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Abstract: Diffuse correlation spectroscopy (DCS) enables noninvasive measurement of deep
tissue blood flow, but high-speed and multi-channel implementations are often constrained by data
throughput. We present an FPGA-based compressed DCS architecture for fast, high-throughput
real-time measurements of intensity autocorrelation functions that leverages parity-based 1-bit
photon counting to exploit sparse photon arrivals. The system is validated by direct comparison
with a conventional research-grade DCS instrument with experiments on solid and liquid tissue-
simulating phantoms and in vivo forearm measurements during arm-cuff occlusion. Results
demonstrate 96.875% data compression with preservation of autocorrelation fidelity and blood
flow estimation performance over practical acquisition rates, enabling compact and scalable
real-time DCS instrumentation.
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1. Introduction

Blood flow is a fundamental physiological parameter that reflects tissue metabolism, vascular
function, and disease state. Noninvasive measurement of microvascular blood flow is therefore
of broad interest across neuroscience, critical care, and vascular medicine. Among optical
techniques, Diffuse Correlation Spectroscopy (DCS) [1–3] has become a widely used method
for probing deep tissue blood flow by analyzing temporal fluctuations of multiply scattered
coherent light, with applications spanning cerebral [4–6], muscular [7,8], and spinal cord
[9] hemodynamics. Early implementations of DCS relied on dedicated hardware correlators
[1,10,11], which provided robust measurements, but were limited in temporal resolution and
flexibility. More recent work has demonstrated that software-based correlators can significantly
improve acquisition speed and enable high temporal resolution measurements of blood flow
dynamics, including pulsatile signals [12–15].

As a natural extension of these advances, a growing body of work has explored embedded
and FPGA-based implementations to further improve system portability and enable real-time
processing. Recent reviews by Wang et al. [16] and Carp et al. [17] make clear that current
DCS hardware development is being driven by a common set of demands: higher signal-
to-noise ratio (SNR), improved depth sensitivity, faster sampling for pulsatile and functional
measurements, lower-cost, and more compact instrumentation. In particular, Carp et al.
emphasize that conventional DCS faces a fundamental tradeoff between measurement noise
performance and deep-tissue sensitivity, especially at larger source–detector separations where
photon count rates fall and practical acquisition speeds become limited [17]. These constraints
have motivated a broad shift toward hardware strategies that increase photon throughput and
parallelize detection, including multi-source illumination and parallel single-speckle detection
[18–20], heterodyne/interferometric detection [21], multispeckle camera-based methods [22–26],
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long-pathlength photon selection [27–31], and longer-wavelength operation. [32–34]. While
these approaches differ in implementation, they share a common architectural theme of extracting
more usable flow information by sampling more photons, more speckles, or more depth-selective
photon populations per unit time.

Wang et al. further show that this trend has been accompanied by rapid progress in detector
and correlator technology, particularly through the adoption of highly integrated SPAD arrays
and on-board digital processing [16]. Early multispeckle demonstrations used grouped discrete
SPADs to realize the expected

√
N gain in SNR from parallel speckle sampling, as shown by

Dietsche et al. [18]. This direction was extended to integrated SPAD-array DCS platforms,
beginning with a 5 × 5 system demonstrated by Johansson et al. [35] and subsequently scaling
to 32 × 32 arrays [19,20], 192 × 128 arrays [36], and most recently 500 × 500 and 512 × 512
SPAD-camera systems for massively parallel, real-time multispeckle DCS [37,38]. At the
correlator level, Wang et al. note that conventional hardware correlators remain attractive
because they support high-speed real-time processing over wide lag-time ranges, but they are
comparatively more expensive and less flexible than software-based alternatives [16]. This has
motivated increasing interest in embedded correlators and FPGA implementations. Lin et al.
[39] demonstrated real-time DCS analysis on an FPGA, and Moore and Lin [40] further showed
on-board autocorrelation computation for embedded applications. Taken together, these studies
indicate that the field is moving toward increasingly parallel and computation-rich DCS hardware.
At the same time, they also underscore a central practical challenge: as detector count, sampling
rate, and on-board processing demands increase, data movement and bandwidth become limiting
system-level constraints rather than secondary implementation details.

Despite these advances, most existing FPGA-based and embedded DCS systems remain limited
in channel count and sampling efficiency, typically supporting 4 measurement channels and/or
sampling photon counts at ≈ 1 MHz. These limitations arise primarily from constraints in data
throughput and hardware resource utilization. Conventional DCS architectures employ multi-bit
photon counters and data representations that are optimized to work with general-purpose
(typically) 32−bit counters/timers. These approaches do not account for the sparse photon arrival
statistics characteristic of diffuse optics, and therefore incur significant bandwidth overhead,
which restricts scalability to higher channel counts and faster sampling rates. To address these
challenges, we recently introduced a compressed DCS framework based on reduced bit-depth
photon encoding [41], demonstrating that sparse photon arrival statistics can be exploited to reduce
data requirements without compromising the fidelity of estimated tissue blood flow. Here, we
build on this concept, to realize a fully integrated architecture that combines compressed photon
counting, high-speed acquisition, and scalable multi-channel processing within an embedded
platform. Specifically, we present a compact FPGA-based DCS architecture that addresses
both data throughput and scalability limitations by exploiting photon-arrival sparsity. The
proposed system implements parity-based 1-bit photon counting, high-speed data streaming, and
real-time fitting of blood flow indices without modifying the underlying DCS signal model. By
reducing per-channel data width and bandwidth requirements, this approach enables high-rate,
multi-channel DCS acquisition within the constraints of resource-limited embedded hardware.

