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Abstract

Treating drug-resistant epilepsy using implantable neurostimulation devices requires
reliable continuous monitoring solutions that are compatible with stringent power
constraints. Vagus nerve electroneurography (VENG) has recently emerged as
a promising signal source for seizure detection. However, existing approaches
remain limited by their power consumption. This work aims to design an ultra-low-
power seizure detection system by improving and extending a previously proposed
VENG-based solution.

To this end, algorithmic/software optimizations and hardware acceleration are
jointly explored. The original normalized cross-correlation (NCC)-based template
matching algorithm is adapted to better support hardware implementation, while
software optimizations are introduced to reduce power consumption. In addition,
several hardware architectures are investigated, leading to the design of a parallel-
template NCC hardware accelerator.

The proposed approach achieves a power consumption of 2.45 mW for a single-
template software-only implementation of the seizure detection algorithm. Com-
pared to prior work, this corresponds to a x4 reduction in execution time and a
% 3.77 reduction in power consumption. Furthermore, the introduced optimizations
enable real-time processing of up to 7 templates instead of one. The hardware
accelerator exhibits an estimated power consumption of 53.48 pW at 1 MHz
while maintaining high computational accuracy. System-level projections on the
BREWER platform indicate a total power consumption of 502.37 pW.

These results demonstrate that efficient seizure detection under strict ultra-
low-power constraints can be achieved through a co-design approach combining
software optimizations and hardware acceleration, thereby paving the way toward
practical implantable VENG-based monitoring systems.
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Introduction

Neurostimulation technologies have advanced considerably over the past two decades.
Research activity in this field has grown steadily, and the clinical role of neurostimu-
lation devices is progressively evolving from a last-resort solution toward an option
considered earlier in disease treatment. However, designing such devices remains
highly challenging. In battery-powered implantable neurostimulators intended for
chronic diseases, constraints on size, battery capacity, power consumption, and
long-term reliability are central design considerations [1].

Among chronic diseases that may benefit from implantable neurostimulators,
epilepsy is a particularly relevant case because of its high global burden and
the large portion of patients for whom antiseizure medicines are not effective [2].
About one-third of patients with epilepsy develop drug-resistant epilepsy (DRE).
According to the International League Against Epilepsy, DRE is defined as the
failure of adequate trials of two tolerated and appropriately chosen antiseizure
medication schedules to achieve sustained seizure freedom [3]. For these patients,
persistent seizures are not only a therapeutic problem but also a major source of
disability, comorbidity, and premature mortality.

Vagus nerve stimulation (VNS) is an established neuromodulation therapy for
drug-resistant epilepsy [4]. The vagus nerve is particularly relevant in this context
because it plays a central role in autonomic regulation and conveys bidirectional
information between the body and the brain. As seizures are often associated with
autonomic manifestations, their occurrence may induce detectable modulations
in vagal neural activity. The electrical activity recorded from the vagus nerve,
referred to as the vagus nerve electroneurogram (VENG), has therefore emerged as
a promising candidate biomarker for seizure detection and closed-loop VNS [5].

However, the implementation of VENG-based seizure detection into an im-
plantable device remains limited by computational and power constraints. In
[6], a first complete VENG-based seizure detection system was implemented on a
microcontroller unit (MCU). The proposed pipeline combines action potential (AP)
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detection through the template-matching method of [7] with a seizure detection
metric based on AP amplitude and rate, as introduced in [5]. Results obtained
on an Apollo3 Blue system-on-chip (SoC) with an ARM Cortex-M4 processor
indicate that both algorithmic and implementation-level improvements are nec-
essary to reduce power consumption and to meet the real-time requirements of
continuous VENG monitoring. In particular, to fulfill the real-time constraint,
the AP detection stage is intentionally limited to a single template in the imple-
mented system, although up to three templates were originally supported. This
configuration reflects the memory- and timing-constrained nature of the embedded
platform but also suggests that enabling the use of a larger number of templates
could be beneficial for seizure detection quality. Allowing for such an extension
under the same constraints therefore constitutes an important objective of this
work. Moreover, further developments of the overall detection algorithm are needed
to improve the reliability of the system. These limitations motivate the need
for both algorithmic refinements and more specialized hardware architectures for
implantable VENG-based seizure detection.

In this context, the objective of this work is to improve the practical feasibility
of VENG-based seizure detection for implantable applications by reducing its
computational cost and enabling more energy-efficient implementations. To this
end, the work is structured around two complementary contributions. First, the
seizure detection algorithm and its embedded implementation are optimized in
order to improve detection performance while reducing power consumption and
verifying real-time feasibility. Second, a dedicated hardware accelerator is designed
for the normalized cross-correlation (NCC) operation used in the AP detection
stage, with the aim of further reducing the computational burden and energy cost
of the system.

On the algorithmic and embedded implementation side, this work revisits the
existing detection pipeline and proposes optimizations at both the signal-processing
and deployment levels. These optimizations include fixed-point word-length re-
duction, the use of hardware filters specific to the BREWER chip introduced in
[8], and several modifications to the AP detection algorithm. The assessment
of the detection capabilities relies on a dataset provided by the Université Libre
de Bruxelles, consisting of VENG recordings of induced seizures in rats together
with annotations of the animal state derived from EEG recordings. The resulting
developments are evaluated on a STM32 Nucleo board from STMicroelectronics,
on which the full detection chain is implemented and characterized. In particular,
power consumption measurements are carried out and the real-time feasibility of
continuous VENG monitoring is assessed. This part of the work aims to quantify
the extent to which algorithmic and implementation-level refinements can improve
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the suitability of the system for chronic ultra-low-power (ULP) operation.

On the hardware side, this thesis focuses on the NCC operation, which consti-
tutes the computational core of the template-matching stage used for AP detection.
A dedicated hardware accelerator is therefore proposed to offload this operation from
the embedded processor. To identify the most suitable solution, four architectures
are explored and compared according to their expected implementation cost and
performance. One of them is then selected and implemented from register-transfer
level (RTL) description through simulation and logic synthesis using Siemens Ques-
taSim and Synopsys Design Compiler, leading to post-synthesis power, performance,
and area (PPA) results.

The selected design occupies a cell area of 0.062 mm? and achieves a power

consumption of 53.48 pW at a clock frequency of 1 MHz when processing eight
templates, while the optimized hardware accelerator-compatible embedded imple-
mentation consumes 1.65 mW. Furthermore, the power consumption of the fully
software-based optimized implementation is reduced by a factor of 3.77 compared
to [6]. Taken together, these results highlight the trade-offs between algorithmic
efficiency, software deployment, and hardware acceleration for ULP VENG-based
seizure detection. Overall, the proposed optimizations improve the efficiency of
the detection chain and bring its implementation closer to the requirements of an
implantable ULP seizure detection system. More generally, this work contributes
to bridging the gap between proof-of-concept VENG-based monitoring and its
integration into practical closed-loop neurostimulation devices.

The remainder of this manuscript is organized as follows. Chapter 1 presents
the initial VENG-based seizure detection algorithm and its first embedded imple-
mentation, providing the baseline on which this work builds. Chapter 2 introduces
the proposed optimizations of both the detection algorithm and its embedded
realization, with a focus on improving efficiency, reducing power consumption, and
verifying real-time feasibility. Chapter 3 describes the design and implementation of
the dedicated hardware accelerator for the NCC operation used in the AP detection
stage, including the exploration and comparison of several architectural solutions.
Finally, Chapter 4 reports the validation and characterization of the proposed devel-
opments, bringing together the results obtained for both the optimized embedded
system and the hardware accelerator.
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Chapter 1

Previous work in VENG-based
seizure detection

This opening chapter reviews prior works on which the present work builds. It first
describes the baseline VENG-based seizure detection algorithm. It then discusses
the continuous-acquisition embedded implementation reported in [6] and identifies
its main computational and system-level bottlenecks. Finally, the performance
targets adopted in this work are formulated together with a metric used to quantify
algorithmic improvements, and the principal contribution of this work, namely the
hardware acceleration of the normalized cross-correlation operation, is motivated.

1.1 VENG-based seizure detection algorithm

The baseline algorithm aims to detect and, when feasible, anticipate seizure onsets
from VENG recordings. It operates as a two-stage pipeline, summarized in Fig-
ure 1.1. In the first stage (AP detection), the VENG signal is band-pass filtered
and a sparse event stream is extracted by identifying candidate APs and estimating
event features, notably timestamps and amplitudes. The second stage (seizure
detection) aggregates the event stream over time to compute a detection metric
from which a threshold-based classifier derives a binary seizure decision. The
following subsections describe the AP detection and seizure detection stages in
detail.
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Figure 1.1: High-level pipeline of the baseline algorithm. The VENG signal is
filtered and processed by the AP detection stage to produce an event stream, which
is then aggregated to compute the detection metric m and a binary seizure decision.
Gen., Spe., and Det. denote generic, specific, and detection, respectively.

1.1.1 Action potential detection

The AP detection approach follows [7] and is based on template matching using
the normalized cross-correlation (NCC). NCC provides a similarity score between
an AP template and local segments of the VENG signal as the template slides over
time. Equation (1.1) defines the NCC at lag 7 as the normalized inner product
between p;, an AP template of length M, and the length-M segment of the VENG
signal s starting at 7, divided by the product of their Euclidean norms.

S sl + 7] pdnl
NCG;[7] = n=0 (1.1)

M—-1 M—-1
5 st o)t

where 7 is chosen such that s[n + 7] is defined for n =0,..., M — 1.

AP detection consists of the following steps:

Filtering The signal is band-pass filtered using a second-order Butterworth filter
(300 Hz—3 kHz) applied in forward-backward mode to achieve zero-phase distortion.

Generic Detection From the filtered signal, an NCC trace is computed using a
generic template, pgen, representing a typical vagus nerve AP shape [9]. Because the
NCC is normalized, it is invariant to amplitude scaling. Additionally, the absolute
value is taken to detect both positive and inverted AP waveforms. As such, this
yields similarity values in [0, 1], where 1 indicates a perfect match. Candidate APs
are detected as local maxima of [NCCye,[7]| exceeding a fixed threshold of 0.8. To
avoid multiple detections of the same event and overlapping matches, successive



candidates must be separated by at least M + 0.1 ms - f; samples, where f is
the sampling frequency. The resulting peak locations define the candidate AP
timestamps in the filtered signal.

AP Validation For each candidate AP, the amplitude Axp is measured as the
difference between the maximum and the minimum value within a window of M
samples centered on the candidate timestamp. The local RMS amplitude RMS),.
of the filtered signal is computed over a 500 ms window. Two adaptive amplitude
thresholds are then defined as Ayin = kminRMSioe and Apax = kmaxRMSioe, where
kmin and k. are parameters of the algorithm. Candidates with Axp < A, are
rejected as noise, while candidates with Aap > A are rejected as artifacts. This
leaves only validated AP events.

Clustering Next, validated APs are clustered in the time domain using K-means.
The aim is to group APs with similar shapes and to identify waveform patterns
that recur in the signal. The number of clusters is selected automatically to adapt
to the number of distinct AP morphologies. The resulting centroid waveforms are
used as specific templates for the next step.

Specific Detection Similarly to the generic detection, a specific detection step
is performed using the template set {p;} obtained from the clustering step. For
each template p;, a NCC trace NCC;[7] is computed. Candidate APs are detected
as local maxima of [NCC;[7]| using the same detection threshold and minimum-
separation criterion as in the generic step. Finally, the AP validation step described
above is applied to the resulting candidates.

1.1.2 Seizure detection

The seizure detection technique proposed in [5] builds on an early version of the
AP detection method described above. Starting from the validated AP event
stream, AP firing rate and amplitude are aggregated over time to compute the
detection metric m. Seizure activity is then inferred using a threshold-based binary
decision rule applied to this metric. A cross-validation methodology is additionally
introduced to tune key algorithm parameters.

The seizure detection stage consists of the following steps:



Detection Metric Computation Validated APs are aggregated using two adja-
cent sliding windows: a background window (bg) of duration 73, and a foreground
window (fg) of duration Ty,. At each analysis time, the foreground window corre-
sponds to the most recent 7', seconds, while the background window corresponds
to the immediately preceding Ty, seconds. Following [5], the window durations are
set to Tpy = 90 s and Ty = 10 s.

For each window, two quantities are computed: the mean absolute AP amplitude

1 1
Upg =~ Y |Aar,l, Upg=~— > |Aap,l, (1.2)
Nug i€Whg Nig €Wy
and the AP firing rate
Nbg Nfg
= == 1.3
fbg Tbg ffg ng ( )

where W, and W, denote the sets of AP indices falling within the background
and foreground windows, and N,, = [Wj,| and Ny, = |W;,| are the corresponding
event counts.

From these quantities, two relative changes are defined:

U, =2 f, =1t (1.4)
fbg

The relative changes are normalized by their standard deviations, oy and oy,
computed over the interval [100,200] s from the start of each recording to ensure

both bg and fg windows are fully defined:
~ =1 ~ — 1
U, = u : fr = / . (1.5)

oy of

Finally, the normalized quantities are combined into the detection metric
m= (U, +1) (f+1). (1.6)

Outside seizure activity, m is expected to remain approximately constant and close
to 1. Meanwhile, increases in AP amplitude and/or firing rate lead to larger values
of m. An example of a detection metric is shown in Figure 1.3.

