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Field-Programmable Gate Array-Based Ultra-Low Power Discrete

Fourier Transforms for Closed-Loop Neural Sensing
Richard Yang, Heather D. Orser Member, IEEE, Kip A. Ludwig, Brandon S. Coventry* Member, IEEE

Abstract—Digital implementations of discrete Fourier trans-
forms (DFT) are a mainstay in feature assessment of recorded
biopotentials, particularly in the quantification of biomarkers of
neurological disease state for adaptive deep brain stimulation.
Fast Fourier transform (FFT) algorithms and architectures
present a substantial power demand from onboard batteries
in implantable medical devices, necessitating the development
of ultra-low power Fourier transform methods in resource-
constrained environments. Numerous FFT architectures aim to
optimize power and resource demand through computational
efficiency; however, prioritizing the reduction of logic complex-
ity at the cost of additional computations can be equally or more
effective. This paper introduces a minimal architecture single-
delay feedback discrete Fourier transform (mSDF-DFT) for use
in ultra-low-power field programmable gate array applications
and shows energy and power improvements over state-of-the-art
FFT methods. We observe a 33% reduction in dynamic power
and 4% reduction in resource utilization in a neural sensing
application when compared to state-of-the-art FFT algorithms.
While designed for use in closed-loop deep brain stimulation
and medical device implementations, the mSDF-DFT is also
easily extendable to any ultra-low power embedded application.

Index Terms—Deep Brain Stimulation, FFT, Fourier Trans-
form, FPGA, Medical Device, Neurotechnology, Real-Time Signal
Processing, Implantable Pulse Generator

I. INTRODUCTION

THE discrete Fourier transform (DFT) is a fundamental
tool in embedded digital signal processing, facilitating

the decomposition of input signals into their constituent
frequency components. Its utility spans a vast number of
applications, making it indispensable for embedded data
processing across numerous application domains. Advance-
ment in DFT applications have traditionally focused on
reducing computation time and enhancing signal through-
put through optimization of numerical algorithms and the
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hardware on which DFTs are employed. The Fast Fourier
Transform (FFT), rooted in the Cooley-Tukey algorithm[1],
facilitates rapid computation of DFTs, reducing its com-
putational complexity from O(N 2) to O(N l og (N )). The
FFT reduces time complexity by decomposing calculations
into smaller, atomic microoperations which leverages the
symmetry and periodicity properties of the DFT to reuse
intermediate results and provide temporally efficient calcu-
lations[1]. These microoperations are implemented in hard-
ware via complex multiply and accumulate, delay pipeline,
and storage ram blocks, commonly referred to as butterfly
structures due to their characteristic connections and flow
graph[1]–[3]. Extensions of the FFT algorithm have been
further optimized to maximize throughput using hardware
pipelining techniques or by minimizing implementation
size using time-multiplexing[4], [5].

Implantable medical devices are increasingly employing
Fourier transform algorithms and processing cores for real
time analysis of biological signaling and control. For ex-
ample, adaptive deep brain stimulation (DBS), a closed-
loop extension of clinical gold standard DBS for the treat-
ment of the motor symptoms of Parkinson’s disease[6] uses
measurements of extracellular oscillatory electric potential
activity, called local field potentials (LFP), as readouts
for motor symptomology and control signals for neural
stimulation. In particular, the amplitude of β-band oscil-
lations between 13-30Hz in the subthalamic nucleus and
globus pallidus interna are correlated with the magnitude
of bradykinesia. Likewise, γ-band oscillations between 80-
200Hz are associated with dyskinesia in patients with
Parkinson’s Disease[7]–[12]. As closed-loop neuromodula-
tion matures, it is likely that more varied and complex LFP-
based biomarkers will be employed for therapeutic sensing,
further reinforcing real-time DFT use in implanted devices.