We validate the system through direct, simultaneous comparison with a conventional research-
grade DCS instrument using solid and liquid tissue-simulating phantoms and in vivo forearm
measurements during an arm-cuff occlusion protocol. These experiments evaluate autocorrelation
fidelity, blood flow estimation accuracy, signal-to-noise performance, and dynamic response
under physiological conditions.
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2. System architecture and FPGA implementation

2.1. Overall system architecture

Diffuse correlation spectroscopy (DCS) measures deep tissue blood flow by quantifying temporal
fluctuations in multiply scattered coherent light. In a typical DCS system, light from a long
coherence length source is delivered to tissue, and light that has diffused and scattered through
tissue is collected a short distance away using single-mode fibers. Motion of dynamic scatterers
in the tissue, primarily red blood cells, causes decorrelation of the detected (speckle) intensity,
which is quantified through the normalized intensity autocorrelation function g2(τ). A blood flow
index (BFI) is then estimated by fitting the measured autocorrelation function to a solution to the
correlation diffusion model. We refer the reader to many excellent review articles that describe
DCS theory and applications in greater detail [1,2,16]; here we focus on the instrumentation to
convert detected light to DCS intensity autocorrelation functions.

Our DCS platform is organized around a hardware–software co-design in which time-critical
photon detection and counting are executed on an embedded FPGA, while computation of the
autocorrelation function and estimation of blood flow are handled on a host computer. This
division allows deterministic high-speed acquisition to be maintained at the hardware level while
preserving flexibility for real-time signal processing and model fitting in software.

The optical subsystem employs a long-coherence length wavelength-stabilized 785-nm laser
source (iBeam Smart, Toptica Photonics, Pittsford, NY) to illuminate tissue through a multimode
source fiber. Diffusely scattered light is collected using single-mode detection fibers positioned
at source–detector separations of 10 mm and 25 mm, corresponding to sensitivity predominantly
to superficial and deeper tissue volumes, respectively. Photon detection is performed using
four single-photon counting avalanche photodiodes (SPADs) (SPCM-AQ4C, Excelitas), each
generating transistor–transistor logic (TTL) pulses corresponding to individual photon arrival
events, as shown in Fig. 1. TTL outputs from the SPADs are first conditioned and level-shifted
using auxiliary interface hardware (NI myRIO-1900, National Instruments, Austin, TX) to ensure
electrical compatibility with the FPGA digital inputs. The conditioned signals are then routed
to an embedded FPGA platform (NI sbRIO-9607, National Instruments, Austin, TX), where
photon counting, data packing, and streaming are implemented in real time. Processed data are
transmitted continuously to the host computer over a Gigabit Ethernet link, enabling low-latency,
sustained operation suitable for real-time monitoring.

For the purposes of this paper, each SPAD output is internally replicated on the interface
hardware and routed to multiple independent photon counting blocks on the FPGA. This
configuration allowed us to evaluate the performance of 16 parallel acquisition channels derived
from four physical detectors. FPGA measurements were compared with a conventional DCS
instrument with a LabVIEW-based software correlator, as described in our previous publications
[12,42,43]. The TTL outputs from the SPADs were connected directly to the software correlator
for simultaneous measurements of autocorrelation functions with both systems.

2.2. Photon arrival statistics and sparsity in DCS measurements

We first establish the sparsity of photon arrival statistics in DCS measurements, building on
our prior work [41]. Photon detection in DCS follows a doubly-stochastic process. The photon
counts recorded in each bin are Poisson-distributed, while the intensity itself fluctuates according
to temporally correlated speckle statistics; these correlations appear between bins and do not alter
the single-bin marginal distribution relevant here [44,45]. More precisely, the marginal count
distribution in a bin approaches, and is well approximated as Poisson with a fixed λ = R∆t, in the
limit of low per-bin photon occupancy (λ<<1), where R is the mean photon arrival rate and ∆t is
the bin duration/width. [44] Further, the probability of observing two or more photons in a single
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Fig. 1. Schematic of the DCS measurement configuration in a semi-infinite geometry.
Coherent laser light is delivered to tissue via optical fibers, and diffusely scattered light is
collected by single-mode detection fibers. Photon arrival events detected by single-photon
counting avalanche photodiodes (SPADs) are converted to TTL pulses and routed to the
FPGA-based acquisition system. The resulting intensity autocorrelation function g2(τ) is fit
to a correlation diffusion model to estimate blood flow index in real time.

bin is given by
P(n ≥ 2) = 1 − e−λ(1 + λ). (1)

Under typical operating conditions, photon count rates per detector channel range from 20 to
500 kHz. In the system considered here, photon arrivals are sampled at 10 MHz, corresponding
to a bin duration of 100 ns. For these representative operating conditions, Table 1 shows that the
probability of detecting two or more photons per bin is very small.