Classification Based on the detection metric, a simple threshold-based classifier
is defined. The seizure threshold Ogeizure 18 computed from the mean and standard
deviation of the metric, u,, and o,,, estimated over a certain interval:

eseizure = Um + kam; (17)

where k is a tunable standard-deviation multiplier. A seizure is reported when
m[n] exceeds Osizure for at least n, consecutive samples, where n, is an additional
tunable parameter.



1.2 Previous low-power implementation

In [6], the baseline algorithm is implemented on a low-power embedded platform
using continuous acquisition, which necessitates several modifications from offline,
file-based processing. These adaptations are motivated by limited compute and
memory resources, timing requirements imposed by buffered acquisition, and the
objective of minimizing average power consumption. The following subsections de-
scribe the resulting embedded processing pipeline, summarize the measured timing
and power results on the target platform, and identify the dominant bottlenecks
that motivate the improvements targeted in this work.

1.2.1 Processing pipeline

To satisfy real-time constraints in a continuous acquisition context, various modifi-
cations are introduced compared to offline processing. In [6], data are processed
in successive analysis windows defined by the acquisition buffers. Each window
contains 500 ms of signal, corresponding to 10000 samples at 20 kS/s. The AP
detection pipeline is then executed on each analysis window.

Within each 500 ms analysis window, the acquired signal is first band-pass
filtered and then processed by template matching to extract candidate AP events.
Unlike the offline formulation in [7], the embedded implementation does not
maintain a permanent two-stage “generic then specific” detection flow. Instead,
template matching operates solely on the currently active template set. During
an initialization phase, when no recording-specific templates are yet available, the
generic template is used to bootstrap the template-based detection. Thereafter,
the template set is periodically refreshed using clustering performed on a rolling
collection of recently validated AP waveforms. Following template matching, the
AP validation stage is applied. The event stream is then forwarded to the seizure
detection stage, where the detection metric computation and the threshold-based
classification remain identical to the baseline method. The resulting embedded
processing pipeline and its periodic template update mechanism are summarized
in Figure 1.2.

The following modifications are introduced to enable continuous, real-time
execution on the embedded target and are presented in the order in which they
occur in the processing pipeline.
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Figure 1.2: Flowchart of the embedded processing pipeline. VENG data are
acquired in successive 500 ms buffers and processed through filtering, template-
based AP detection, and AP validation, followed by detection metric computation
and threshold-based classification to produce a binary seizure decision. In parallel,
a subset of validated AP waveforms is collected over a limited time span (dotted
arrow ), corresponding to the clustering duration. These waveforms are clustered
periodically to refresh the active template set.

Causal filtering: Band-pass filtering is implemented using two cascaded
second-order IIR biquad sections rather than a forward-backward zero-phase
filter, which is incompatible with causal streaming execution.

On-the-fly template aggregation: For multi-template detection, the
individual NCC traces are not stored simultaneously. Instead, an aggregated
similarity trace is formed as

clr] = max INCC;[7]|, (1.8)

and candidate APs are detected as local maxima of ¢[r]. This reduces the
memory footprint by avoiding one stored NCC trace per template.

Template norm normalization: To reduce per-sample fixed-point oper-
ations, all templates are scaled to share a common norm. The detection
threshold is scaled accordingly, allowing the per-template normalization factor
to be absorbed into a single precomputed threshold term and eliminating
repeated multiplications by template norms during NCC evaluation.

Bounded clustering resources: Upper bounds are imposed on the number
of clusters and on the number of stored AP waveforms used for clustering to
fit within the available on-chip memory.

Rolling-sum updates: Rolling sums are used where possible to avoid recom-
putation over sliding windows, notably for the signal-energy term required
for NCC normalization and for the background/foreground aggregates (U,
Utg, fog, and fr,) in the detection metric computation.
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No. of Execution time (ms)

Templates Filtering AP Detection Clustering Metric Comp. Total

1 47 289 27 0.045 363
2 47 567 25 0.044 639

Table 1.1: Execution time breakdown per buffer for one- and two-template configu-
rations. Bold entries exceed the 500 ms hard real-time constraint. AP detection
includes template matching and AP validation. No execution-time measurements
are reported for the final classification step. Comp. denotes computation.

In [6], the prototype implementation targets an Apollo3 Blue SoC (Ambiq
Micro) featuring an ARM Cortex-M4 32-bit microcontroller core. The core clock
is set to 48 MHz. To emulate a fully integrated system, the analog-to-digital
converter (ADC) is configured for 14-bit resolution without oversampling. The
ADC is timer-triggered at 20 kHz. The direct memory access (DMA) engine is
employed using a double-buffering scheme to enable continuous data acquisition.
During operation, the system alternates between processing one buffer and placing
the Cortex-M4 core into deep sleep between processing bursts. To meet the
computational constraints of the microcontroller, arithmetic is performed using a
32-bit fixed-point representation rather than the double-precision floating-point
format used in the baseline algorithm. The implementation relies on the CMSIS-
DSP library [10] for optimized digital signal processing (DSP) primitives on ARM
Cortex-M processors, notably for filtering and vector operations.

1.2.2 Timing and power results

To support continuous acquisition, each 500 ms signal buffer must be processed
within 500 ms, which defines a hard real-time constraint. With one template, the
measured total processing time is 363 ms per 500 ms buffer, corresponding to a
duty cycle of approximately 73%. Table 1.1 reports the per-buffer execution-time
breakdown measured in [6].

Reported power measurements indicate an average consumption of approxi-
mately 2.15 mW for the embedded prototype in continuous operation, including
acquisition through the ADC with DMA. Within this budget, the ADC and DMA
account for about 0.96 mW, while the remaining consumption is attributed to the
MCU core and associated digital activity. The processing energy is largely driven
by the AP detection stage, which concentrates most computations and determines
the active duty cycle.



1.2.3 Identified bottlenecks

Results highlight two primary bottlenecks that limit the suitability of the baseline
embedded implementation for an always-on, ultra-low-power system. First, the
reported average consumption of 2.15 mW remains high for long-term autonomous
operation, even though direct comparisons across applications and technology
platforms must be made cautiously. Nevertheless, substantially lower average
power levels have been demonstrated in other always-on biomedical systems (e.g.,
13.1 pW at 1.8 V for an ECG classification SoC) [11], and ultra-low-power VENG
analog front-ends (AFE) have been reported at the pW level (e.g., 11.8 pW at
1.2 V for a dual-channel VENG AFE) [8]. These references suggest that the
milliwatt-level budget observed in [6] leaves significant room for improvement on
both the analog acquisition side and the digital processing side.

Second, real-time execution constitutes a limiting constraint when extending
template matching beyond a single template. As shown in Table 1.1, the hard
500 ms per-buffer deadline is met with one template but is violated with two
templates. The increase is dominated by the AP detection stage, indicating that
template matching and associated per-sample operations form the critical runtime
bottleneck. This limitation restricts the practical use of multiple templates, which
would otherwise be desirable to capture variability in AP morphologies and improve
detection robustness.

1.3 Improvements targeted in this work

This section summarizes the objectives and main design choices investigated in
the present work in response to the limitations observed in the prior embedded
implementation. First, the performance targets are stated in terms of power, real-
time capability under multi-template operation, and preservation of seizure-related
information. Next, the central proposed approach, namely hardware acceleration
of the NCC computations used for template matching, is introduced. Finally, the
validation methodology used to quantify algorithmic impact is described, including
the dataset and the metric-based evaluation protocol.

1.3.1 Performance targets

The developments proposed in this work are driven by three complementary
performance targets, defined with respect to the embedded implementation reported



in [6]. A first objective is to reduce the average power consumption required for
always-on operation. In the baseline implementation, power is reported in the
milliwatt range and is largely determined by the digital processing workload.
AP detection represents the dominant contributor due to its high computational
intensity and its impact on duty cycle. The targeted improvements therefore
prioritize reducing the energy cost of AP detection. At the SoC scale, the objective
is to bring processing-related power consumption down to the same order of
magnitude as acquisition-related power, i.e., into the pW range.

A second objective is to increase the number of templates that can be used
for template matching while honoring the hard real-time constraint imposed by
buffered acquisition. In the baseline system, processing must complete within
the 500 ms buffer interval, yet the reported execution time exceeds this budget
when more than one template is used. Since using multiple templates is desirable
to improve the robustness of AP extraction, the targeted improvements aim to
enable multi-template operation without violating the per-buffer timing budget.
Practically, this requires reducing the per-template cost of NCC evaluation.

A third objective is to preserve, and ideally improve, the seizure-related infor-
mation captured by the algorithm. In the present work, performance is assessed
primarily through the detection metric m[n| and the associated metric score MSC
rather than through binary classification accuracy, as discussed in Section 1.3.3.
The targeted modifications should therefore maintain or increase MSC relative to
the baseline while avoiding degradations in the stability of m[n] during baseline
periods and in its sensitivity to seizure-related changes. This target constrains
algorithmic simplifications and motivates systematic validation of each modification
against the reference pipeline.

1.3.2 NCC hardware acceleration

The NCC evaluation performed during template matching constitutes the dominant
computational workload of the AP detection stage and therefore directly drives both
execution time and energy consumption in the embedded pipeline. In the baseline
implementation, extending template matching to multiple templates increases the
AP detection runtime beyond the per-buffer budget, which prevents the use of
richer template sets. Consequently, accelerating NCC is identified as a high-leverage
optimization point.

Hardware acceleration of NCC is adopted in this work as a mean to address two
key performance targets simultaneously. First the active processing time per buffer
can be reduced by offloading the most intensive operations of template matching



to dedicated hardware, enabling multi-template operation while meeting the hard
real-time constraint. Second, the same offloading reduces the energy spent in
AP detection, since the accelerated datapath can execute the required arithmetic
with higher energy efficiency than a general-purpose MCU core. Importantly, this
approach aims to conserve algorithmic behavior by preserving the NCC-based
detection principle and its decision logic.

The design, integration, and evaluation of the NCC accelerator constitute the
main contribution of this work. The proposed accelerator is developed to support
the fixed-point embedded setting and the streaming nature of continuous acquisition
and to interface with the existing processing chain such that the remaining steps
can be retained with minimal modification.

1.3.3 Algorithm validation

In the present work, the algorithm is not evaluated through the binary classification
output. The available experimental dataset contains too few seizure onsets to
support a statistically meaningful assessment of classification performance. Instead,
performance is quantified using the detection metric m[n]. To compare the baseline
algorithm with subsequent refinements, a metric score MSC is defined. This score
is the ratio between the RMS value of m[n], evaluated at discrete analysis times t,,
over a seizure interval S and a baseline interval B, as given in (1.9).

\/ > m?[n]
Ny n:
MSC = e mies (1.9)

_ 2
\/an gEBm [ ]

where Ny = [{n | t, € S}| and N, = [{n | t, € B}|. An example of the detection
metric evolution with the seizure interval & highlighted and the corresponding
MSC value indicated is shown in Figure 1.3. Higher values of MSC indicate a
stronger increase of m during seizure activity relative to baseline, with MSC > 1
corresponding to an elevated RMS level during the seizure interval.

To run the seizure detection algorithm and evaluate its performance, a dataset
collected through a collaboration between the Cliniques Universitaires Saint-Luc
and the Université Libre de Bruxelles is used. The dataset contains six VENG
recordings from rats in which seizures are induced by intravenous administration
of pentylenetetrazol (PTZ), while the animals are concurrently monitored by elec-
troencephalography (EEG). The recordings include temporal annotations defined
by epileptologists, which segment each experiment into baseline (10), preictal (I1),
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Figure 1.3: Example of the detection metric m[n| evaluated over an entire recording.
The shaded region indicates the seizure interval S, while the remaining samples
belong to the baseline interval B. The metric score MSC is computed as the ratio
of the RMS value of m within S to that within B, yielding MSC = 4.989 for this
example.

ictal (I12-13), postictal EEG depression (I4), and recovery (I5) stages. More details
on the experimental protocol and the annotation procedure are provided in [7], [5],
[12], [13]. This experimental dataset is distinct from the one used in [6].

Each recording consists of two VENG channels sampled at 80 kS/s for approx-
imately 30 minutes. The channels are combined into a single differential signal,
defined as s = s; — s9, where s; and s, denote the first and second channels
respectively. An example of the resulting VENG trace is shown in Figure 1.4.
As explained before, evaluation relies on the seizure interval S and the baseline
interval B that account for the background window of duration T, used by the
detection metric (see Section 1.1.2). Consequently, the seizure interval is defined as
S = [tn, tis + Thy), where ty; denotes the annotated start time of interval 1k. The
baseline interval B is defined as the complement of S over the recording duration.
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Figure 1.4: Example of a raw VENG recording from a rat during a PTZ-induced
seizure experiment. Solid vertical lines indicate the annotated interval boundaries
(t;0—trs). According to the annotations, 11 is preictal, [2-13 are ictal, 14 corresponds
to postictal EEG depression, and I5 to recovery.
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Chapter 2

Algorithm and software
optimization

This second chapter presents the optimization of the VENG-based seizure detection
algorithm and its implementation, with the objective of enabling an ultra-low-power,
hardware-accelerated realization. Building on the baseline approach introduced
in Chapter 1, optimization is addressed at both the algorithmic and implementa-
tion levels to reduce computational complexity, improve reliability, and enable a
streaming, single-pass dataflow.