DBS and other electrical stimulation therapies are pri-
marily deployed through implantable pulse generators
(IPG)[13]; devices that deliver constant current electrical
stimulation, perform biological sensing and signal process-
ing, and provide battery management operations. IPGs are
chronically implanted and operate from an internal battery
and are subject to strict power, hardware, and compu-
tational constraints. These constraints place an inherent
tradeoff between incorporating advanced features, such as
real-time sensing and adaptive control, and maintaining
device longevity and therapeutic efficacy[14]. Longevity of
IPGs is a particularly salient design constraint, with battery
replacement necessitating surgical intervention adding po-
tential medical risks, patient stress, and economic costs.
Power constraints are even more pronounced in small
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animal IPGs[15], [16] used in preclinical studies, where size
and power usage are further constrained by the limited
payload capacity of subjects. Efforts to minimize power
consumption and optimize the use of limited hardware re-
sources are critical for advancing IPG design. Such advance-
ments could enable the development of smaller, minimally
invasive, and potentially injectable devices, broadening the
applications of neuromodulation therapies while reducing
patient burden.

While the FFT has facilitated fast, high-throughput trans-
forms, the increasingly parallelized architectures required
for FFT computation introduce significant dynamic power
consumption that directly competes with the power and
efficiency requirements for chronic therapeutic stimulation
in IPGs. These concerns in other resource constrained
settings have been partially addressed through single-delay
feedback fast Fourier transform methods (SDF-FFT), a
class of memory efficient FFT implementations using a
single multiply line with coefficients stored in feedback
shift registers[17]–[20]. This class of architecture reduces
memory loads over conventional highly-parallelized FFT
implementations at the cost of increased latency[19], [20].
While these approaches attempt to minimize RAM and
transistor usage, they are still bound by static and dynamic
power loads owing to the complex computational structure
of the FFT. Additional approaches, such as architectures us-
ing approximate multiplication and addition operations[21],
can improve energy efficiency but often degrade signal
resolution, an unacceptable compromise for applications
requiring high-resolution Fourier representations. Alterna-
tively, reducing processor supply voltages has been explored
as a method to improve Fourier transform energy effi-
ciency[22]. However, lowered system voltages may conflict
with voltage and logic level requirements of peripheral
components on IPG devices requiring extra level-shifting
circuitry and potential increases in whole system power
consumption.

This work presents the design, implementation, and
evaluation of a power efficient minimal single-delay path
discrete Fourier transform (mSDF-DFT) architecture for use
in ultra-low power embedded applications that require on-
line spectral estimation. The mSDF-DFT is a direct imple-
mentation of the DFT that computes in a time-multiplexed
fashion. We show that simplified DFT architectures can be
more power and resource efficient than the more compu-
tationally efficient FFT architectures by maximally reduc-
ing logic complexity while maintaining DFT accuracy and
time complexity. The mSDF-DFT shows improvements in
power and resource use while providing online performance
comparable to embedded standard FFT implementations.
Comparisons with state of the art (SOTA) Xilinx burst I/O
FFT, pipelined FFT and canonical Goertzel Algorithm[23]
are made to characterize and elucidate the advantages of
the SDF-DFT. Lastly, we validate the use of the mSDF-DFT
in neural sensing applications by calculating LFP β and
γ power bands for use in a closed-loop DBS application.
The mSDF-DFT architecture is shown to be a meaningful
solution that reduces power consumption and maintains

TABLE I
SUMMARY OF ALGORITHM RUN TIME CONFIGURABLE FEATURES

Algorithm RTC-exclusive Features General Features
mSDF-DFT Point size, Forward/backward transform,

Frequency bin index scaling schedule
FFT Point size Forward/backward transform,

scaling schedule
Goertzel Filter Point size, Scaling schedule

Frequency bin index

transform accuracy at the cost of increased latency. While
evaluated in the context of implantable neural stimulators,
applications where power useage is critical, such as satellite
systems and internet-of-things devices, may benefit from
use of mSDF-DFT architectures.

II. ALGORITHM IMPLEMENTATION

The following sections describe the design and imple-
mentation of the mSDF-DFT and comparison with bench-
mark FFT methods commonly used in embedded systems.
Hardware architectures were designed in SystemVerilog and
evaluated on a Xilinx Spartan-7 FPGA (Boolean Board,
Real Digital, Pullman WA) with synthesis and analysis
performed in Vivado Design Suite (AMD). All hardware
architectures included run time configurable (RTC) and
non-run time configurable (Fixed) implementations. RTC
variants allowed setting of DFT parameters, such as trans-
form length and number of frequency bins at runtime at
the cost of more complex architecture structures, while
fixed implementations set DFT parameters before hardware
synthesis. Available RTC parameters for each DFT are given
in Table I. Input data, phase factors, and all intermediate
results were expressed with 12-bit fixed point data format
with 4 fractional bits. Truncation was used for rounding
and all DFT architectures were implemented with an 80
MHz system clock. mSDF-DFT architecture performance
was compared against benchmark Goertzel filter, burst I/O
FFT, and pipelined FFT architectures representing current
standard performance in hardware resource use, run-time
and throughput efficiency, and power use in embedded
systems and are described in subsequent sections.