Table 1. Sparsity of photon counts in
typical DCS measurements. Column 3
shows the probability of detecting 2 or
more photons in 100 ns detection bin

at different photon count rates

R λ = R∆t P(n ≥ 2)

20 kHz 0.002 0.0002%

50 kHz 0.005 0.001%

200 kHz 0.02 0.02%

500 kHz 0.05 0.12%

Thus, under typical DCS operating conditions, the vast majority of time bins contain either
zero or one detected photon. This sparsity implies that the information relevant for estimating
the intensity autocorrelation function is dominated by binary occupancy of time bins rather than
precise multi-photon count values. This observation motivates the use of parity-based 1-bit
photon counting in the present work.

2.3. FPGA-based photon counting and data streaming

Figure 2 shows a schematic representation of the FPGA-based photon counting for DCS. Photon
arrival events at each acquisition channel are recorded using 1-bit photon counters implemented
directly on the FPGA (using LabVIEW). Rather than accumulating multi-bit photon counts over
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each sampling interval, each counter records the parity of photon arrivals within a fixed time bin,
such that the counter output toggles on each detected photon event. As a result, the recorded
value reflects whether an odd or even number of photons arrived during the bin interval. While
multiple photon arrivals within a single time bin may result in counter overflow, the probability
of such events is negligible for the photon count rates and bin durations used in this work, and
their contribution is statistically indistinguishable from shot noise in the autocorrelation analysis.

Counter 16

Counter 1

Computer

DCS photon
counts (TTL) FPGA1-bit counter

array Sampled
every 100 ns

Packed to
16-bit word

DMA FIFO

Reset

Ethernet

Sampled
every 100 ns

Reset

Sampled
every 25 ns

Sampled
every 25 ns

Channel 1

Channel 16

Fig. 2. Block diagram of the FPGA-based photon counting and data streaming architecture.
TTL outputs from individual SPADs are routed to digital input/output (DIO) pins on the
FPGA, where parity-based 1-bit counters register photon arrivals. The outputs from 16
parallel counters are packed into a 16-bit word at each sampling instant and written to
a Direct Memory Access First-In First-Out (DMA FIFO) buffer for transfer via Gigabit
Ethernet to the host computer. The FPGA resets all 1-bit counters at a sampling frequency
of fS = 10 MHz. For an integration time of tint = 50 ms, 500,000 samples per channel are
acquired.

The FPGA operates with a 40 MHz internal clock, while photon sampling is performed at an
effective rate of 10 MHz, corresponding to a bin width of 100 ns. At the end of each sampling
interval, all counters are synchronously reset, ensuring that photon arrivals are registered only
within the defined bin duration. This timing strategy preserves sensitivity to short correlation
delays while enabling deterministic, high-throughput data acquisition.

In contrast to conventional photon counting architectures that allocate 32 bits per channel to
store photon counts [12], the present design uses a single bit per channel. Under sparse photon
arrival conditions, this representation retains the statistically dominant information required
for autocorrelation estimation while dramatically reducing hardware resource usage and data
bandwidth. Data from all 16 channels are sampled synchronously and packed into a single 16-bit
word at each sampling instant, with one bit corresponding to each channel. This compact data
format enforces strict temporal alignment across channels and simplifies downstream parsing
and processing. All counting and packing operations are performed fully in parallel on the
FPGA, avoiding time-multiplexing and ensuring uniform latency across channels. The packed
photon arrival stream is transmitted continuously from the FPGA to the host computer over
Gigabit Ethernet at a sustained data rate of approximately 160 Mbps. For comparison, an
equivalent system employing 32-bit counters at the same sampling rate and channel count would
require data throughput of about 5.12 Gbps, exceeding the practical limits of standard embedded
communication interfaces. Our parity-based 1-bit counting architecture realizes a 96.875%
lossless data compression efficiency, and therefore enables high-speed, multi-channel DCS
acquisition within the constraints of compact embedded hardware.