Algorithmic modifications are first introduced, including the removal of clus-
tering, the normalization of templates, and the use of a correlation-based proxy
for AP amplitude, leading to a consolidated optimized pipeline. The chapter then
focuses on low-power implementation aspects, where platform assumptions are
stated, two execution models are described, and word-length reduction strategies
are applied. Finally, the implications of these choices for the design of a dedi-
cated hardware accelerator are discussed, providing the basis for the accelerator
architecture presented in the following chapter.

2.1 Algorithmic optimization

As detailed in Chapter 1, the seizure detection algorithm is organized into an
AP detection stage followed by a seizure decision stage. In the baseline pipeline,
successive 500 ms windows of the VENG signal are processed to extract AP features,
namely the AP amplitude and the number of APs per window. The cornerstone
operation is the normalized cross-correlation (NCC) between the incoming signal
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and a set of AP templates, which produces a similarity trace used for event detection.
Because NCC dominates the computational cost of the pipeline, it also represents
the primary leverage point for achieving an ultra-low-power implementation.

AP candidates are obtained from the similarity trace using a fixed threshold
combined with a simple distance rule to prevent multiple detections of the same
event. Candidate events are then validated using an adaptive amplitude region
defined relative to the signal RMS value. For each validated AP, the estimated
amplitude is retained and propagated to subsequent processing. In parallel, a
clustering mechanism is employed as a refinement step for the AP template set.

The seizure detection logic operates on the resulting AP feature stream to
construct a metric reflecting changes in physiological activity. Foreground and
background regions are maintained, and the mean absolute AP amplitude within
each region is computed together with the AP frequency. Relative changes in
amplitude and frequency between the regions are then derived, normalized, and
combined into the final detection metric. Figure 1.2 illustrates this two-stage
algorithm.

This section introduces a set of modifications to the baseline pipeline that will lay
the foundation for the development of a hardware-accelerated NCC module. First,
the clustering step is removed and replaced by a fixed pool of templates, enabling
a deterministic formulation. The templates are normalized to unit norm, which
simplifies the NCC computation and facilitates efficient hardware implementation.
Building on this formulation, a key pipeline modification is proposed and validated
to streamline processing and to enable a single-pass algorithm, in which the real-
time signal is consumed only once by the NCC engine and is not reused elsewhere
in the pipeline.

2.1.1 Removal of the clustering step

Template refinement via clustering aims to improve adaptability without requiring
prior knowledge of AP morphologies. However, because clustering is an unsupervised
and data-dependent procedure, the resulting template set may vary with the
recent population of detected events. This variability reduces determinism and
complicates verification and validation of the overall detection chain. In the
context of regulated medical devices, current regulatory guidance for AI/ML-
enabled software emphasizes lifecycle controls and highlights the importance of
transparency, including explainability where applicable, as well as controlled change
management to ensure continued safety and effectiveness over time [14], [15], [16].
For these reasons, and based on informal discussions with clinicians and medical
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researchers involved in the project, clustering is considered a less suitable refinement
mechanism from a system-integration perspective.

Instead, a fixed pool of twelve templates is employed. The templates are
generated using the generic template generation tool provided in [17]. A width
parameter is used to generate morphologically diverse templates while maintaining
a constant length M of 40 samples. Since band-pass filtering constitutes the
first stage of the AP detection algorithm, the templates are passed through the
same second-order band-pass filter as the incoming VENG signal prior to NCC
computation. In this work, the resulting template bank is defined offline and
remains fixed during operation.

2.1.2 Template normalization

In (1.1), the cross-correlation between the length-M filtered signal segment s[n + 7]
and the template p;[n| is normalized by the Euclidean norms of both sequences.
Since clustering is removed and the template set is fixed during operation, the
template norm can be absorbed offline by defining a unit-norm template

mm:@ﬁ7 Il = | X 470 (2.1)

Substituting p;[n] into (1.1) yields an equivalent formulation in which only the
signal-segment norm remains in the denominator:

S sl + 7] plnl
NCG;[r] = "—OM_l : (2.2)
> s2n+ 7]

n=0

This normalization reduces computational cost by eliminating the per-template
normalization factor at runtime. Template norms therefore no longer need to be
computed, stored, or applied. In the context of a hardware accelerator, unit-norm
templates simplify coefficient scaling and remove one scaling operation per template,
while preserving the numerical range of the similarity output. Figure 2.1 shows the
resulting bank of normalized templates.

2.1.3 Correlation-based proxy for AP amplitude

The unit-norm template formulation introduced in the previous subsection not only
simplifies NCC computation, but also exposes an intermediate quantity that can be
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Figure 2.1: Bank of unit-norm AP templates used for NCC-based AP detection.

exploited to estimate AP amplitude. In the baseline pipeline, AP validation requires
an amplitude estimate obtained from the time-domain signal, which typically implies
retaining portions of the real-time signal beyond the NCC computation.

To streamline the dataflow, AP amplitude is instead inferred from the unnor-
malized correlation, i.e., the dot product, computed as part of the NCC operation.

Denoting by
M—1

Corr;[7] = > s[n + 7] pi[n] (2.3)

n=0
the correlation between the filtered signal segment and the unit-norm template
piln], a simple analytical intuition can be derived by modeling an AP occurrence
at the detection lag 7" as a scaled template,

sln+ 7] & ap;[n] + n[n, (2.4)
where a is the AP amplitude and n[n] accounts for noise and modeling mismatch.

Substituting (2.4) into (2.3) yields

M-1
Cory[r*] = allpill; + >_ nlnlpiln] = a+e (2.5)
n=0

since ||p;||2 = 1. Therefore, at the detection lag 7, the correlation output Corr;[7*]
provides a direct proxy for the AP amplitude up to a bounded projection error e.

Crucially, Corr;[7] is already produced by the NCC computation and can be
made available as an accelerator output. As a result, the filtered real-time signal
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only needs to be streamed into the hardware NCC engine and does not need to be
stored in, nor reread from, a memory buffer for amplitude extraction, enabling a
single-pass formulation of the AP detection stage.

2.1.4 Final optimized pipeline

Figure 2.2 summarizes the final optimized detection chain obtained by combining
the previous modifications. For clarity, the complete pipeline is described below.

AP detection stage

1. The raw VENG signal is filtered by a second-order band-pass filter, which
constitutes the first stage of AP detection. This filtering stage is assumed
available in the intended embedded system and is discussed in the next
section.

2. The filtered signal is processed by the NCC computation module. For each
template, an NCC trace and its corresponding correlation trace are computed.
Beyond this point, the time-domain signal does not need to be stored or
reread for feature extraction.

3. The absolute values of the NCC traces are aggregated into a single similarity
trace by selecting, at each sample, the maximum across templates. The
aggregated correlation trace is formed consistently by selecting the correlation

value associated with the same template index that maximizes the absolute
NCC.

4. In non-overlapping 500 ms windows, candidate APs are identified as peaks of
the similarity trace exceeding a threshold of 0.8 and separated by a minimum
distance of 42 samples.

5. AP amplitudes are extracted from the aggregated correlation trace at the
detected peak locations. Candidates are validated using an adaptive accep-
tance region based on the RMS of the aggregated correlation trace. An AP
is accepted if its absolute amplitude is above the RMS and below four times
the RMS.
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Figure 2.2: Optimized processing pipeline. Shaded blocks indicate operations
intended for hardware acceleration. The VENG signal is filtered and processed by
the NCC computation block. Template-relative traces are aggregated, candidate
APs are detected from the similarity trace, and AP amplitudes are validated using
the aggregated correlation trace as a proxy. The resulting AP feature stream is
then processed by the seizure detection stage, yielding a binary decision on the
patient state.

Seizure detection stage

1. The detection metric is computed using a foreground region of 20 windows
and a background region of 180 windows, corresponding to 10 s and 90 s,
respectively. The first 100 s are required to fill the foreground and background
buffers. An additional 100 s are used to stabilize the estimated statistics prior
to normalization. As a result, normalization of the relative amplitude and
relative frequency becomes effective after a total warm-up duration of 200 s.

2. The final stage produces a binary decision from the detection metric, asserting
the presence of a seizure.

2.2 Low-power implementation

This section translates the optimized algorithmic formulation into an implementa-
tion compatible with an ultra-low-power embedded deployment. First, the intended
target platform is described and the resulting interface assumptions are stated,
notably the availability of an analog front-end and a hardware band-pass filtering
stage. The available dataset is then preprocessed to match the platform operating
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conditions. Next, two software realizations of the pipeline are presented: an opti-
mized, fully software-based reference implementation used for comparison against
prior work, and a hardware/software-compatible version designed to follow the
streaming execution model of the accelerator. Finally, the adopted word-length
reduction strategy and the associated scaling choices are detailed.

2.2.1 Integration with the targeted platform

In [8], the BREWER chip is presented. It integrates an ultra-low-power dual-channel
AFE tailored for VENG acquisition at 160 kS/s in an implantable system. An
on-chip digital back-end (DBE) implements an IIR decimation filter that performs
band-pass filtering from 210 Hz to 10 kHz while reducing the sampling rate to
20 kS/s. BREWER also embeds a Cortex-M4 MCU. This work uses BREWER as
a reference deployment platform, and the proposed implementation is meant to
meet with its interface and signal chain specifications.

As mentioned previously, band-pass filtering is available on the targeted platform.
Although the DBE is configured for a 210 Hz-10 kHz band in [8], the filter
parameters are reconfigurable and can be adjusted to match the intended 300 Hz—
3 kHz band. Consequently, filtering is removed from the online algorithmic pipeline
and emulated offline during dataset preprocessing. As described in Section 1.3.3,
the available dataset is sampled at 80 kS/s. The preprocessing therefore includes a
second-order Butterworth band-pass filter from 300 Hz to 3 kHz at 80 kS/s and
subsequent resampling of the filtered signal to 20 kS/s using an FFT-based method,
thereby matching the sampling rate assumed by the embedded implementation.

2.2.2 Software implementations and real-time scheduling

Two implementations of the optimized pipeline are considered. The first one is a
fully software-based realization in which the NCC computation is implemented in
software. Its purpose is to provide a fair basis for comparison with the baseline
work in [6] in terms of runtime, power consumption, and memory requirements.
As in the baseline approach, processing is performed every 500 ms on a buffered
segment of filtered signal.

The second implementation is designed to be compatible with the proposed
hardware accelerator and its streaming output interface. In this case, trace aggre-
gation is executed each time a new accelerator output becomes available, while the
remaining processing is carried out on 500 ms windows of the aggregated NCC and
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Figure 2.3: Reference implementation pipeline. The filtered signal is processed
in buffered segments of 500 ms. For each buffer, NCC computation and trace
aggregation are performed in software. Candidate APs are detected as peaks of
the aggregated NCC trace and are validated using the aggregated correlation trace.
The resulting AP features are forwarded to the seizure detection stage.

correlation traces. Details of the two implementations are provided below.

Reference implementation In the first implementation, NCC computation
is carried out entirely in software using the C language. For each 500 ms signal
segment, the signal norm is computed prior to correlation. To this end, the signal
samples are squared and stored in a dedicated buffer, which is subsequently reused
to accumulate the norm. This accumulation is implemented as a rolling sum, where
a scratch variable holds the next squared sample to be subtracted from the running
total as the window advances.

Correlation is then computed using the arm_correlate_g31 function from the
CMSIS-DSP library. For a signal segment of length L = 10000 samples, this
function produces an output of length 2L — 1, although only L — M + 1 samples
correspond to the valid correlation range. The absolute value of this valid portion
is extracted, after which the absolute NCC values are computed and used to update
the aggregated NCC and correlation traces.

Overall, the software NCC implementation relies on four main working buffers:
a correlation buffer of length 2L — 1, a squared signal /norm buffer of length L,
and two output buffers of length L — M + 1 storing the aggregated NCC and
correlation traces. In addition, two signal buffers of length L are employed using a
double-buffering scheme to decouple signal acquisition from processing.

The remaining steps reflect the algorithmic description given previously. The
pipeline is executed once per 500 ms buffer of filtered signal. Consequently, the
computation must complete within this 500 ms interval, which constitutes the sole
hard real-time constraint of this reference implementation. Figure 2.3 illustrates
the AP detection stage of the reference implementation pipeline.
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Figure 2.4: HW/SW-compatible implementation pipeline. At the sample rate
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HW /SW-compatible implementation In the HW/SW-compatible imple-
mentation, the results of the NCC computation are made available to the trace
aggregation stage at the sampling rate. At each sampling instant, i.e., every 50 ps,
the NCC coeflicients produced for the different templates are compared in software,
and the template yielding the maximum absolute NCC value is selected. The abso-
lute NCC value corresponding to this template is then appended to the aggregated
NCC trace. Using the same template index, the associated absolute correlation
coefficient is selected and appended to the aggregated correlation trace.

Once the aggregated NCC and correlation trace buffers have accumulated 10 000
samples, corresponding to a 500 ms interval at 20 kHz, the remaining stages of the
pipeline are executed. To support continuous operation, a double-buffering scheme
is employed. While one set of trace buffers is processed by the main pipeline,
aggregation proceeds concurrently on a second set of buffers.

Because trace aggregation is triggered every 50 ps, the aggregation routine
must complete strictly within this interval while leaving sufficient execution margin
for the rest of the system. This requirement constitutes the first hard real-time
constraint of the HW /SW-compatible implementation and therefore mandates the
highest execution priority to preempt any concurrent tasks.