A. Minimal SDF-DFT Implementation Details

The DFT of an N point discretized signal xn for k
frequency samples is defined as:

Xk =
N−1∑
n=0

xnW k
N (1)

for k = 0,1, . . . N − 1. The W k
N term is the periodic basis

defined as e− j 2π kn
N and called the phase or twiddle factor.

The mSDF-DFT is implemented as a direct computation of
the governing Fourier equation with a finite state machine
(FSM) implementation given in Fig. 1A and algorithm 1.
In contrast to traditional FFT structures, the mSDF-DFT
performs direct computations around a predefined number
of frequency bins, creating a computational complexity of
O(N ×NB ), where NB is the number of frequency bins to
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be processed, and N is the point size. The module consists
of one multiplier, one adder/subtractor, and one read-only
memory (ROM) containing the phase factors (Fig. 1C). The
input is a stream of N complex values, each represented by
a pair of 12-bit-wide twos-complement numbers. The real
and imaginary components of each sample are processed
separately with a time-multiplexed approach. The compile-
time parameters of the module consist of NB and maximum
point size (NM AX ). As such, the mSDF-DFT trades time-
complexity for savings in dynamic power and FPGA re-
source utilization, paramount to ultra-low power embedded
processing.

Algorithm 1 Minimal SDF-DFT Finite State Machine.

WAIT

Wait until new sample received

START(X )
FOR I = 1 TO k FREQUENCY BINS DO:

RETRIEVE PHASE FACTOR W k
N FROM MEMORY

REAL COMPONENT

XReal [n] → X [n]∗Real (W k
N )

XReal [n] → ACCUMULATION REGISTER

IMAGINARY COMPONENT

X Imag [n] → X [n]∗ Imag (W k
N )

X Imag [n] → ACCUMULATION REGISTER

CHECK

IF I = K

BREAK: ALL FREQUENCY BINS DONE

ELSE

GO TO NEXT FREQUENCY BIN

B. Implementation of Goertzel filters

The Goertzel filter[23] is a commonly used modification
of the DFT which utilizes the periodicity of the e− j 2π kn

N

terms to reduce computational loads, using only real-
valued coefficients and limited memory to facilitate efficient
implementation in embedded applications. Goertzel filter
operates on the input x[n] in two stages. The first stage
produces a real-valued intermediate sequence s[n]:

s[n] = x[n]+2cos(ω)s[n −1]− s[n −2] (2)

where ω is given by 2πk
N , k is the frequency bin index, and

N is the width of the transform window. The second stage
produces the complex output sequence y[n]:

y[n] = s[n]−e− jωs[n −1] (3)

representing a convolutional form of the DFT. Goertzel
filter architectures were implemented as an FSM, with one
multiplier, one adder and one ROM unit.

C. Implementation of pipelined FFT

Decimation-in-frequency pipelined FFTs were imple-
mented using the Xilinx FFT IP Core (AMD). The pipelined
FFT implementation decomposes the input signal into

Fig. 1. Schematic description of the SDF-DFT finite state machine. A.
Inputs to the SDF-DFT include clock, reset, write (wr), input time series
(x), frequency bin index (k), and transform window (N). Outputs consist of
output FT representation (X) and binary done indicators. B. Flow diagram
of the SDF-DFT finite state machine. C. Hardware structure diagram of
the mSDF-DFT.

parallel streams of add/multiply, twiddle storage ROM, and
radix butterfly structures, allowing for temporally efficient
FFT calculations at the potential cost of hardware complex-
ity[24]. Pipelined architectures were implemented as radix-2
decomposition networks consisting of log2(N ) stages, each
with N

2 radix-2 butterflies.
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D. Implementation of burst I/O FFTs

Burst I/O FFT methods represent a tradeoff between low-
resource Goertzel implementations and fully parallelized
FFTs. Burst I/O architectures decouple DFT computation
from data input and output operations, performing se-
rial processing of blocks of input signals, as opposed to
pipelined FFTs which process signals on arrival to Fourier
transform cores. Burst I/O architectures provide minimal
memory overhead at the cost of increased computational
latency. Burst I/O FFTs were implemented as radix-2 em-
ploying a shared additive line with a radix-2 butterfly that
shares one adder serving to perform parallelized decimation
in time computation with minimal memory overhead at
the expense of increased computation latency. Comparative
FFTs were all implemented in Xilinx Vivado studio using the
Xilinx Fast Fourier Transform 9.1 IP core (AMD).