The streaming framework supports uninterrupted real-time operation, with stable data transfer
observed during extended acquisition periods. This architecture enables continuous DCS
measurements without buffering-induced delays, facilitating real-time physiological monitoring
and dynamic experimental protocols.
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2.4. DCS autocorrelation function and blood flow index processing

Computation of DCS intensity autocorrelation functions is performed on the host computer
using custom software developed in LabVIEW (National Instruments, Austin, TX). Real-time
processing and fitting of autocorrelation functions were performed on a laptop equipped with a
13th Gen Intel Core i9-13900HX processor (24 cores, 32 logical processors) and 31.7 GB RAM,
running Microsoft Windows 11 Home (64-bit). The real-time acquisition/analysis software
was implemented in LabVIEW 2019 32-bit. No GPU acceleration was used; autocorrelation
processing and BFI fitting were performed on the host CPU. During the in vivo experiments, this
host-computer configuration sustained 20 Hz real-time BFI updates without dropped frames. The
normalized intensity autocorrelation function is computed from the streamed photon arrival data
according to

g2(τ = ∆n∆t) =
⟨n(i) n(i + ∆n)⟩

⟨n(i)⟩2 , (2)

where n(i) ∈ {0, 1} denotes the parity-encoded photon arrival in the i-th time bin and ∆n is
the discrete delay index. For each acquisition channel, autocorrelation functions are computed
at 90 logarithmically spaced delay times spanning from 100 ns to 88.8 µs using a single-tau
architecture [12]. This delay range was selected to capture the full decorrelation observed in the
phantom and in vivo measurements reported here.

Estimation of DCS blood flow index (BFI) is performed by fitting the measured g2(τ) curves
to a semi-infinite homogeneous solution of the correlation diffusion equation [1,11]. In this
framework, BFI corresponds to the parameter αDB, where DB is an effective Brownian diffusion
coefficient and α is the fraction of dynamically scattering particles. The measured intensity
autocorrelation function (g2(τ)) is related to the normalized electric field autocorrelation function
(g1(τ)) through the Siegert relation,

g2(τ) = 1 + β|g1(τ)|
2, (3)

where β is the speckle averaging factor.
The normalized electric field autocorrelation function g1(τ) in turn is expressed as

g1(τ) =
G1(ρ, τ)
G1(ρ, 0)

, (4)

where G1(ρ, τ) is the un-normalized electric field temporal correlation function at source–detector
separation ρ. The semi-infinite homogeneous solution of the correlation diffusion equation
describes G1(ρ, τ) as,

G1(ρ, τ) =
3

4πltr

[︃
exp(−K(τ)r1)

r1
−

exp(−K(τ)rb)

rb

]︃
, (5)

where ltr = 1/(µa + µ
′
s) is the transport mean free path, r1 =

√︂
l2tr + ρ2, rb =

√︁
(ltr + 2zb)2 + ρ2,

ρ is the source–detector separation, µa is the tissue absorption coefficient, µ′s is the tissue
reduced scattering coefficient, zb =

[︁
2ltr(1 + Reff )

]︁
/
[︁
3(1 − Reff )

]︁
, and Reff is the Fresnel effective

reflection coefficient. The dynamic wave-vector K(τ) depends on BFI according to

K(τ) =

√︄
3µa (µa + µ

′
s)

(︃
1 + 2k2

0αDBτ
µ′s
µa

)︃
, (6)

where k0 = 2πn/λ is the optical wavenumber in tissue, n is the refractive index, and λ is the laser
wavelength.
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For each acquisition frame, the measured g2(τ) curve was fit to the analytical solution using
a Nelder–Mead nonlinear optimization algorithm. The absorption coefficient µa and reduced
scattering coefficient µ′s were assumed from literature values appropriate for the measurement
wavelength and sample type, while the fitting estimated BFI and β. Fixed initial guesses and
bounded parameter ranges were applied to ensure numerical stability, and the full delay range
was included in the fitting procedure.

Real-time fitting was enabled for the in vivo experiments, where BFI estimates were updated
at each integration interval (tint = 50 ms) during data acquisition. The real-time fitting routine
uses the measured g2(τ) curves and the semi-infinite homogeneous tissue model described
above. The required inputs to the fitting routine include source–detector separation, the assumed
absorption coefficient µa and reduced scattering coefficient µ′s, refractive indices of the tissue
and surrounding medium, and the laser wavelength. The present implementation demonstrates
real-time operation at 20 Hz using a high-performance host laptop; lower-power computers may
require optimization of the fitting routine, reduced model complexity, or longer integration times
depending on the desired update rate. For phantom experiments, the same fitting framework was
applied offline in MATLAB (MathWorks, Natick, MA) to ensure direct comparison between
the FPGA-based and conventional systems without altering the acquisition workflow. For the
in vivo experiments, three analysis streams are reported. "FPGA post-processed" refers to BFI
estimated in MATLAB from g2(τ) curves acquired in real time with the FPGA-DCS system.
"DCS reference post-processed" refers to BFI estimated in MATLAB from g2(τ) curves acquired
in real time with the conventional DCS reference system. "FPGA real-time" refers to BFI
estimated in LabVIEW from g2(τ) curves acquired in real time by the FPGA-DCS system,
with BFI fitting performed in software on the host laptop. Thus, the proposed method is the
FPGA-DCS acquisition system, and the post-processed and real-time traces demonstrate offline
validation and online operation of the same FPGA-based acquisition architecture.

3. Experiments and results

3.1. Validation approach

Experimental validation was structured as a direct comparison between the FPGA-based DCS
system and a conventional research-grade implementation. To isolate the effects of the photon
counting and correlator architecture, both systems were operated concurrently using identical
photon arrival streams. TTL pulses from the SPAD detectors were split and routed simultaneously
to the FPGA-based acquisition system and to a conventional 32-bit counter-based software
correlator. Agreement between the two systems was evaluated using controlled phantom
experiments and in vivo measurements.