In addition, the main processing pipeline is invoked every 500 ms and must
execute within the time available between successive traces aggregation calls. More
precisely, its execution time must remain below

0.5 — 10000 x Thgy (2.6)

seconds, where T4, denotes the execution time of a single aggregation step. To-
gether with the aggregation constraint, this bound defines the real-time scheduling
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Figure 2.5: HW/SW-compatible implementation timeline. The trace aggregation
task is executed every 50 ps and preempts all other tasks. Its execution time
must therefore remain strictly bounded within this interval. The main processing
pipeline is executed every 500 ms and must complete within the time available
between successive aggregation calls.

requirements of the HW /SW-compatible pipeline. These constraints are summa-
rized by the execution timeline shown in Figure 2.5. The AP detection stage of the
corresponding processing pipeline is depicted in Figure 2.4.

2.2.3 Word-length reduction

To further reduce computational cost and memory footprint, word-length reduction
is investigated for the optimized pipeline. Two software configurations are considered
for the reference implementation: a fully 32-bit fixed-point version and a reduced-
precision version relying primarily on 16-bit arithmetic. The latter configuration is
also representative of the numerical format targeted by the hardware accelerator.

In the reduced-precision configuration, the input signal is converted from 32-bit
to 16-bit fixed-point representation. Prior to conversion, a constant left shift of
10 bits is applied to the input samples. This scaling is selected empirically to
maximize the effective precision of the NCC output for the provided dataset while
minimizing saturation. The AP templates are converted to 16-bit representation
without additional scaling, as their amplitude is already bounded by the unit-norm
normalization described previously.

The NCC computation is then performed entirely in q15 format. The signal
norm is computed using q15 buffers, and the correlation operation relies on the
optimized arm_correlate_opt_ql5 function from the CMSIS-DSP library. In-
ternally, this function uses a 64-bit accumulator to preserve numerical accuracy
during accumulation. The correlation result is subsequently saturated back to q15
format. Trace aggregation is performed using q15 buffers for both the NCC and
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the correlation traces. All subsequent steps of the AP detection stage following
trace aggregation remain in q15 format. In particular, the computation of the
RMS value used for AP amplitude validation is performed using the arm_rms_q15
CMSIS-DSP function, which also relies on a 64-bit accumulator internally to limit
precision loss.

In the seizure detection stage, AP amplitudes are accumulated over foreground
and background regions using q31 buffers to preserve sufficient dynamic range. The
final detection metric is likewise represented in q31 format. This mixed-precision
strategy ensures that computationally intensive and memory-dominant stages
benefit from reduced word length, while accumulation-heavy operations retain
adequate numerical robustness.

The reduced-precision configuration described above is the one adopted in the
HW /SW-compatible implementation presented in the previous subsection. In this
configuration, all signals exchanged between the software and the accelerator are
represented using 16-bit fixed-point formats, and the internal accelerator data path
is likewise designed around 16-bit input and output precision. Aligning the software
numerical representation with the accelerator interface ensures consistency between
the two implementations and enables a fair assessment of performance, power, and
memory trade-offs when transitioning from the reference software execution to the
hardware-accelerated pipeline.

2.3 Implications for the hardware accelerator

The algorithmic and implementation-level optimizations introduced in this chapter
directly inform the architectural requirements of the hardware accelerator developed
in the next chapter. In particular, they define the data formats, throughput
constraints, and interface expectations that the accelerator must satisfy to integrate
seamlessly with the optimized detection pipeline.

First, the accelerator is required to process real-time input samples produced at a
sampling frequency of 20 kS/s. Consistent with the reduced-precision configuration
adopted in the HW/SW-compatible implementation, all input and output signals
of the accelerator are represented using 16-bit fixed-point formats. The accelerator
must compute, for each template, both the correlation and the corresponding
normalized cross-correlation coefficient on a per-sample basis using streamed input
data.

Second, while the accelerator input and output formats are limited to 16-bit
precision, sufficient internal precision must be provided for accumulation operations
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to ensure numerical behavior comparable to the reduced-precision software reference.
In particular, correlation must rely on wider internal data paths, followed by
appropriate saturation back to q15. This requirement is essential to preserve
detection performance while benefiting from word-length reduction at the interfaces.

Third, the accelerator must internally store the AP template bank and support
correlation with multiple templates in parallel or quasi-parallel fashion. Although
the present work relies on a fixed template bank defined offline, future versions of
the algorithm may reintroduce template refinement mechanisms. Consequently, the
accelerator architecture should allow for template updates through a programmable
interface, without requiring full hardware redesign.

Fourth, the accelerator must expose both the NCC coefficients and the raw
correlation results for each template at its output. As shown in Chapter 2, the
NCC coefficients are required for candidate AP detection, while the correlation
results are exploited as a proxy for AP amplitude during validation. Providing
access to both quantities is therefore a fundamental requirement imposed by the
optimized pipeline and its single-pass dataflow.

Finally, the accelerator is intended to operate in close cooperation with the
Cortex-M4 core embedded in the BREWER platform, exchanging data through
a shared system bus and control interface. Such an integration would enable the
accelerator to act as a tightly coupled coprocessor, providing high-rate correlation
outputs to the MCU while relying on software for aggregation, validation, and
decision logic.

However, the concrete realization of this HW/SW integration, covering aspects
such as bus protocols, register mapping, arbitration, and interrupt handling, is
considered out of scope for the present work. Instead, the focus is placed on defining
the accelerator functionality, data formats, and throughput requirements required
by the optimized detection pipeline. The architectural design presented in the next
chapter therefore assumes the existence of a suitable integration infrastructure and
concentrates on the internal structure of the accelerator itself.

These considerations serve as the basis for the hardware accelerator architecture
presented in the following chapter.
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Chapter 3

Design and implementation of a
normalized cross-correlation
hardware accelerator

In this chapter, a hardware accelerator for real-time NCC with VENG signals
is designed and implemented. After defining the system context and the design
constraints, several architectural solutions are explored and compared using a
first-order cost model. Based on this analysis, the parallel-templates architecture
is selected as the most suitable candidate.

The detailed microarchitecture of the selected design is then described, including
the organization of the memory, control, and computational datapaths. Finally, the
verification methodology and implementation toolflow are introduced to validate
the functionality and evaluate the performance and numerical accuracy of the
proposed accelerator.

3.1 Design assumptions and accelerator interface

This section establishes the design assumptions and the HW/SW interface expecta-
tions used throughout the hardware accelerator development. First, the specific
normalized cross-correlation formulation implemented in hardware is restated to
fix notation for the remainder of the chapter. Then, the design constraints derived
from the algorithmic implications identified in Section 2.3 are formalized. The
remaining degrees of freedom are subsequently exploited to explore alternative
architectures and select the one most suited to the targeted operating point.
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Let s[n] denote the band-pass filtered VENG signal at the input of the AP
detection chain, and let p;[n| be the i-th unit-norm template of length M samples.
At each lag 7, the accelerator computes the correlation between the current M-
sample signal segment and each template,

M-1

Corr[7] = > sln + 7] pi[n], (3.1)

n=0
together with the corresponding signal-segment energy

Elrl= % s[n+ ). (3.2)

n=0
Using these quantities, the normalized cross-correlation coefficient is defined as
_ Corr[7]

NCCy[r] = Nk (3.3)

This formulation matches the unit-norm template reformulation introduced in Sec-
tion 2.1: template normalization is performed offline, while only the signal-segment
normalization term remains in the denominator. Importantly, the accelerator is
not required to perform trace aggregation or template selection. These operations
remain software responsibilities, as in the HW /SW-compatible pipeline described
in Section 2.2.

The template length is fixed to M = 40 samples. While a larger template
set is available at the algorithmic level, the number of templates simultaneously
processed by the accelerator is limited to Ny = 8. This choice reduces the amount of
data stored in the accelerator local memory (LMEM) and the associated datapath
complexity. The considered accelerator architectures are designed to be scalable
with respect to Np and to support punctual updates of the active template bank.

The accelerator processes a real-time input stream at a sampling frequency of
fs = 20 kS/s, corresponding to one new input sample every 50 ps. The computation
is organized such that this input rate can be sustained without stalling the stream.
Signed input samples are provided in 16-bit fixed-point format (Q15), where 15
bits represent the fractional part and the most significant bit encodes the two’s
complement sign. Internally, wider word-length representations are permitted
for accumulation and intermediate computations in order to preserve numerical
precision.

At the interface level, the accelerator outputs two sets of Q15-formatted quan-
tities. For each template and each lag 7, both Corr;[7] and NCC;[r] are made
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available. Providing both quantities avoids redundant computation in software and
enables the correlation-based amplitude proxy described in Section 2.1. The exact
output timing and latency depend on the selected architecture.

Finally, concrete integration with the on-chip MCU, covering aspects such
as bus protocols, register mapping, DMA, and interrupt handling, is considered
out of scope for this work. Accordingly, the accelerator is described using an
abstract streaming interface, which is sufficient to support architecture exploration,
implementation, and verification within the scope of this work.

3.2 Architecture exploration and selection

Based on the design assumptions and interface expectations established in the
previous section, several hardware architectures can be considered to implement the
NCC formulation. Although the mathematical operations defined in (3.1), (3.2) and
(3.3) are fixed, multiple architectural strategies exist to map those computations
onto hardware, differing in how parallelism is exploited across templates, time
indices, and arithmetic operations.

This section explores a set of four candidate architectures. For each candidate,
the streaming dataflow, buffering requirements, and compute structure are de-
scribed, together with a first-order microarchitectural sketch. These architectures
are then compared using simple cost models capturing computational effort, LMEM
requirements, and memory access activity. Based on this comparative analysis, the
architecture most suited to the targeted operating point and system constraints is
selected and carried forward for detailed implementation.

3.2.1 Candidate architectures and dataflow
Parallel-templates

In this architecture, the correlation between the input signal and each of the
Nr templates is computed in parallel, while the signal energy is accumulated
concurrently. Once the correlations and the signal energy are available, a second
stage computes the reciprocal square root (RSQRT) of the energy and forms the
corresponding NCC coefficients sequentially. A first-order microarchitectural sketch
of this approach is shown in Figure 3.1.
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Figure 3.1: First-order microarchitectural sketch of the parallel-templates archi-
tecture. The input stream feeds a length-M TDL. Samples are then delivered
sequentially to the correlation datapath (upper part) and to the signal energy
accumulation datapath (lower part). Templates are stored on the LMEM in a
column-wise fashion and are streamed row by row to the correlation datapath.
Correlation with each template is performed in parallel, while the signal energy
is updated using a rolling sum. In a second stage (right of the dotted line), the
RSQRT of the energy is computed and can be multiplied sequentially with the
correlation results to produce the NCC coefficients. The correlation and NCC
results are made available on their respective registers.

The architecture is organized into two main stages. The first stage receives
W-bit input samples and stores them in a tapped delay line (TDL) of length M,
which maintains the sliding window of signal samples required for both correlation
and energy computation. Templates are stored in the accelerator LMEM in a
column-wise fashion and are streamed row by row to the first stage. The resulting
(Np x W)-bit output stream from the LMEM is split into Ny independent W-bit
streams, isolating each template sample on its own dataline. At this point, two
datapaths operate in parallel.

Correlation datapath The correlation datapath computes the correlation be-
tween the signal and each template in parallel. Specifically, N7 multipliers multiply
the signal samples provided by the TDL with the corresponding template samples
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read from the LMEM. The resulting products are accumulated to implement the
required multiply-and-accumulate (MAC) operations. Because signal samples are
streamed in natural order (newest sample first), the template samples are streamed
in reverse order to obtain the correct correlation results. After M MAC operations,
the correlation result for each template is registered and made available both to
the second stage and at the accelerator output.

Signal energy datapath The signal energy datapath computes the signal energy
using a rolling sum technique. In this datapath, only the newest and the oldest
samples of the current signal window are involved in the computation, while a
register maintains the accumulated energy value. When a new sample is streamed
from the TDL, it is squared and added to the energy accumulator. Subsequently,
the square of the oldest sample from the previously processed window is subtracted
from the accumulated energy. To support this operation, a register stores the
squared value of the oldest sample and is updated when the TDL outputs the oldest
sample of the current window. As a result, three distinct operations are performed
in sequence at each step: addition of the newest squared sample, subtraction of
the previous oldest squared sample, and update of the stored oldest sample. The
resulting energy value is then registered and made available to the second stage.

The second stage computes the RSQRT of the signal energy and subsequently
forms the Ny NCC coefficients by multiplying the RSQRT result with the cor-
responding correlation values. This stage operates sequentially across templates.
This design choice is motivated by the fact that the first stage performs M MAC
operations per input sample, whereas the second stage requires only one RSQRT
operation and Ny multiplications. Since M is larger than N7 plus the fixed number
of operations required to compute the RSQRT (denoted Ngsq), the second stage
does not limit throughput. As a result, a single multiplier can be reused to compute
all Ny NCC coefficients. As with the correlation results, the NCC values are
registered and made available at the accelerator output.

Parallel-lags

In this architecture, correlation is computed in parallel for J consecutive lags
by evaluating J overlapping length-M signal windows against a given template.
Adjacent windows are offset by one sample, so that the required signal samples
are available to form J lagged correlations simultaneously. In contrast, the corre-
sponding signal energies are accumulated sequentially using a rolling-sum update.
Once the J correlation values and the J energy values are available, a second stage
computes the RSQRT of each energy and forms the associated NCC coefficients
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sequentially. A first-order microarchitectural sketch of this approach is shown in
Figure 3.2.