E. Performance Metrics

Performance evaluations are focused on dynamic power
and physical resource utilization. Total system power was
calculated using the Vivado power estimation toolset, with
total power consumption defined as:

PTot al = PDS +PS +PD (4)

with PD S,PS ,PD denoting Spartan 7 static power consump-
tion, design architecture static power consumption, and
design architecture dynamic power consumption respec-
tively. Design architecture dynamic power consumption was
estimated for forward Fourier transform operations for N
point transforms between 32 and 32,768 points. mSDF-
DFT and Goertzel filter architectures contain an additional
number of frequency bands parameter (NB ) with NB tested
between 4 to 64 for all N point sizes.

To evaluate the total number of physical resources used
by each DFT architecture, a physical resource utilization
metric was defined as:√

LU T 2 +F F 2 +DSP 2 +BR AM 2 (5)

where LU T , F F , DSP , and BR AM refer to percent utiliza-
tion measured in Vivado Design Suite of available look up
tables, flip flops, digital signal processing cores, and block
random access memory respectively. Physical resource uti-
lization was estimated for forward Fourier transform opera-
tions with N between 32 and 32,768 points and NB between
4 and 64.

Comparisons between mSDF-DFT and state of the art
architecture performance were estimated as:

ym − yr e f er ence

yr e f er ence
∗100 (6)

where ym is the value of physical resource utilization
or dynamic power for the mSDF-DFT and yr e f er ence is
the physical resource utilization or dynamic power for
the comparative benchmark architecture respectively. The
pathological case of calculating DFTs with transform length
of 64 with 32 bins (32,64) was excluded from analysis as this

TABLE II
SPECIFICATION OF THE NEURAL SENSING SYSTEM

Clock Frequency 50 MHz
DFT Point size 128

DFT Frequency Resolution 11.9 Hz
DFT NB 7

LFP sampling frequency 1529 Hz
SPI Clock Frequency 500 KHz

set of parameters created an under constrained degenerate
Fourier transform.

Architecture latencies were evaluated as the number of
clock cycles elapsed between the loading of the initial input
sample and the egress of the first computed frequency bin
and the unloading of the first computed frequency bin.
Latency of the pipelined and burst I/O transforms imple-
mented with Xilinx IP cores were obtained with Vivado
simulations. Least-squares linear regression was performed
to obtain a linear estimate of latency as a function of the
Fourier transform point size.

III. EVALUATION OF MSDF-DFTS FOR NEURAL
SENSING

To evaluate online neural sensing with the mSDF-DFT
method, recordings from auditory cortex in response to me-
dial geniculate body infrared neural stimulation recorded
during a previous experiment[25] were used. Infrared neural
stimulation (INS) is an optical neuromodulation technique
which uses coherent infrared light to elicit spatially con-
strained excitatory neural responses in nerve and neu-
ron[26]–[29] without electrical stimulation artifact.

To mimic common IPG closed-loop sensing, sample LFPs
were loaded into the memory of a nRF5340 microprocessor
(Nordic Semiconductor, Trondheim, Norway) and transmit-
ted to a Xilinx Spartan 7 FPGA (AMD) through a custom
serial peripheral interface (SPI) driver. β (13-30 Hz) and
γ (30-100 Hz) band power are calculated with mSDF-DFT
and transmitted back to the microprocessor. Specifications
of the neural sensing implementation are summarized in
Table 2. Ground truth spectral content of test LFPs was
calculated offline in Matlab (Mathworks, Natick MA) using
the same number of bins and transform lengths as online
mSDF-DFTs. Error between online calculation and ground
truth was calculated as:

eonl i ne [i ] = 10log

( |Xonl i ne [i ]|
|Xo f f l i ne [i ]|

)
(7)

where Xonl i ne [i ] and Xo f f l i ne [i ] are the complex amplitude
for frequency bin i for the online and Matlab calculations,
respectively.