3.2. Solid phantom validation

The first validation experiment examined the ability of the FPGA-based DCS system to accurately
acquire intensity autocorrelation functions under static scattering conditions. Measurements
were performed on a solid tissue-simulating phantom with optical properties of µa = 0.156 cm−1

and µ′s = 4.8 cm−1 at 785 nm (ISS Inc., Champaign, IL). The DCS probe was secured to the
phantom surface, and measurements were obtained at source–detector separations of 10 mm and
25 mm.

Photon arrival data were acquired using the FPGA-based correlator with a sampling frequency
of fsampling = 10 MHz and an integration time of tint = 50 ms, corresponding to an effective
acquisition rate of 20 Hz. Each acquisition frame consisted of a 500,000-point sequence of 1-bit
photon data per channel. Intensity autocorrelation functions were computed using 90 digital
delays ranging from 1 to 888 samples, corresponding to correlation delay times from 100 ns to
88.8 µs.
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Figure 3 shows representative g2(τ) curves obtained from the solid phantom at both
source–detector separations using the FPGA-based system and the conventional DCS refer-
ence system. As expected for a static scattering medium, the measured autocorrelation functions
exhibit no decay over the examined delay range. The close agreement between the FPGA-based
and reference measurements confirms that the FPGA-based architecture accurately preserves
autocorrelation structure in the absence of dynamic scatterer motion, providing a baseline
validation of system timing, photon counting, and correlation computation.

Fig. 3. Normalized intensity autocorrelation functions g2(τ) measured from a solid tissue-
simulating phantom using the FPGA-based DCS system (dashed lines) and a conventional
DCS reference system (solid lines). Measurements were obtained at source–detector
separations of 10 mm (blue) and 25 mm (red). The phantom optical properties were
µa = 0.156 cm−1 and µ′s = 4.8 cm−1 at 785 nm. Curves represent averages over 1 minute of
acquisition with an integration time of 50 ms.

3.3. Liquid phantom validation

Quantitative validation of blood flow estimation was next performed using a dynamic, tissue-
simulating liquid phantom. The purpose of this experiment was to assess whether the FPGA-based
DCS system preserves both the shape of the intensity autocorrelation function and the accuracy
of derived blood flow indices under controlled dynamic scattering conditions.

The liquid phantom was prepared from Intralipid (20% emulsion, Sigma-Aldrich, MO),
India ink, and distilled water to achieve optical properties of µa = 0.05 cm−1 and µ′s = 10
cm−1 at 785 nm. The DCS probe was positioned on the phantom surface, and intensity
autocorrelation functions were acquired simultaneously using the FPGA-based DCS system and a
conventional DCS reference system at an acquisition rate of 20 Hz. Measurements were obtained
at source–detector separations of 10 mm and 25 mm. Detector photon count rates during these
measurements were maintained at approximately 60 kHz at both source–detector separations.

Figure 4 shows representative normalized intensity autocorrelation functions g2(τ) measured
with the FPGA-based system at both separations. Each curve represents an average over 1 minute
of acquisition, with individual autocorrelation functions computed using an integration time of
50 ms. The observed decay of g2(τ) arises from dynamic scattering due to Brownian motion of
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lipid particles in the Intralipid solution. Faster decorrelation is observed at the 25-mm separation
relative to the 10-mm separation, consistent with the increased photon pathlength and enhanced
sensitivity to dynamic scattering at larger source–detector distances. Autocorrelation functions
measured with the FPGA-based system closely match those obtained with the conventional DCS
reference, exhibiting comparable decay profiles across the full delay range.

10-7 10-6 10-5 10-4

 (s)

0.8

1

1.2

1.4

1.6

1.8
g 2(

)

10 mm FPGA
10 mm DCS
25 mm  FPGA
25 mm  DCS

Fig. 4. Normalized intensity autocorrelation functions (g2(τ)) measured from a tissue-
simulating liquid phantom using the FPGA-based DCS system (dashed lines) and a conven-
tional DCS reference system (solid lines). Measurements were obtained at source–detector
separations of 10 mm (blue) and 25 mm (red). The liquid phantom optical properties were
µa = 0.05 cm−1 and µ′s = 10 cm−1 at 785 nm. Curves represent averages over 1 minute of
acquisition with an integration time of 50 ms.