As in the previous architecture, this one is organized into two main stages.
The first stage receives W-bit input samples and stores them in a TDL of length
M + J — 1 with J + 1 taps. The Np templates are stored in the LMEM with
one template sample per row, and templates are streamed to the datapath one
template at a time. Processing is performed in blocks of J new input samples.
Once J samples have been fed into the TDL, the architecture computes the J
correlation values and the corresponding J NCC coefficients for each template in
the active template bank. A processing block completes when these J correlation
and J NCC results have been produced for all Ny templates. Similarly to the
previous architecture, two datapaths operate in parallel.

Correlation datapath In this datapath, J MAC lanes operate in parallel. Each
lane receives a shifted signal sample from one of the first J taps of the TDL
and multiplies it with the corresponding template sample read from the LMEM.
Template samples are streamed in reverse order to match the natural ordering of
the signal samples and therefore produce the correct correlation values. After M
MAC iterations per lane, the J correlation results are registered and made available
both to the second stage and at the accelerator output.

Signal energy datapath To compute the energy of each shifted signal window,
this datapath applies the same rolling-sum principle as described previously: an
accumulator maintains the current energy estimate, and a companion register
stores the squared sample that must be subtracted when the window advances.
In the parallel-lags architecture, the key difference is that energy computation is
performed sequentially across the J lags within each processing block. Concretely,
after a block of J new input samples has been loaded into the TDL, the datapath
iterates over j = 0,...,J —1 and updates the corresponding energy E[r+ j] one lag
at a time using the rolling-sum update. The last tap of the TDL is used to supply
samples in the order required by this sequential schedule, independently of the
ordering used in the correlation datapath. Each updated energy value is registered
as soon as it becomes available, allowing the datapath to proceed immediately
to the next lag update. After completing the J sequential updates, the set of J
registered energy values is available to the second stage.
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Since the signal energy is independent of the currently processed template in
the correlation datapath, this energy computation only needs to be performed once
per processing block during the processing of the first template. The resulting J
energy values can then be reused for the remaining Ny — 1 templates.

To avoid stalling the correlation datapath, the total number of operations
required to produce the J energy values must fit within the M-operation budget
of the correlation accumulation. Under the rolling-sum schedule, three operations
are performed per lag update: addition of the newest squared sample, subtraction
of the previous oldest squared sample, and update of the stored oldest squared
sample. This leads to the following first-order constraint:

3xJ< M. (3.4)

With M = 40, this implies J < 13.

The second stage computes the RSQRT of each of the J energy values and
forms the corresponding NCC coefficients sequentially using a single multiplier.
The RSQRT operation requires a fixed number of elementary operations, denoted
Nsq. In the parallel-templates architecture, this cost was incurred only once per
lag and its scheduling could be neglected because the RSQRT result was reused
across templates. In the parallel-lags architecture, however, an RSQRT must be
computed for each of the J lags, and each RSQRT result must then be multiplied
by the corresponding correlation value to produce the NCC coefficient.

To avoid stalling the first stage, the total work required by the second stage
to produce the J NCC coefficients must fit within the M-operation budget associ-
ated with the correlation accumulation. Under a first-order model in which each
NCC coefficient requires Ngq operations for the RSQRT computation plus one
multiplication, the following constraint is obtained:

(Nsq+1)J < M. (3.5)

Finally, the J NCC values are registered as they are produced and made available
at the accelerator output. It is worth noting that this architecture would require
adaptations on the software side, since trace aggregation would need to operate on
J consecutive correlation/NCC outputs per processing block.
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Figure 3.2: First-order microarchitectural sketch of the parallel-lags architecture.
The input stream feeds a TDL with J + 1 taps and an overall length of M + J — 1.
The first J taps feed the correlation datapath, while the last tap feeds the signal
energy accumulation datapath. The Np templates are stored in the LMEM, with
one template sample per row, and are streamed to the correlation datapath one
template at a time. Correlation for J consecutive lags is performed in parallel,
whereas the corresponding J signal energies are computed sequentially using a
rolling sum. In a second stage, the RSQRT of the j-th energy is computed and
multiplied sequentially with the corresponding correlation result to produce the
j-th NCC coefficient. This process is repeated for j = 0,...,J — 1. While J
new input samples are fed into the TDL, the above computation is carried out
sequentially for each of the Ny templates.
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Bi-parallel

The bi-parallel architecture exploits parallelism along both the template and
lag dimensions. For each of the Np templates, correlations are computed for J
consecutive lags. Conceptually, this architecture combines the core ideas of the
parallel-templates and parallel-lags approaches. As in the parallel-lags architecture,
the J lagged correlations are obtained from J shifted windows of the input signal,
while the corresponding signal energies are updated sequentially using a rolling-
sum mechanism. At the same time, the correlation datapath is replicated across
templates: Np parallel lanes perform the parallel-lags correlation computation
concurrently, yielding N x J correlation values per processing block. In the second
stage, the RSQRT of each of the J energy values is computed sequentially. For
each lag j, the corresponding NCC coefficients are then formed for all templates in
parallel by multiplying RSQRT(E[7 + j]) with the correlation results. A first-order
microarchitectural sketch of this approach is provided in Figure 3.3.

Input sample handling is identical to the parallel-lags architecture using a TDL
of length M + J — 1 with J 4+ 1 taps. The J first taps are fed to the correlation
lanes, while the last tap is used by the signal energy datapath. The LMEM handles
the templates just like in the parallel-templates architecture. The splitted Np
independent template sample streams are fed to the Ny correlation lanes.

Input sample handling follows the same approach as in the parallel-lags archi-
tecture. A TDL of length M 4+ J — 1 with J + 1 taps is used to provide the J
shifted signal windows required for lag-parallel correlation. The first J taps feed
the Np correlation lanes, while the last tap is used by the signal energy datapath.
Template handling in LMEM follows the parallel-templates organization: templates
are stored column-wise and streamed row by row. The resulting (N x W)-bit
LMEM output is split into Ny independent W-bit streams, which are routed to
the Nt correlation lanes.

Correlation datapath The correlation datapath comprises Ny template lanes
operating in parallel. Within each template lane, J MAC lanes operate in parallel
to compute correlations for J consecutive lags. Each MAC lane receives a shifted
signal sample from the corresponding TDL tap and multiplies it by the current
template sample read from the LMEM. Template samples are streamed in reverse
order to match the natural ordering of the signal samples and thus produce the
correct correlation values. After M MAC iterations, the Ny x J correlation results
(one per template and per lag) are registered and made available both to the second
stage and at the accelerator output.
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Figure 3.3: First-order microarchitectural sketch of the bi-parallel architecture. The
input stream feeds a TDL with J + 1 taps and an overall length of M + J — 1. The
first J taps feed the correlation datapath, while the last tap feeds the signal energy
accumulation datapath. Templates are stored in the LMEM in a column-wise
fashion and are streamed row by row to the correlation datapath. Correlation is
computed in parallel across both dimensions: J consecutive lags and Ny templates,
while the corresponding J signal energies are computed sequentially using a rolling
sum. In a second stage, the RSQRT of the j-th energy is computed and, for all
templates in parallel, the j-th NCC coefficient is formed. This process is repeated
forj=0,...,J —1.

Signal energy datapath The signal energy datapath follows the same rolling-
sum implementation as in the parallel-lags architecture. Since the signal energy is
independent of the currently processed template, it is computed once per processing
block and reused across all Ny template lanes. Consequently, the same first-
order scheduling constraint derived for the parallel-lags case applies here, namely
3 x J < M, which yields J < 13 for M = 40.

In the second stage, the RSQRT of each of the J energy values is computed
sequentially and the corresponding NCC coefficients are formed for all templates
in parallel. Consequently, only a single RSQRT module is required, while Ny
multipliers are instantiated to compute the Ny NCC values associated with a given
lag j in parallel. As in the parallel-lags architecture, the second stage must satisfy
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the first-order throughput constraint
(Nsq+1)J < M, (3.6)

so that RSQRT computation and NCC formation for each of the J lags can be
achieved without stalling the first stage. Finally, the resulting Ny x J NCC values
are registered as they are produced and made available at the accelerator output.
It is worth noting that this architecture would require adaptations on the software
side, since trace aggregation would need to operate on a block of J consecutive
lagged correlation/NCC outputs for all Ny templates at each processing block.

Parallel-indices

The parallel-indices architecture exploits parallelism across the summation indices
of the correlation operation. Rather than computing the dot product through M
sequential MAC steps, the M products are formed concurrently and reduced using
an adder tree to obtain the correlation in a single pass for a given length-M signal
window and template. In parallel, the signal energy is updated using a rolling-sum,
after which its RSQRT is computed and used to form the corresponding NCC
coefficient. This process is repeated for each of the Ny templates of the active
template bank. A first-order microarchitectural sketch of this approach is shown in
Figure 3.4.

Input samples are stored in a register bank of M registers using a write pointer
that selects which register is updated at each new sample, such that the bank
acts as a circular buffer holding the most recent length-M signal window. The M
register outputs are exposed in parallel to both the correlation datapath and the
signal energy datapath. The active template bank is stored in the LMEM in a
row-wise fashion, with one full template per (M x W)-bit row. Because the register
bank does not impose a fixed temporal ordering on its output lines (the position of
the newest and oldest samples depends on the write pointer), the template samples
must be permuted accordingly so that the multiplier inputs receive correctly aligned
pairs (s[n + 7], pi[n]). To this end, the (M x W)-bit LMEM output is split into M
independent IW-bit streams and routed through a permutation network controlled
by the write pointer. The two datapaths described below then operate in parallel.

Correlation datapath The correlation datapath first forms the M products
between the M signal samples and the M template samples in parallel. The
template samples are permuted by the permutation network so that each multiplier
receives correctly aligned pairs (s[n + 7|, p;[n]), despite the circular addressing of
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Figure 3.4: First-order microarchitectural sketch of the parallel-indices architecture.
The input stream feeds a register bank of depth M that holds the current length- M
signal window and exposes the M samples in parallel to the correlation datapath.
Templates are stored in the LMEM in a row-wise fashion, with one full template per
row. For a given template, the correlation between the current signal window and
the template is computed in a single pass using M multipliers and an adder tree
of M — 1 adders organized into [log,(M )] stages. In parallel, the signal energy is
updated using a rolling-sum mechanism and its RSQRT is computed. The resulting
RSQRT value is template-independent and can therefore be reused to form the
NCC coefficient associated with each template.

the register bank. The resulting products are then reduced using an adder tree. For
M = 40, the reduction requires [log,(M)] = 6 adder stages and a total of M — 1
two-input adders. After the reduction, the correlation result is forwarded to the
NCC formation multiplier and registered to be exposed at the accelerator output.

Signal energy datapath As in the previous architectures, the signal energy
is computed using a rolling-sum update driven by an accumulator register and a
companion register storing the squared sample to be subtracted when the window
advances. At each new input sample, the required newest and oldest samples of
the length-M window are selected from the circular register bank based on the
write pointer, squared, and used to update the accumulated energy through the
three standard operations (addition, subtraction, and update of the stored oldest
square). Once the updated energy value is available, its RSQRT is computed.
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Since the signal energy is template-independent, the RSQRT result is computed
once per window update and reused across the Np iterations of the correlation
datapath required to process the active template bank. For each template, the cor-
responding NCC coefficient is then formed by multiplying the template correlation
result by the shared RSQRT value. Finally, the NCC coefficient is registered and
exposed at the accelerator output.

3.2.2 First-order cost model

To compare candidate architectures, a first-order cost model is used. The objective
is not to predict absolute power consumption or exact resource counts, but to derive
simple, consistent metrics that reflect real-time feasibility, compute footprint, and
local-memory requirements at the targeted operating point. For a fair comparison
of parallelization strategies, the degree of parallelism is fixed across candidates by
setting the number of templates to N = 8 and, for lag-parallel architectures, the
number of parallel lags to J = 8. The template and signal window length is fixed
to M = 40, and inputs/outputs are represented using 16-bit fixed-point formats.

Real-time feasibility Real-time feasibility is primarily assessed through the
cycle count per input sample (CPS), which captures the sustained throughput of
each architecture under the adopted scheduling model. For a given accelerator
clock frequency fo and input sampling frequency f,, the available cycle budget per
input sample is Chudget = fei/fs. An architecture is considered compatible with
the input stream if its CPS does not exceed this budget. In the following, one MAC
operation is assumed to complete in a single clock cycle. For the parallel-indices
architecture, the reduction tree is modeled at a first-order level by assuming that
two adder-tree stages can be evaluated per clock cycle.

In addition, an output-service metric is reported to capture the burstiness of the
produced outputs. Here, the burst size corresponds to the number of accelerator
output values that become available over a short interval as a consequence of the
architecture scheduling. For block-based architectures, this burst size increases
proportionally to the block size J, since J consecutive lags are produced per
processing block. Table 3.1 summarizes CPS and burst size for each candidate
architecture.