IV. RESULTS

Minimal SDF-DFT synthesis and implementation results
in Vivado are summarized in Table 3. The mSDF-DFT
was implemented with the inverse DFT features to provide
appropriate comparisons against the Xilinx IP cores; thus,
further reduction in power and resource consumption can
be easily realized by removing the feature if only Fourier
decomposition is needed for the application.
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TABLE III
SUMMARY OF SELECTED MSDF-DFT IMPLEMENTATIONS IN VIVADO

Variant NB N LUT count Flip-flop count DSP count BRAM count Dynamic Power (mW)
RTC 8 512 360 353 2 1 9
RTC 16 512 477 546 2 1 10
RTC 32 512 954 936 2 1 15

Fixed 8 512 287 342 2 1 8
Fixed 16 512 363 535 2 1 9
Fixed 32 512 902 926 2 1 14

A. Performance Evaluation of mSDF-DFT

The mSDF-DFT was designed to provide ultra-low dy-
namic power consumption and minimal resource usage
for a minimal reduction in time-complexity. mSDF-DFT
performance was benchmarked against Goertzel filter DFTs
as well as parallelized burst I/O and pipelined FFT methods.
We found that mSDF-DFT’s performance was consistent
across the RTC and the fixed variants with respect to the
pipelined and the burst I/O FFT. Comparisons were made
in both non-RTC (Figure 2) and RTC (Figure 3) settings
to account for differential memory usage for parameters
set pre vs post compilation. It was observed that the
magnitude of power reduction was greater than savings in
resource usage. The mean resource saving was 14.2% with
a standard deviation of 198% while mean power saving
was 53.3% with a standard deviation of 43.1%. Minimal
SDF-DFT achieved significant reduction in both power and
resource consumption relative to the pipelined FFT at all
parameters while it outperforms the burst I/O FFT with low
NB to N ratio (Fig 2A,2C,3A,3C). More specifically, this ratio
was found to be 0.5 at point size of 32 and diminishes
approximately in a power series fashion as a function of
point size. This relationship can be modeled by:

NB

N
= 9N−0.9 (8)

Minimal SDF-DFT exhibits clear advantages in both re-
source use and power consumption over the FFTs at point
size greater than 2048, where resource use reduction ranges
from 57% to 85%, and power reduction ranges from 31%
to 91% (Fig 2B, 2D, 3B, 3D). This significant reduction is
mainly attributable to the fact that the mSDF-DFT only
calculates 0.01% to 0.8% of the frequency components
relative to the FFTs.

Minimal SDF-DFT architectures outperformed Goertzel
Filter in both non-RTC (Figure 2A,B) and RTC (Figure 3A,B)
conditions except at larger bin sizes and transform lengths
in which Goertzel begins to dominate. This is likely due
to its efficient BRAM access patterns and storing minimal
phase factors when the frequency bin indexes are fixed.
However, mSDF-DFT showed clear advantages for small to
moderate transform lengths and bin sizes relevant to low
power and resource usage implementations. Taken together,
this data suggests that NB and transform sizes can be finely
tuned to achieve minimal dynamic power and resource
usage to facilitate transforms across a variety of application
constraints. This data also suggests that mSDF-DFT is
particularly advantageous when desired frequency bands

are known a priori, such as in adaptive DBS where β (13-
30 HZ) and γ (30-100 HZ) LFP activity provide controllable
biomarkers for Parkinson’s disease[30], [31].

B. mSDF-DFT Latency Evaluation

A fundamental tradeoff between mSDF-DFT and canon-
ical FFT implementations is time complexity vs dynamic
power and resource loads. Latency calculations were thus
performed to quantify time tradeoffs vs mSDF-DFT NB

against canonical FFT methods. Latency of the mSDF-DFT
was found to be N ×(5×NB +1) and N ×(4×NB +1) for the
RTC and the fixed variants, respectively. For each sample,
one clock cycle was required for initiation and 5