To quantitatively compare blood flow estimates, intensity autocorrelation functions from both
systems were fit to the semi-infinite correlation diffusion model to extract blood flow indices
(BFI). Figure 5 summarizes this comparison for both source–detector separations. Scatter plots
in Figs. 5(A) and 5(C) show BFI values estimated simultaneously by the FPGA-based and
conventional systems at 10-mm and 25-mm separations, respectively. Corresponding time traces
of BFI are shown in Figs. 5(B) and 5(D). The scatter plots in Figs. 5(A) and 5(C) show the BFI
distributions over the full approximately 1-minute acquisition window, whereas the time traces
in Figs. 5(B) and 5(D) show representative 20-second segments from 20 s to 40 s. Therefore,
BFI values that appear in the full-distribution scatter plots may not appear within the shorter
representative time traces. At a source–detector separation of 10 mm, the FPGA-based DCS
system estimated a mean blood flow index of (1.00 ± 0.42) × 10−8 cm2/s, while the conventional
DCS system estimated (0.865 ± 0.134) × 10−8 cm2/s. At 25 mm, the FPGA-based system
estimated (0.549 ± 0.177) × 10−8 cm2/s, compared to (0.492 ± 0.128) × 10−8 cm2/s measured
with the conventional system. Values are reported as mean ± standard deviation over the 1-minute
acquisition window. Across both separations, the FPGA-based and conventional measurements
exhibit comparable central values and variability. BFI values measured with FPGA-DCS are
slightly higher than those measured with conventional DCS. This may be due to small differences
in the measured autocorrelation functions. We further explore bias in our measurements with
correlation and Bland–Altman analyses of the measured g2(τ).
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Fig. 5. Comparison of blood flow indices (BFI) estimated from a tissue-simulating liquid
phantom using the FPGA-based DCS system and a conventional DCS reference system. (A)
and (C) show scatter plots of simultaneously measured BFI values over the full 1-minute
acquisition window at source–detector separations of 10 mm and 25 mm, respectively. (B)
and (D) show corresponding time courses of BFI estimated by the FPGA-based system (blue)
and the conventional system (red) for a representative 20-second segment from 20 s to 40 s.

3.4. Noise, signal-to-noise ratio, and operating limits

The signal-to-noise characteristics of the FPGA-based DCS system were further evaluated using
the liquid phantom. Noise in the measured intensity autocorrelation function, σ(τ), was defined
as the standard deviation of the measured autocorrelation function g2(τ), and the corresponding
signal-to-noise ratio (SNR) was defined as ζ(τ) = (g2(τ) − 1)/σ(τ) [46]. Autocorrelation
functions were recorded at a source–detector separation of 25 mm while systematically varying
both photon count rate and integration time. Photon count rates of 20 kHz, 50 kHz, and 400 kHz
were achieved by adjusting the incident optical power, and integration times were varied from 1
ms to 100 ms.

Representative reductions in variability of g2(τ) with increasing integration time are shown in
Fig. 6 for delay times of 0.8 µs, 5.2 µs, and 20 µs. Corresponding noise and SNR measurements
are summarized in Fig. 7. Here, the measured noise and SNR were fit to the DCS correlation
noise model [46]. Across all examined delay times, measurement noise decreases and SNR
increases with increasing integration time and photon count rate, consistent with established
DCS noise models. The measured noise and SNR trends are well described by model fits over
the explored parameter range, consistent with prior implementations of compressed sensing for
DCS [41] and conventional DCS software correlators [12,43].
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Fig. 6. Representative temporal fluctuations of the measured intensity autocorrelation
function g2(τ) at delay times of (A) 0.8 µs, (B) 5.2 µs, and (C) 20 µs for integration times of
1 ms, 10 ms, 40 ms, 60 ms, and 100 ms. Data were acquired from a tissue-simulating liquid
phantom using the FPGA-based DCS system.
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Fig. 7. Noise and signal-to-noise ratio (SNR) of intensity autocorrelation measurements
obtained with the FPGA-based DCS system from a tissue-simulating liquid phantom. (A),
(C), and (E) show the standard deviation σ(τ) of g2(τ) at delay times of 0.8 µs, 5.2 µs, and
20 µs, respectively. (B), (D), and (F) show the corresponding SNR values. Measurements
were performed at photon count rates of 20 kHz (blue), 50 kHz (red), and 400 kHz (yellow).
Solid lines represent fits to a DCS correlation noise model.

At higher photon count rates, however, deviations between the FPGA-based and conventional
systems become apparent, reflecting a breakdown of the photon sparsity condition inherent
to 1-bit photon counting. To examine this effect quantitatively, g2(τ) values measured by the
FPGA-based system were compared with those measured by the conventional DCS reference
system across integration times from 1 ms to 100 ms at photon count rates of 20 kHz, 50 kHz, and
400 kHz. Figure 8 summarizes this comparison using representative g2(τ) curves, correlation
scatter plots, and Bland–Altman analyses. In the Bland–Altman analysis, the mean bias was
calculated as the mean paired difference between g2(τ) measured by the FPGA-based system
and g2(τ) measured by the conventional DCS reference. The standard deviation describes the
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Fig. 8. Comparison of g2(τ) measurements obtained from a tissue-simulating liquid
phantom using the FPGA-based DCS system and a conventional DCS reference system.
(A), (D), and (G) show representative normalized intensity autocorrelation functions, g2(τ),
measured at photon count rates of 20 kHz, 50 kHz, and 400 kHz, respectively, with an
integration time of 40 ms. (B), (E), and (H) show the corresponding correlation scatter plots
comparing FPGA-based and conventional g2(τ) values across integration times from 1 ms
to 100 ms. (C), (F), and (I) show the corresponding Bland–Altman analyses, where the
difference is defined as FPGA minus conventional DCS. Measurements were obtained at a
source–detector separation of 25 mm. Agreement between the two systems is strongest at 20
kHz and 50 kHz, while systematic underestimation by the FPGA-based system is observed
at 400 kHz, particularly at short correlation delay times.