Under the comparison settings (M = 40, Ny = 8, J = 8), the bi-parallel
architecture achieves the lowest CPS and therefore provides the largest throughput
margin. In particular, sustaining fs = 20 kS/s requires fq, > CPS - f;, which
translates to a minimum clock frequency of 800 kHz for the parallel-templates
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Architecture CPS (cycles/sample) Burst size (values)

parallel-templates | 40 M 16 2N
parallel-lags | 40 MNy/J 128 2N J
bi-parallel | 5 M/J 128 2NrJ

parallel-indices | 32 ([log,(M)]/2+ 1) Nrp | 16 2Ny

Table 3.1: Real-time feasibility metrics for the four candidate architectures. CPS
denotes the steady-state cycle count per input sample, while burst size denotes
the number of output values (Corr and NCC) produced per scheduling block. For
each metric, the left column reports the value obtained for the comparison settings
(M =40, Ny = 8, J = 8) and the right column provides the corresponding general
expression.

and parallel-lags architectures, 640 kHz for the parallel-indices architecture, and
100 kHz for the bi-parallel architecture. As expected, the burst size is larger for
the two block-based architectures (parallel-lags and bi-parallel) by a factor of J,
since they produce 2N7J output values per processing block instead of 2Np.

Compute resources A first-order estimate of the compute footprint of each
candidate architecture is obtained by counting the main arithmetic resources
required, namely multipliers, accumulators, and adders in the adder-tree structure
of the parallel-indices architecture. The RSQRT operation is implemented using a
single shared module in all candidates. It is therefore not a differentiating factor in
the comparison.

As shown in Table 3.2, the parallel-templates and parallel-lags architectures
require a comparable and relatively small number of arithmetic units, since paral-
lelism is exploited along a single dimension. In contrast, the bi-parallel architecture
exhibits a sharp increase in both multipliers and accumulators due to the replica-
tion of correlation lanes across two dimensions. The parallel-indices architecture
also incurs a substantial compute footprint, as full index parallelism requires M
multipliers and an adder tree of M — 1 adders. Overall, these first-order counts
suggest that the bi-parallel and parallel-indices candidates are less attractive from
an area and switching-activity perspective despite their favorable CPS.

Local memory footprint The LMEM requirements constitute a key metric for
architecture selection, as they directly influence area and energy consumption. To
compare candidate architectures, the LMEM is characterized by its word width (in
bits) and word depth (number of words). While several memory implementations
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Compute element count (No. of)

Architecture Multipliers Accumulators Adders (tree)
parallel-templates | 10 Nt + 2 9 Np+1 | - -
parallel-lags | 10 J+2 9 J+1 - -
bi-parallel | 73 (J+1)Np+1 |65 JNp+1 | — -
parallel-indices | 42 M+ 2 1 - 39 M-1

Table 3.2: First-order compute resource counts for each candidate architecture. For
each entry, the left column reports the count obtained for the comparison settings
(M = 40, Ny = 8, J = 8), while the right column provides the corresponding
general expression. A single RSQRT module is assumed in all architectures and is
therefore omitted from the table.

are possible, the most area- and energy-efficient choice depends on the target
technology. In this work, the accelerator is intended for synthesis in a TSMC 65 nm
technology node, where such LMEM instances are assumed to be implemented
using SRAM macros.

A practical consequence of using SRAM macros is discretization: only a finite
set of word widths and depths is available in the macro library used for this work.
As a result, some architectures require either banking/replication of SRAM macros
to reach the requested word width, or the use of a deeper macro than strictly
necessary, which introduces unused memory capacity.

For example, the parallel-indices architecture requires a word width of MW =
640 bits. This exceeds the maximum word width available in the selected macro
set, and therefore requires banking 5 SRAM instances. In addition, the required
word depth of Ny = 8 words is below the minimum depth offered by the same
macro set, resulting in a significant fraction of unused memory.

Beyond capacity, LMEM access activity is also reported, as it is a strong
driver of dynamic energy. The read access rate (in reads/sample/template) is
derived from the first-order schedules described previously and combined with
a datasheet-provided per-read energy to obtain an energy proxy reported in
pJ/V /sample/template. Since energy values are not provided for every possible
(width, depth) combination, linear interpolation is used when required. Table 3.3
summarizes the LMEM width/depth requirements, read access rates, and the
resulting normalized energy proxy for each candidate architecture.

Two dominant effects can be highlighted. First, the parallel-indices architecture
is strongly penalized by LMEM shape constraints: its very wide word (MW = 640
bits) typically forces SRAM banking, while its shallow depth (Ny = 8 words)
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Word Word Access rate Eproxy (PJ/V

width depth (reads/sample /sample
Architecture (bits) (words) /template) /template)
parallel-templates | 128 NpW | 40 M 5 M /Ny 180.64
parallel-lags | 16 W 320 NyM | 5 M/J 30.385
bi-parallel | 128 NyW | 40 M 0.625 M/NrpJ 22.58
parallel-indices | 640 MW | 8 Ny 1 - 898.38

Table 3.3: First-order LMEM requirements and access-activity proxies for each
candidate architecture. For each metric, the left column reports the value obtained
for the comparison settings (M = 40, Ny = 8, J = 8, W = 16), while the right
column provides the general expression. The energy proxy is computed from the
read access rate and datasheet-provided per-read energy values (normalized by
voltage), using linear interpolation when required.

results in poor macro utilization; this combination is reflected by the largest
normalized energy proxy. Second, for the remaining candidates, the normalized
LMEM energy proxy is driven by the combination of per-read energy, which
increases with word width, and the normalized read access rate. Parallel-lags
achieves a low proxy due to its narrow word width, while parallel-templates is
higher due to a wider word and a higher access rate. Bi-parallel achieves the lowest
proxy (22.58 pJ/V /sample/template) because its read access rate is reduced by a
factor NpJ, which more than compensates for its wider word width.

Beyond the LMEM macros used to store templates, additional on-chip storage is
required to buffer the streaming input samples and to temporarily hold accelerator
outputs until they are consumed by the rest of the system. This storage is modeled
here as registers. Input buffering captures the storage needed to maintain the
signal window used by the correlation and energy computations (TDL or register
bank). Output buffering captures the storage needed to hold the produced output
values (Corr and NCC) at the HW/SW boundary.

Table 3.4 shows that input buffering requirements are similar across candidates:
the per-sample architectures (parallel-templates and parallel-indices) require M reg-
isters to store the current length-M window, whereas the lag-parallel architectures
(parallel-lags and bi-parallel) require M + J — 1 registers to simultaneously expose
J shifted windows. The dominant difference lies in output buffering. Block-based
architectures require 2/Nr.J output registers, i.e., a factor J more than per-sample
architectures. This increase directly reflects the bursty production of J consecutive
lag results per processing block and translates into a higher storage and interface
burden at the accelerator boundary.

40



In/out buffering (No. of registers)

Architecture Input Output values

parallel-templates | 40 M 16 2N
parallel-lags | 47 M+ J —1 | 128 2NrpJ
bi-parallel | 47 M+ J —1 | 128 2N J
parallel-indices | 40 M 16 2Np

Table 3.4: First-order register storage requirements for input and output buffering.
The input column corresponds to the number of registers required to hold the signal
window (TDL/register bank), while the output column corresponds to the number
of registers required to hold the accelerator output values (Corr and NCC) until
they are consumed. For each metric, the left column reports the value obtained for
the comparison settings (M = 40, Ny = 8, J = 8) and the right column provides
the general expression.

3.2.3 Architecture comparison and selected design

The candidate architectures are now compared by jointly considering the metrics
reported in the previous subsection. While the bi-parallel architecture exhibits the
lowest CPS and therefore the largest throughput margin, real-time feasibility at
fs = 20 kS/s is not a limiting factor for the other candidates either, since they
remain compatible with sub-MHz clock frequencies under the adopted scheduling
assumptions. Instead, the burst size emerges as an important integration consider-
ation: block-based architectures, i.e., parallel-lags and bi-parallel, produce 2Np.J
output values per processing block, which increases output buffering requirements
and complicates the HW /SW interface compared to per-sample architectures that
expose 2N values.

From a compute-resource perspective, Table 3.2 clearly favors the parallel-
templates and parallel-lags candidates. In contrast, the bi-parallel architecture
incurs a large replication of arithmetic resources due to two-dimensional parallelism,
and the parallel-indices architecture requires a wide dot-product datapath and
adder-tree reduction, resulting in a substantially higher arithmetic footprint. These
trends make bi-parallel and parallel-indices less attractive for an ultra-low-power
objective, despite their favorable CPS.

Local memory considerations further differentiate the remaining candidates.
The LMEM footprint and access-activity proxy in Table 3.3 tend to favor the
parallel-lags organization due to its narrow word width and efficient access energy,
whereas the parallel-templates organization requires wider words and therefore
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higher per-read energy. However, Table 3.4 shows that the parallel-templates
architecture benefits from substantially lower output buffering requirements: 2N
output registers instead of 2NpJ for block-based designs. Moreover, the LMEM
access-energy gap between the two remaining candidates can be mitigated by
leveraging register-file style SRAMs available in the target technology, which
provide lower access energy for shallow memories and therefore reduce the penalty
associated with wider words.

Overall, the parallel-templates architecture provides the most balanced trade-off
between compute footprint, memory requirements, and interface simplicity at the
targeted operating point. Consequently, it is selected for detailed microarchitectural
design and implementation in the remainder of this chapter.

3.3 Microarchitecture of the selected parallel-
templates design

This section describes the detailed microarchitecture of the selected parallel-
templates architecture. It begins with a high-level overview of the accelerator
organization, followed by a brief introduction of the LMEM and the TDL interfaces.
The control datapath is then presented, as it generates the control signals required
to coordinate the different functional blocks of the accelerator and supports the
various operating modes. Finally, the core computational blocks, namely the corre-
lation datapath, the signal energy computation, the RSQRT unit, and the NCC
formation datapath are described in detail in the subsequent subsections.

3.3.1 Architecture overview

Figure 3.5 presents a block diagram of the complete implementation of the parallel-
templates architecture. Input samples are streamed into the accelerator through
the data in port and stored in the TDL, while templates are stored in the LMEM.
The LMEM can be interfaced externally, allowing template updates through the
template in (tmpl in) port.

A control datapath receives external control signals, most notably the in valid
signal, which indicates the arrival of a new input sample. Based on these inputs,
it generates internal control signals to coordinate the operation of the different
functional blocks of the accelerator. Once the input sample has been successfully
ingested, the control datapath asserts the in ack signal to acknowledge the transfer.
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This handshake indicates that the in valid signal can be safely deasserted.

The correlation datapath and the signal energy datapath operate concurrently,
both receiving data from the LMEM output (¢tmpl out) and the TDL output (tap
out). As per the parallel-templates principle, the correlation between the input
signal window and the Ny templates is computed in parallel within the correlation
datapath. While the TDL iterates over the samples of the input signal window,
the signal energy datapath relies on control signals to select the relevant samples
from tap out for the rolling-sum update.

At the end of a full sweep over the M samples stored in the TDL, the correlation
coefficients are registered and made available on the corr out signal. A corr out
valid signal, generated by the control datapath, indicates that the correlation results
are valid and can be consumed. This event marks the transition between the first
and second stages of the accelerator.

In the second stage, the RSQRT of the signal energy is computed to obtain
the normalization factor. This factor is then multiplied sequentially with each
correlation coefficient to produce the corresponding NCC coefficients. As they are
computed, NCC values are registered and made available at the accelerator output.
A nce out valid signal is asserted for each NCC value to indicate its validity.

3.3.2 Input buffering and local memory

TDL Input samples received on the data in signal are buffered using a TDL. The
TDL is implemented as a shift register composed of M = 40 registers of W = 16
bits each, with taps exposing all intermediate register outputs. A single output,
tap out, provides access to the selected tap, as determined by the tap select signal.
This selection signal has a width of Wy = [log,(M)] = 6 bits. A shift control
signal, generated by the control datapath, governs both the synchronous shifting of
stored samples and the insertion of new input samples.

To avoid the need for explicitly resetting all 40 registers, an internal fill-level
register is used. This [log,(M + 1)] = 6-bit register tracks the number of valid
samples currently stored in the TDL. It is incremented each time a shift occurs,
up to a maximum value of M. During reset, only this fill-level register is cleared,
while the data registers themselves are left unchanged. When the selected tap
index exceeds the current fill level, the value presented at tap out is forced to zero,
ensuring correct behavior during the initialization phase.
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Figure 3.5: Block diagram of the microarchitecture of the parallel-templates design. Input samples are streamed into
the TDL, while the LMEM stores the templates. A control datapath receives external control signals and generates
internal control signals to coordinate the operation of the different functional blocks. The correlation datapath
computes, in parallel, the correlations between the signal window and the templates. In parallel, the signal energy
datapath computes the energy of the signal window. The resulting energy is forwarded to the RSQRT module, which
produces the normalization factor. This factor is then used in the NCC datapath together with the correlation results
to compute the NCC coefficients. The correlation and NCC outputs are made available at the accelerator interface
along with their corresponding valid signals.



In steady-state operation, new input samples are provided at a rate of f, =
20 kS/s, corresponding to one sample every feux/fs clock cycles. The tap select
signal sweeps sequentially from the first to the last tap, enabling the sequential
access to all samples of the current signal window during correlation and energy
computation.

LMEM Normalized templates are stored in the LMEM of the accelerator. As
discussed in the first-order cost model, the LMEM is implemented using an SRAM
macro optimized for the targeted technology. Templates are organized in a column-
wise fashion: for each template, the first sample is stored in the first row and the
last sample in the last row. This organization results in a required word width of

Wimem = Ny x W = 128 bits and a word depth of M = 40.