4 clock cy-
cles were required to process each frequency bin. Similarly,
Goertzel filter’s latency was found to be N (4×NB+1)+NB×4.
The burst I/O FFT featured an approximate latency of
16.8×N while both variants of the pipelined FFT featured
an approximate latency of 2×N . The mSDF-DFT displayed
greater latency than the FFTs (Fig 4) compared to other FFT
methods as expected. Minimal SDF-DFT latency displayed
linear growth as a function of transform length across all NB

values. However, we observed that mSDF-DFTs can achieve
comparable time performance to burst I/O FFTs with longer
transform lengths and smaller NB . Quantification of latency
can therefore allow optimal choice of mSDF-DFT parame-
ters to satisfy computational time costs across application.
While the mSDF-DFT exhibits a worse asymptotic runtime
complexity than FFT methods, mSDF-DFT transform time
is dependent on the total number of frequency bins used
(O(N×NB )). Therefore, a priori knowledge of the frequency
band of interest can significantly reduce algorithm latency.
This is often the case with neural sensing applications,
where the frequencies of interests are well-defined. For
instance, β band signals have a period of around 50 ms.
A response delivered within 5 ms of signal detection can
be considered to be concurrent. Assuming an FPGA clock
speed of 50 MHz, 1 kHz sampling rate ( fs ), and a frame size
of 64, the SDF-DFT incurs 0.0064 ms latency, while burst
I/O FFT and pipelined FFT yield 0.022 ms and 0.0027 ms,
respectively. At a frame size of 1024, mSDF-DFT incurs 0.68
ms latency, while burst I/O FFT and pipelined FFT yield
0.34 ms and 0.04 ms, respectively. Crucially, fewer frequency
bins need to be calculated at smaller frame size since the
number of frequency bins that span a particular frequency
band is:

NB = B and wi d th ×N

fs
(9)
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Fig. 2. Comparison of non-runtime configurable mSDF-DFT and traditional FFT architectures. A,B. Heatmap of the resource-usage (A) and power (B)
performance of the mSDF-DFT relative to traditional algorithms. At each combination of (the total number frequency bins (NB ), point size(N)), the
percent difference of the mSDF-DFT’s dynamic power and resource consumption relative to the Goertzel, burst I/O FFT, and the pipelined FFT was
calculated. The performance values of the FFTs are estimated with NB equal to N. The combination (NB = 64, Transform length = 32) was manually
set to 0 as number of bins exceeds transform length. Blue shades indicate decreased resource and power consumption of mSDF-DFT relative to test
algorithms, i.e. better performance. C,D. Line plots of performance for resource (C) and power (D) consumption. These plots represent the same data
shown in A,B cast against mSDF-DFT NB parameters of 4,8,16, and 32.

Fig. 3. Comparison of runtime configurable mSDF-DFT and traditional FFT architectures. A,B. Heatmap of the resource-usage (A) and power (B)
performance of the mSDF-DFT relative to traditional algorithms. At each combination of (the total number frequency bins (NB ), point size(N)), the
percent difference of the mSDF-DFT’s dynamic power and resource consumption relative to the Goertzel, burst I/O FFT, and the pipelined FFT was
calculated. The performance values of the FFTs are estimated with N+B equal to N. The combination (NB = 64, Transform length = 32) was manually
set to 0 as number of bins exceeds transform length. Blue shades indicate decreased resource and power consumption of mSDF-DFT relative to test
algorithms, i.e. better performance. C,D. Line plots of performance for resource (C) and power (D) consumption. These plots represent the same data
shown in A,B cast against mSDF-DFT NB parameters of 4,8,16, and 32.

Thus, assuming a constant bandwidth, the latency of the
mSDF-DFT is much lower with smaller frame size.

C. Evaluation of Online Neural Sensing

Finally, we evaluated the mSDF-DFT architecture per-
formance and accuracy on LFPs recorded from an optical
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Fig. 4. Characterization of latency between mSDF-DFT andFFT methods.
Results show that mSDF-DFT throughput is less than FFT methods as
expected. However, the choice of mSDF-DFT parameters can bring time
performance to burst-I/O FFT levels.