spread of these paired differences, and the limits of agreement were calculated as the mean bias
± 1.96 standard deviations. Thus, a mean bias near zero and narrow limits of agreement indicate
close agreement between the two measurement systems. At lower photon count rates, strong
agreement is observed across delay times and integration windows. At the highest photon count
rate of 400 kHz, systematic underestimation of g2(τ) by the FPGA-based system is observed,
particularly at short delay times corresponding to larger g2(τ) values. This behavior is consistent
with increased multi-photon occupancy within individual time bins and highlights the practical
operating regime in which the assumption of sparse photon statistics remains valid.
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3.5. In vivo validation

In vivo experiments were performed to evaluate the performance of the FPGA-based DCS system
under physiologically relevant conditions and to assess its ability to capture both rapid and
large-amplitude changes in blood flow. Validation was carried out on the forearm of a healthy
adult volunteer using a transient arm-cuff occlusion protocol, with simultaneous measurements
acquired using the FPGA-based system and a conventional DCS reference. Figure 9 shows a
schematic of the experiment.

An optical probe, described previously, was secured on the forearm and connected to the
illumination source and single-photon counting detectors via optical fibers. Outputs from the
detectors were split and routed concurrently to the FPGA-based acquisition system and to a
conventional DCS software correlator, ensuring that both systems processed identical photon
arrival streams. Data acquisition and control for both systems were implemented using custom
LabVIEW software. A pneumatic arm cuff was placed on the upper arm near the probe and
connected to an automated inflation system (ATS4000, Zimmer Biomet, CA). The experimental
protocol consisted of three sequential phases: a 1-minute baseline period, a 1-minute occlusion
phase with cuff inflation to 160 mmHg, and a 1-minute post-occlusion recovery period. Intensity
autocorrelation functions were recorded continuously at an acquisition rate of 20 Hz, and blood
flow indices were computed as described earlier. All procedures were approved by the Institutional
Review Board of the University of South Florida, and written informed consent was obtained
from the participant prior to the experiment.

Baseline measurements acquired at a source–detector separation of 25 mm exhibit temporal
fluctuations in the estimated blood flow index that are consistent with cardiac pulsatility. A
representative baseline time course measured using the FPGA-based system is shown in Fig. 10(A).
Periodic oscillations corresponding to the cardiac cycle are evident, and finer waveform features
are preserved in the signal. The corresponding frequency spectrum, shown in Fig. 10(B), contains
a dominant peak near the subject’s heart rate along with higher-order harmonics, indicating that
the FPGA-based architecture preserves sensitivity to fast physiological variations in blood flow.

The response of the system to a large, transient perturbation in blood flow was evaluated during
arm-cuff occlusion. Figure 11 shows the time courses of blood flow indices estimated by the
FPGA-based system and the conventional DCS reference throughout the baseline, occlusion, and
recovery phases. During cuff inflation, both systems record a pronounced reduction in blood flow
at the measurement site, followed by a rapid increase upon cuff release. The magnitude, timing,
and overall shape of the measured flow changes are consistent across systems, demonstrating
that the FPGA-based implementation accurately tracks both abrupt decreases and subsequent
reperfusion over a wide dynamic range.

Importantly, the FPGA-based system captures these dynamics both in real time and in post-
processed analysis without observable degradation in temporal resolution or signal stability
relative to the conventional reference. The agreement between systems across baseline pulsatility
and occlusion-induced flow changes confirms that the FPGA-based correlator and photon counting
architecture preserve the essential features of the DCS signal under in vivo conditions.

4. Discussion

This work presents an FPGA-based DCS architecture designed to support high-rate photon
sampling and real-time computation of intensity autocorrelation functions under the constraints
of compact, resource-limited hardware. Rather than modifying the underlying DCS signal model,
the proposed system targets inefficiencies in conventional photon counting and data handling,
enabling substantial reductions (96.875%) in data bandwidth and throughput requirements while
preserving compatibility with established analysis frameworks. This compression efficiency
is higher than our prior work [41] and enables real-time, multi-channel measurement of DCS
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Fig. 10. Baseline blood flow dynamics measured on a human forearm using the FPGA-based
DCS system at a source–detector separation of 25 mm. (A) Time course of the estimated
blood flow index during the baseline period. (B) Frequency spectrum of the baseline blood
flow trace, showing a dominant component near the subject’s heart rate and corresponding
harmonics. Results are shown for FPGA post-processed measurements, DCS reference
post-processed measurements, and FPGA real-time measurements.

autocorrelation functions. We note that Wang et al. have implemented a similar correlator under
photon-starved conditions [47,48].