Access to the LMEM is controlled by the control datapath. When an external
template update is requested via the chip select signal, the accelerator is stalled
and the LMEM interface is made available externally. The write enable (wr enable
in) signal indicates a write operation at the address provided by addr in, which has
a width of Woqar = [log,(M)] = 6 bits. Fine-grain updates are supported through
the bit write enable (bw enable in) signal. These control signals are routed through
the control datapath and forwarded to the SRAM interface, together with a chip
enable signal that allows clock-gating of the memory during cycles where no access
is required.

The tmpl in port is used to write data into the LMEM, while the tmpl out
port provides read access to template samples for the correlation datapath. In
steady-state operation, template samples are read row by row in reverse order, at a
rate of one word per clock cycle, to match the natural ordering of the input signal
samples provided by the TDL. As the SRAM macro provides registered outputs,
read accesses have a latency of one clock cycle. Consequently, the read address
must be provided one clock cycle in advance so that valid data is available when
required by the correlation datapath. Consequently, during idle cycles, e.g., when
waiting for a new input sample, the address of the first word to be read is preloaded
so that valid data is immediately available at the LMEM output at the start of the
next computation.

3.3.3 Control datapath

In steady-state operation, a processing cycle is initiated when the in valid input
signal is asserted, indicating the arrival of a new input sample. During the following
clock cycle, the in ack signal is asserted by the accelerator, acknowledging that the
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sample has been accepted and that the internal processing cycle can begin.

The control datapath orchestrates the operation of the first stage by sweeping
over the taps of the TDL using the tap select signal and over the template samples
using the LMEM address signal addr out. These two signals advance synchronously
to ensure correct pairing between signal samples and template samples.

The correlation datapath is driven by two control signals. The corr sweep enable
signal indicates the start of a new correlation sweep over the M samples. The tap
select signal is used internally to control the accumulation process: at the first tap,
accumulators are initialized using only the current product, while subsequent taps
perform accumulation. At the final tap, the accumulated correlation results are
registered and made available at the corr out outputs.

The signal energy datapath is controlled by a 2-bit state signal that specifies
the operation to perform. The rolling-sum update is distributed across the sweep
as follows: the addition of the newest squared sample is performed when the first
tap is accessed, the subtraction of the previously stored oldest squared sample is
performed on the second tap (although it could be scheduled at any other non-
conflicting point), and the update of the stored squared sample corresponding to
the current window is performed when the last tap is accessed. This scheduling
ensures that all energy operations are completed within a single sweep.

At the completion of the sweep over the M taps, both the correlation results
and the updated energy value are valid. The corr out valid signal is asserted to
indicate that the correlation results can be consumed. Immediately afterwards,
a new input sample can be ingested, allowing continuous operation without idle
cycles.

A stalling mechanism is also implemented to support template updates during
operation. When a template update is requested, the control datapath temporarily
halts the progression of the sweep. During this pause, the correlation datapath
recomputes results using the updated template samples, while the signal energy
datapath resumes its operations once the stall is released.!

The second stage begins once the energy value becomes available, which occurs
after completion of the subtraction operation in the rolling-sum update. At this
point, the RSQRT module is triggered to compute the normalization factor. The

Tn the current implementation, this stalling mechanism exhibits a limitation: if a stall occurs
during a sweep, the companion register is not updated. In addition, if a stall occurs between
the addition and subtraction steps of the rolling-sum update, the subtraction operation may be
skipped. As a result, the energy computation becomes inconsistent, and template updates during
operation are therefore disabled in the present design.
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interface with the RSQRT module follows a standard handshake protocol: in valid
indicates that a new input value is available, in ready indicates that the module
can accept it, out valid signals that the result is available, and out ready indicates
that it has been consumed.

Once both the normalization factor and the correlation coefficients are available,
the NCC datapath is activated. The ncc state signal indicates when NCC computa-
tion can begin. The ncc index signal selects the appropriate correlation coefficient
from corr out and determines the destination register for the corresponding NCC
value. Each NCC coefficient is produced by multiplying the normalization factor
with the selected correlation value. As each result is computed, it is registered, and
the ncc out valid signal is asserted to indicate its availability.

3.3.4 Correlation datapath

The correlation datapath consists of Ny MAC lanes, each associated with one
template. Fach lane receives a WW-bit subset of the tmpl out signal, corresponding to
one template sample, and the current signal sample provided by tap out. Multipli-
cation is performed combinationally and preserves full precision, producing a 32-bit
result. This product is then sign-extended to match the accumulator width, i.e.,
2W + [log,(M)] = 38 bits, and accumulated in the corresponding register. After
completion of the accumulation, the correlation results are reduced in width and
saturated to a Q15 fixed-point format before being registered and made available
on the corr out outputs.

One MAC operation is performed per cycle in each lane, and after M cycles, all
correlation values are available. At the start of a sweep, the accumulator registers
are initialized with the first product rather than accumulating with a previous
value. Upon reset, both the accumulator registers and the output registers are
cleared to zero.

3.3.5 Signal energy datapath

The signal energy datapath implements a rolling sum of squared input samples
provided by the tap out signal. Each signal sample is first squared, producing a
32-bit result. This value is then sign-extended to match the accumulator width,
i.e., 38 bits, before being accumulated. The resulting energy is finally reduced in
width and saturated to a Q15 fixed-point format before being made available on
the energy out signal.

47



As described previously, the rolling sum is implemented using a companion
register that stores the squared value of the oldest sample in the current signal
window. The update equation of the rolling sum is given in (3.7), where the
first term corresponds to the previously accumulated energy, the second term
corresponds to the squared value of the newest sample entering the window, and
the third term corresponds to the squared value of the oldest sample leaving the
window, stored in the companion register:

E[r + 1] = E[1] + s*[T + M] — s*[7] (3.7)

From a timing perspective, the first two clock cycles of the update perform the
addition of the newest squared sample and the subtraction of the oldest squared
sample, respectively. A third clock cycle is used to reduce the accumulator width
and apply saturation, after which the energy value is made available to the RSQRT
module. Upon reset, the energy accumulator, the companion register, and the
output register are all cleared to zero. During the first M — 1 processing cycles,
the energy value is computed as if the input signal were zero-padded, since the
TDL is not yet fully populated.

3.3.6 RSQRT datapath

The RSQRT module is implemented as a three-stage pipeline. The first stage
captures the energy out signal from the signal energy datapath. The second and
third stages perform the reciprocal square root computation.

In the second stage, the input Q15 signal is first normalized. The sign of the
input is checked. If a negative value is detected, the output is forced to zero.
The position of the most significant bit (MSB) is then identified, and the input is
left-shifted such that the MSB is aligned to bit position W — 2. This operation
normalizes the input to the range [0.5,1). The four most significant fractional bits
of the normalized value are then used to index a lookup table (LUT), providing an
initial estimate of the RSQRT.

The LUT contains 16 entries corresponding to uniformly spaced values in the
normalization range, defined as z; = 0.5+4¢/32. Each entry stores the RSQRT value
in Q1.14 fixed-point format. This coarse approximation yields a mean absolute
error of 2.12% and a maximum absolute error of 51.19%.

To improve accuracy, a single Newton iteration is performed on the LUT
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estimate. The update equation is given by

2
Znorm Yn,
Yni1l = Un (1.5 -y ) , (3.8)

where x,,,m is the normalized input value and y,, is the initial RSQRT estimate
from the LUT, both represented in Q1.14 format. The division by 2 is implemented
as a right shift. This refinement reduces the mean absolute error to 0.05%, with a
maximum error of 1.77%.

The resulting RSQRT value is then denormalized. To preserve precision, the
result is represented using two signals: a mantissa out, formatted as a Q15 value,
and a shift out signal indicating the number of left shifts required to reconstruct
the final result.

Overall, the RSQRT computation requires three clock cycles (Ngq = 3). Taking
into account the latency of the preceding stages, a total of six clock cycles elapse
between the ingestion of a new sample and the availability of the corresponding
normalization factor.

3.3.7 NCC formation datapath

The NCC formation datapath combines the normalization factor with the correlation
results to produce the final NCC coefficients. For each of the N correlation values, a
single multiplier is reused sequentially. At each cycle, one Q15 correlation coefficient
from the corr out signal is selected and multiplied by the normalization factor
provided on the mantissa out signal.

The resulting 32-bit product is then left-shifted according to the value of shift
out, which encodes the denormalization factor. The shifted value is subsequently
reduced in width and saturated to the Q15 format. Each NCC coefficient is
registered and made available at the accelerator output through the (Np x W)-bit
nce out signal.

The NCC computation is performed sequentially over Ny cycles and can be
overlapped with the computation of the next set of correlation coefficients, ensuring
that the NCC stage does not limit the overall throughput. Unlike the corr out
outputs, the ncc out registers are not reset to zero.
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3.3.8 Implementation summary

The implemented parallel-templates architecture achieves a steady-state throughput
of one processed input sample every M = 40 clock cycles, consistent with the CPS
values derived in the first-order cost model. This ensures compatibility with the
target input rate at sub-MHz clock frequencies.

From a latency perspective, M cycles are required to complete the correlation
accumulation for a given input sample. Overlapping with this, a total of 3+/Ngq = 6
cycles are required to obtain the normalization factor. An additional Ny = 8 cycles
are needed for the sequential NCC formation. As these operations are pipelined,
the end-to-end latency is dominated by the correlation stage and can be translated
as M + Np = 48 cycles. This confirms that the correlation datapath primarily
dictates the overall latency.

The two-stage operation of the accelerator is enabled by the scheduling of
computations. The RSQRT and NCC operations are completed within the M-cycle
budget associated with the correlation accumulation of the next input sample.
Consequently, the second stage does not stall the first stage, and continuous
processing is achieved without additional buffering or idle cycles. The control
datapath ensures that all data dependencies are satisfied while maintaining pipeline
efficiency.

Overall, the implementation validates the assumptions made in the first-order
model and achieves a balanced trade-off between performance and hardware cost.
The parallel computation of correlations, combined with the sequential reuse of
arithmetic resources in the second stage, enables real-time operation at low clock
frequencies while limiting design complexity.

3.4 Verification approach and implementation
toolflow

To verify the functionality of the accelerator and evaluate its numerical precision,
the following methodology is adopted. A behavioral simulation is performed using,
as input stimulus, one of the 30-minute preprocessed VENG recordings and a subset
of eight templates selected from the twelve-template bank. This subset corresponds
to the most frequently selected templates by the trace aggregation stage in the
reference software implementation.

In software, four implementations of the NCC computation are evaluated: a
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floating-point full-precision version, the previously presented reference implementa-
tion, the reduced-precision implementation, and a further reduced-precision version
using Q7 arithmetic.

The floating-point implementation serves as the gold standard. Absolute errors
for both the correlation results and the NCC coefficients are computed for each of
the other software implementations, as well as for the hardware implementation,
with respect to this reference. Statistical metrics of these errors are then evaluated
and compared to assess the numerical accuracy of the proposed design.

From a technical standpoint, the implementation of the accelerator and its
associated testbenches is carried out using the SystemVerilog hardware description
and verification language. Behavioral simulations are performed using QuestaSim
from Siemens EDA. Logic synthesis is conducted using the Design Compiler tool
from Synopsys, targeting the TSMC 65 nm technology node.

Post-synthesis structural simulations are also performed using QuestaSim, from
which switching activity annotations are extracted. These annotations are then used
to perform a second logic synthesis run, enabling more accurate power estimation.
Physical synthesis is not performed in this work. Consequently, the reported PPA
metrics are derived solely from logic synthesis.
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Chapter 4

Characterization and discussion

This chapter presents the characterization of both the software and hardware
components developed in this work. The evaluation and measurement methodology
is first detailed, followed by the presentation and analysis of the obtained results.
Finally, the integration perspective of the proposed solution within the BREWER
platform [8] is explored, and a comparison with existing neural spike processing
systems is provided.

4.1 Software implementation characterization

In this section, the different software implementations introduced in Chapter 2,
namely the 32-bit reference implementation, the 16-bit reduced-precision imple-
mentation, and the HW/SW-compatible implementation, are characterized. First,
their functional performance is evaluated using the metric score (MSC) defined in
Chapter 1. Then, their execution time, power consumption, and memory utilization
are analyzed on the target evaluation platform.

4.1.1 Evaluation and measurement setup

As introduced in Section 1.3.3, a methodology is used to evaluate the ability of the
algorithm to detect seizure events and to compare different implementations. The
metric score (MSC) is defined as the ratio between the RMS value of the metric
trace m|m| over the seizure interval and over the baseline interval. Higher MSC
values indicate better discrimination between these two regimes. In the provided
dataset, six recordings, denoted P1 to P6, are processed using each algorithm
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implementation along with their corresponding preprocessing steps. For each
recording and each implementation, an MSC value is computed. An average MSC
across all recordings is also reported.

Execution time, power consumption, and memory utilization are evaluated on
a NUCLEO-L4A6ZG development board from STMicroelectronics. This board
integrates an STM32L4A6ZG microcontroller featuring a Cortex-M4 processor,
320 kB of RAM, and clock frequencies up to 80 MHz. Unless otherwise specified, a
processor clock frequency of 48 MHz is used, in line with [6]. Among the available
power modes of the MCU, two are considered. The run mode, operating with
the main voltage regulator in Range 1, is required to support the selected clock
frequency. The idle mode corresponds to the Stop 2 mode, in which the low-power
voltage regulator remains active while the processor, flash memory, and peripherals
are powered down.

