is equipped with a
floating-point adder, multiplier, and divider. We implemented and validated the NMP
module of SARDIMM on an FPGA board, utilizing 10,493 LUTs, 2224 FFs, 40 DSPs, and
144 BRAMs. The performance evaluation conducted on images of varying sizes using cus-
tomized gem5 and DRAMSIim3 demonstrated an average speedup of 6.67 x in end-to-end
RDA, along with overall DRAM energy savings of 46.21% compared to the baseline system.
In addition to the RDA, which includes FFT, reference signal multiplication, and IFFT
operations, we plan to conduct future work exploring other algorithms for SAR image
generation. For example, we intend to investigate the effectiveness of SARDIMM in ac-
celerating the CSA and omega-k algorithm. These experiments will further demonstrate
the versatility and performance benefits of SARDIMM in a broader range of SAR image
processing applications.
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