In the present implementation, the FPGA is used for the timing-critical and bandwidth-limiting
portions of the measurement, including photon detection, parity-based 1-bit counting, channel
packing, and deterministic data streaming, while autocorrelation and model fitting are performed
in software on the host computer. This hardware–software division reduces FPGA resource
requirements and preserves flexibility in the correlation and fitting workflow. In particular,
the lag-time structure, fitting routine, and physiological model assumptions can be modified
in software without re-synthesizing the FPGA design. This is useful for direct comparison
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with conventional DCS systems and for implementing both post-processed and real-time BFI
estimation workflows. Fully embedded FPGA or on-chip autocorrelators provide an attractive
alternative for highly integrated standalone systems and very large detector arrays, but they require
additional on-chip logic resources and offer less flexibility for changing analysis algorithms.
For example, recent DCS analysis algorithms account for heterogeneous (two- or three-layer)
tissue geometries [49,50]. Our approach allows flexibility for retrospective analysis of DCS data
with improving analytical diffusion models. Thus, the present architecture can be viewed as a
complementary approach that uses the FPGA to reduce photon data bandwidth at the acquisition
stage while preserving software flexibility for real-time DCS analysis.

Prior implementations of FPGA-based correlators have been effective for low channel counts
(up to 8) and 1µs sampling times [39,51,52]. Recent implementations have focused on using
FPGAs for SPAD arrays [20,36,40], also with 1µs sampling times. Computing autocorrelation
decays with 100 ns sampling allows accurate computation of the early-lag portion of the
autocorrelation function, which often allows better characterization of β and after-pulsing effects
in 1064 nm DCS systems. Furthermore, in pathlength-resolved DCS systems, the autocorrelation
decay of long photon pathlengths can occur at sub-microsecond timescales [29,53–55], which
are better captured with 100 ns sampling of photon counts.

Experimental results across static and dynamic scattering conditions demonstrate that the
FPGA-based implementation faithfully reproduces the autocorrelation structure comparable
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with a conventional research-grade DCS system. FPGA-based measurements of the intensity
autocorrelation function deviate from ideal behavior at very short delay times. The upward
deviation is a known artifact caused by afterpulsing in the SPADs [21]. Measurements on solid
and liquid tissue-simulating phantoms confirm accurate timing, correlation computation, and
flow estimation over a range of source–detector separations. Systematic characterization of
measurement noise shows that the signal-to-noise behavior of the FPGA-based system follows
established DCS noise models across practical integration times and photon count rates. In
vivo measurements further demonstrate that the FPGA-based architecture captures both fast
physiological fluctuations and large-amplitude flow changes. Baseline recordings preserve
cardiac-related oscillations in blood flow, while arm-cuff occlusion experiments show that the
system accurately tracks pronounced flow reductions and subsequent reperfusion. Agreement
between FPGA-based and conventional measurements across these conditions indicates that the
FPGA design maintains temporal resolution and dynamic range comparable to standard DCS
instrumentation.

Taken together, these results establish that an FPGA-based correlator architecture can support
real-time DCS measurements without compromising accuracy, sensitivity, or interpretability of
the signal. By decoupling high-speed photon acquisition from bandwidth-intensive data repre-
sentations, this approach provides a practical pathway toward scalable, embedded DCS systems
suitable for continuous physiological monitoring and future multi-channel implementations.
Notably, the parity-based 1-bit architecture required only modest FPGA resource usage in the
sbRIO-9607, using 3641 of 13,300 slices (27.4%), 9,227 of 53,200 LUTs (17.3%), and 6 of 140
block RAMs (4.3%), while requiring no DSP48 resources and meeting timing requirements at
40 MHz. These results indicate that the design is not memory intensive and is well suited for
hardware-software co-design on resource-constrained FPGA platforms. Furthermore, the 1-bit
photon counting strategy may be adaptable to other photon-starved correlation-based applications,
such as fluorescence correlation spectroscopy, provided that photon sparsity requirements are
satisfied and the reduced bit-depth representation preserves the relevant signal information.

Finally, we note that deviations from photon sparsity can significantly affect the measured
autocorrelation functions and blood flow indices. At photon count rates of ≈ 500 kHz, the
probability of detecting 2 or more photons is very low (0.12%); however, violations of the sparsity
assumptions have an outsized effect. At elevated count rates, FPGA-measured autocorrelation
values show a clear bias, which could affect the estimates of blood flow. Nevertheless, the 500
kHz threshold is high for most in vivo DCS implementations and therefore our FPGA-DCS
system should have broad applicability.

5. Conclusion

We present a highly compressed FPGA-based diffuse correlation spectroscopy (DCS) system
for high-rate photon sampling and real-time computation of intensity autocorrelation functions
using resource-efficient hardware. We validated our system against conventional DCS software
correlators in tissue-simulating phantoms and in vivo experiments. We highlighted the potential
of the compressed sensing approach for multi-channel DCS systems with faster photon sampling,
embedded processing and continuous physiological monitoring.
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