thalamocortical deep brain stimulation application. Data
was obtained from infrared stimulation of auditory thala-
mus with recordings made from microwire recordings of
auditory cortex in the chronically implanted rat (Figure 5A).
Stimulation of the ventral division of auditory thalamus
drives excitatory responses in layers III/IV of auditory cortex
through a single synapse (Figure 5B). Local field potential
responses through this circuit have been extensively char-
acterized, creating an opportune circuit by which to assess
mSDF-DFT performance. A characteristic LFP driven by 3
mJ per pulse INS is shown in Figure 5C. A total of 10,
1 second LFP recordings were utilized. For each sample,
eleven 128-point DFT were performed with no overlap,
resulting in a total of N=14,080 DFT calculations utilized for
accuracy analyses. A characteristic mSDF-DFT and ground
truth FFT spectrums and spectral differences is shown in
Figure 5D. D’Agostino and Pearson tests for normality[32]
show that errors did not fit normal distributions (p<0.05),
necessitating the use of mean and median measurements of
absolute error as optimal summary statistics for mSDF-DFT
error analysis[33]. Error analysis results are summarized in
Table 4. The mean absolute error between measured mSDF-
DFT and benchmark offline FFT was 2.01 dB with a stan-
dard error of the mean of 0.03 dB. The median of absolute
error was found to be 1.11 dB, and the absolute maximum
error was 22.2 dB. The relatively small mean absolute error
suggests that the mSDF-DFT provides accurate low power
and resource estimation of online neural signals. Sources of
error are likely due to propagation of memory limitations
and round off errors inherent to online systems, which can
be mitigated by increasing word length[34]. Additionally, the
mSDF-DFT architecture demonstrated superior resource
and power efficiency when compared to benchmark archi-
tectures (Table 5) consistent with our observed power and
resource utilization findings (Figures 2,3). A 33% dynamic
power reduced and 4% resource utilization reduction over
burst-I/O FFT was observed.

TABLE IV
SUMMARY STATISTICS FOR LFP MSDF-DFT AND BENCHMARK FFT

Total Comparisons (N) 14080
Mean Absolute Error (dB) 2.01

Median Absolute Error (dB) 1.11
Variance Absolute Error (dB) 14.7

Standard Error of the Mean (dB) 0.03
Maximum Absolute Error (dB) 22.2

V. DISCUSSION

In this study, we describe the design and implementation
of a power and resource efficient mSDF-DFT implementa-
tion. The algorithm implements the DFT in a completely
serialized fashion. The algorithm is inverse-capable and
possesses all the features of the SOTA Xilinx FFT IP cores.
It is important to note that our data does show well-
defined use cases for the mSDF-DFT. When minimization of
power is the desired constraint, the mSDF-DFT is superior
in applications with moderate bin counts and transform
lengths and completely outperforms pipelined FFTs in
power performance. Similarly, at moderate NB to N given by
Equation 7, the mSDF-DFT can outperform burst I/O FFT
methods. Furthermore, the mSDF-DFT almost completely
outperforms Goertzel filter in dynamic power, except at ex-
tremely small NB to N ratio, where Goertzel filter’s efficient
memory access pattern is salient. Therefore, the area of best
power performance can be characterized as moderate NB

to N ratio, which is precisely where neural sensing, among
other medical devices, operates. Thus, mSDF-DFT offers
high resolution spectral decomposition with minimal power
consumption in any application where power constraints
represent critical design parameters.

We also find use cases where the mSDF-DFT provides
minimal resource usage. Although this metric (Equation 4)
provides a holistic estimate of total system use, resource
usage is defined as percentage utilization and is there-
fore FPGA dependent. Specifically, the different component
categories, i.e., DSP, LUT, etc., are weighted inversely to
their quantity present in the FPGA. Therefore, the results
presented in resource consumption may not transfer to
FPGA architectures with significantly different component
composition.

While throughput for the mSDF-DFT is lower than mas-
sively parallelized methods such as pipelined FFT imple-
mentations, most power constrained applications aim to
minimize with neural sensing and control systems. This
is done by having sampling and throughput rates that
adequately capture neural responses but at much lower
speeds than typical FPGA clock speeds[35]. In a system that
involves real-time signal acquisition and concurrent trans-
form into the frequency domain, the maximum number of
frequency bins that can be processed within the timeframe
is given by:

NB M ax =
fF PG A × ( 1

fs
− w

fsclk
)−1

4
(10)

where fF PG A is the FPGA clock frequency, fs is the sampling
frequency, fsclk is the SPI frequency and w is the bit depth
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Fig. 5. Application of the mSDF-DFT to closed-loop neural sensing. A,B. Recordings were obtained from a chronically implanted rat infrared neural
stimulation (INS) preparation. Stimulating optical fibers were placed into auditory thalamus with recordings made from 16 channel microwire arrays
implanted in auditory cortex. Thalamic afferents occur across a single synapse to cortex and thus represent direct thalamocortical entrainment from
INS. A portion of the figure was constructed in BioRender (www.biorender.com) software. C. Example LFP waveform and time-frequency decomposition
showing β and γ power vs time. D. Example histogram comparison of SDF-DFT and offline FFT power calculations show minimal error in calculation
of β and γ power.

of the SPI transmission. The term w
fsclk

compensates for
the SPI transmission time. Neural sensing typically involves
a low sampling rate, e.g. 1 kHz for LFP recording, 100
Hz for intracranial EEG systems, and minimum 7 kHz for
spike detection[36], [37]. At this sampling rate, assuming
50 MHz FPGA clock frequency and 1 MHz SPI frequency,
1600 to 124,000 frequency bins can be processed with the
proposed mSDF-DFT, which is significantly above minimal
requirements for online neural sensing and measurement
applications.

As implemented, the mSDF-DFT provides accurate and
low-resource usage DFT implementation. However, we do
show that some small approximation error does exist in
mSDF-DFT estimation which may compound if bin size
and transform lengths grow large. It is possible to further
reduce round off and propagation errors by implementing
fault tolerance methods, such as online memory[38] or

algorithm based[39] fault tolerance into our mSDF-DFT ar-
chitecture. However, fault correction methods will likely add
to power and resource consumption, necessitating careful
optimization of the accuracy-resource tradeoff. It was also
observed that mSDF-DFTs are particularly poised for use in
low to moderate transform length and bin size applications.
We believe that more power and resource savings can be
achieved with direct implementation of mSDF-DFT into
application specific integrated circuits (ASICs) which would
allow for full optimization of power consumption using only
necessary resources providing best performance. Lastly, it is
important to note that the mSDF-DFT does not only outper-
form Goertzel filter in power and resource utilization. It is
well known that Goertzel filters exhibit numerical instability
for fixed point arithmetic and long input sequences owing
to its use of purely real digital filters for Fourier coefficient
calculation[40]. This can be easily avoided by using true
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TABLE V
SUMMARY OF MSDF-DFT PERFORMANCE AGAINST BENCHMARK ARCHITECTURES IN NEURAL SENSING

mSDF-DFT Burst I/O FFT Goertzel Filter Pipelined FFT
LUT 280 291 722 1169
FF 339 688 440 21941

BRAM 1 1 0 0
DSP 2 2 1 9

Resource Utilization 2.4 2.5 9.0 2.5
Dynamic Power (mW) 8 12 13 52

DFT estimation of Fourier coefficients. Thus, the mSDF-
DFT represents a promising high-performance alternative
to the Goertzel filter .

While the proposed DFT is of interest for current clin-
ical implementations of adaptive DBS, we envision this
architecture able to facilitate the investigation of more
complex control methods in using online encoding and de-
coding[41], [42], brain-machine interfaces utilizing spectral
decomposition methods[43]–[45], or as a plug-in tool for
other neural sensing and recording platforms necessitating
online spectral estimation and/or closed-loop control[46],
[47]. This architecture also extends generally to non-medical
applications such as space systems and satellite instrumen-
tation[48]–[50], wireless communication systems[51], and
Fourier transform enabled deep learning accelerators[52],
[53], or in any application where conserved power and
resource usage is desired.

VI. CONCLUSION

In this study, we show that a mSDF-DFT architecture can
outperform benchmark FFTs and Goertzel filter and has
well-defined use cases in biopotential sensing. Specifically,
we observe a 33% reduction in dynamic power and 4%
reduction in resource utilization in a neural sensing appli-
cation when compared to SOTA burst I/O FFT. The mSDF-
DFT has greater latency when compared to benchmark FFTs
but achieves high accuracy transforms at state of the art low
power consumption, making the mSDF-DFT a potent tool
for neural sensing applications and beyond.

CODE AND DATA AVAILABILITY

Raw and processed LFP data can be found at
the following Open Science Framework data repository:
https://osf.io/fb48z/.
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