Processing is triggered by interrupts generated via a user button, allowing
the MCU to wake up from the idle state and execute the processing sequence.
Execution time is measured using the built-in data watchpoint and trace cycle
counter, which provides cycle-accurate measurements without perturbing execution.
Cycle counts are obtained for each task independently and averaged over 100
iterations. Execution times are then derived using the processor clock frequency.

Power consumption is measured using a Model 2450 source measure unit (SMU)
from Keithley. A supply voltage of 1.8 V is provided, and high time-resolution
current measurements are recorded to capture detailed power traces. From these
measurements, power consumption is extracted for both run and idle modes.

Finally, memory utilization is obtained after compilation of the code base. A
detailed breakdown is derived from the generated .map file.

4.1.2 Functional evaluation

The functional performance of the algorithm is evaluated using the methodology
described previously, and the results are reported in Table 4.1. The baseline
implementation presented in [6], when applied to the dataset used in this work,
achieves an average MSC of 3.45. This value shows limited variation across
recordings, ranging from 4.80 for P1 to 1.66 for P6.

Among the three implementations considered, the reference implementation
achieves the highest MSC values, with an average of 11.48 and a peak value of
26.55 for P1. The reduced-precision implementation yields intermediate results,
outperforming the baseline on most recordings.
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Metric score (MSC)
PI P2 P3 P4 P5 P6 Avg

Baseline 4.80 3.50 2.55 3.93 428 1.66 3.45
Reference 26.55 1.73 7.74 12.50 4.49 15.84 11.48
Reduced-precision 23.30 2.61 9.58 6.01 4.05 11.38 9.49

Table 4.1: Metric scores obtained for each implementation across six recordings
(P1-P6). For each recording, the highest score is highlighted in bold. The full-
precision reference implementation achieves the highest average MSC, while the
reduced-precision implementation generally outperforms the baseline approach.

An exception is observed for P2, where the baseline implementation achieves
the highest MSC. Notably, all implementations yield relatively low MSC values for
this recording, suggesting that the selected templates may be poorly matched to
this dataset or that other limiting factors affect the algorithm performance for this
specific case.

Overall, the increase in MSC observed for both the reference and reduced-
precision implementations indicates that the optimizations introduced in this
work improve the robustness of the algorithm. Although the reduced-precision
implementation exhibits slightly lower MSC values than the reference, it provides
a favorable trade-off between numerical precision and implementation cost. This
result demonstrates that reduced-precision computation can preserve most of the
algorithm’s discriminative capability while significantly lowering implementation
complexity.

4.1.3 Execution time characterization and scalability

A detailed breakdown of the execution time for each task of the baseline, reference,
and reduced-precision implementations is provided in Figure 4.1. Baseline results
are directly taken from [6], while the execution times of the reference and reduced-
precision implementations are measured as described in Section 4.1.2. To enable a
fair comparison, a single template is used for this detailed breakdown.

It should be noted that only the execution time of the NCC computation
depends on the number of templates, whereas the peak finding, AP validation,
and metric computation tasks remain independent of this parameter. Similarly, in
the baseline implementation, the filtering, clustering, and metric detection tasks
exhibit constant execution time regardless of the number of templates.
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Figure 4.1: Execution-time breakdown across tasks for the three implementations,
shown as a bar chart. For each implementation, measurements are obtained at a
clock frequency of 48 MHz using a single template. The total execution time is
indicated at the end of each bar. In the baseline implementation, the AP detection
task corresponds to the combined execution time of the NCC computation, peak
detection, and AP validation stages. A fourfold reduction in execution time is
observed between the baseline and the reduced-precision implementation.

As shown in the bar charts, a significant reduction in execution time is observed
between the baseline implementation and the reference and reduced-precision
implementations. This improvement is partly due to the removal of the filtering
task, which is handled as a preprocessing step in this work. However, the main
contribution comes from the AP detection stage, and in particular from the NCC
computation. A complete rewrite of this task enables a reduction in execution time
by a factor of 2.69 for the reference implementation and 3.3 for the reduced-precision
implementation. Overall, this work provides a more efficient computation of NCC
coefficients.

Consequently, a fourfold reduction in total execution time is achieved between
the baseline and the reduced-precision implementations. In terms of duty cycle,
the active time decreases from 72.61 % for the baseline to 17.51 % for the reduced-
precision implementation. This reduction allows the MCU to spend a larger fraction
of time in low-power modes, resulting in significant power savings.

Figure 4.2 presents the execution time breakdown for the HW /SW-compatible
implementation. This implementation is tightly coupled to the hardware accelerator
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Figure 4.2: Execution-time breakdown for the HW /SW-compatible implementation,
shown as a bar chart. For this implementation, the number of templates is Ny = 8.
An even lower execution time is achieved compared to the reduced-precision
implementation despite processing eight templates, highlighting the efficiency of
having a hardware accelerator.

parameters, in particular the number of templates (N = 8). In this configuration,
the NCC computation task is offloaded to hardware and is therefore removed from
the software execution path. The remaining real-time task on the MCU is the
traces aggregation, which operates following the data acquisition schedule described
in Chapter 2.

The traces aggregation task is executed every 50 ps. The reported execution
time corresponds to the cumulative execution time over 10000 iterations, which
are required to fill the buffer used by the main processing stage. Once the buffer
is filled, the main processing stage executes the peak finding, AP validation, and
metric computation tasks.

From a real-time perspective, the traces aggregation task satisfies the first hard
real-time constraint. A single execution requires 287 clock cycles, corresponding to
5.98 ps at 48 MHz. Within the 50 ps period, this results in an active duty cycle of
11.9 %. After buffer completion, the main processing stage executes in 2.74 ms.
This value excludes the 61 interruptions caused by trace aggregation during its
execution.

Overall, the second real-time constraint, requiring completion of the remaining
algorithm pipeline within 500 ms, is comfortably satisfied. The resulting effective
duty cycle, including trace aggregation during main processing, is 12.51 %, rep-
resenting a reduction of 5 percentage points compared to the reduced-precision
software implementation, while enabling the use of eight templates. This demon-
strates that the proposed HW/SW-compatible implementation not only meets
real-time constraints but also supports scalable operation with reduced processor
utilization, enabled by the use of a hardware accelerator.
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Figure 4.3: Total execution time as a function of the number of processed templates
for the three software implementations and the HW /SW-compatible implementation.
The baseline implementation violates the real-time constraint as soon as more than
one template is used, while the reference and reduced-precision implementations
support up to six and seven templates, respectively. The HW /SW-compatible
implementation, highlighted by a yellow star, processes eight templates with an
execution time of 62.53 ms. Overall, the use of a hardware accelerator enables the
processing of a higher number of templates while maintaining a low and nearly
constant execution time.

Figure 4.3 provides insight into the scalability of the total execution time of
the presented software implementations with respect to the number of templates.
Constrained by the main real-time requirement of processing 500 ms of signal
within a 500 ms time frame, the baseline implementation from [6] exceeds this limit
as soon as more than one template is used. In this work, this limit is extended to
six and seven templates for the reference and reduced-precision implementations,
respectively. This improvement results from a combination of lower constant
execution time and a reduced growth rate of execution time as the number of
templates increases. The reduced-precision implementation exhibits an even smaller
slope than the reference implementation, which can be attributed to the use of single
instruction, multiple data (SIMD) operations for 16-bit arithmetic, in contrast to
32-bit operations.

The HW /SW-compatible implementation is represented by a yellow star at the
eight-template point. As expected, this implementation outperforms the software-
only approaches thanks to hardware acceleration. While the number of templates is
fixed in this configuration, as it is constrained by the hardware accelerator design,
the execution time is largely decoupled from the number of templates. Consequently,
a low execution time can be maintained even as the number of templates increases,
provided that the accelerator is dimensioned accordingly.
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Overall, the execution-time analysis demonstrates substantial improvements
over the baseline implementation from [6]. Furthermore, the HW/SW approach is
strongly motivated by the significantly reduced processor duty cycle, enabling both
improved scalability and enhanced energy efficiency.

4.1.4 Power characterization

Power measurements and corresponding duty cycles for the reference and reduced-
precision implementations are reported in Table 4.2. The power consumption in
both run and idle modes is provided.

The baseline power consumption is not directly taken from [6], as a different
evaluation platform was used. Instead, a projection is performed by combining the
duty cycle reported in [6] with the power measured for the reference implementation.
The idle power consumption is assumed to be identical across all implementations.

A reduction of 6.35 mW is observed between the projected baseline and the
reference implementation. This decrease is primarily attributed to the significant
reduction in duty cycle, which allows the MCU to spend more time in low-power
idle mode. The reduced-precision implementation exhibits a slightly higher run-
mode power consumption, which can be attributed to the use of SIMD instructions
that increase instantaneous processor activity despite improving computational
efficiency:.

Overall, the reduced-precision implementation achieves a total power consump-
tion of 2.45 mW, representing a substantial improvement over the projected baseline
while maintaining high computational performance.

Table 4.3 reports the power consumption of the different operating modes of
the HW /SW-compatible implementation, along with the associated duty cycles, for
three processor clock frequencies. The "aggr." label refers to the trace aggregation
task, while "main" corresponds to the remaining processing pipeline. At 48 MHz,
the run mode corresponds to the configuration described in Section 4.1.2. For lower
clock frequencies (24 MHz and 8 MHz), the main voltage regulator is switched to
Range 2 to reduce power consumption.

At a given clock frequency, the aggregation and main tasks exhibit similar
power consumption, indicating a comparable level of processor activity in both
cases. Overall, reducing the clock frequency does not significantly decrease total
power consumption, as the increase in duty cycle compensates for the reduction in
instantaneous active power.
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Power consumption (mW)

Implementation ~ Duty cycle (%) Run Idle Total
Projected Baseline 72.61 12.62 0.22 9.23
Reference 21.46 12.62 - 2.88
Reduced-precision 17.51 12.94 - 2.45

Table 4.2: Duty cycle and power consumption measurements for the three software
implementations using a single template. The duty cycle represents the proportion
of time spent in the run mode. The baseline implementation is projected using the
run-mode power measured for the reference implementation and assuming identical
idle power across implementations. The reduced-precision implementation achieves
a significant reduction in total power consumption, with a factor of 3.77 compared
to the projected baseline.

Duty cycle (%) Power consumption (mW)
fepu (MHz)  Aggr.  Main Aggr. Main Idle Total

48 11.96 0.55 11.65 1291 0.22 1.66
24 23.92 1.10 593  6.23 - 1.65
8 71.75 3.29 214 235 - 1.66

Table 4.3: Duty cycle and power consumption of the HW /SW-compatible implemen-
tation for different CPU clock frequencies. The duty cycle and power consumption
are reported separately for the aggregation task (Aggr.) and the main processing
task. While the duty cycle varies significantly with clock frequency, the total power
consumption remains nearly constant, indicating a balance between execution time
and dynamic power.

The lowest total power consumption is observed at 24 MHz, reaching 1.65 mW.
This represents a reduction of approximately 800 pW compared to the reduced-
precision software implementation, while supporting an increase in the number of
templates from one to eight. Although the power consumption of the hardware
accelerator itself is not included in this measurement, this result constitutes a
significant step toward an ultra-low-power implementation of the seizure detection
algorithm proposed in this work.
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Figure 4.4: Memory utilization for the reference and reduced-precision implemen-
tations, shown as pie charts, with detailed breakdowns provided in adjacent bar
charts. The reference implementation, based on 32-bit data, requires larger memory
buffers compared to the reduced-precision 16-bit implementation highlighting the
impact of data width reduction on overall memory requirements. In both cases, the
data structures associated with the NCC computation dominate memory usage,
followed by the signal double buffer.

4.1.5 Memory utilization

The 320 kB RAM utilization for the reference and reduced-precision implementa-
tions is reported in Figure 4.4, along with a breakdown of memory usage across
the different tasks.

Transitioning from a 32-bit to a 16-bit implementation results in a reduction
of 121 kB, corresponding to 38 % of the total available memory. The majority of
memory usage is associated with the NCC computation task, followed by signal
buffering and the data structures used to store AP features.

The memory utilization of the HW /SW-compatible implementation, shown in
Figure 4.5, further highlights the benefits of hardware acceleration. A reduction of
79 kB is achieved compared to the reduced-precision implementation, primarily
due to the removal of input signal buffering and the working buffers required for
NCC computation.

With such a reduced memory footprint, it becomes feasible to relocate data
previously stored in flash memory, such as program instructions, into RAM. This
enables the potential deactivation of the flash memory during operation, resulting
in additional power savings. Furthermore, the target platform allows for the
deactivation of 64 kB of RAM, which could be leveraged to further reduce overall
power consumption.
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Figure 4.5: Memory utilization for the HW /SW-compatible implementation, with a
detailed breakdown. This implementation exhibits even lower memory usage than
the reduced-precision implementation. This improvement stems from the offloading
of the NCC computation to hardware, which eliminates the need for additional
working buffers in software beyond those required to store the aggregated traces.

4.2 Hardware accelerator

In this section, the hardware accelerator designed and implemented in Chapter 3 is
characterized. First, the numerical accuracy of the correlation and NCC outputs is
evaluated against software-based implementations with different precision levels.
Next, post-synthesis power and area metrics are reported. Finally, an analysis of
timing closure, latency, and throughput is presented.

4.2.1 Evaluation and synthesis setup

The methodology used to evaluate the functionality of the hardware accelerator
is detailed in Section 3.4. A behavioral simulation is performed using recording
P1, which contains approximately 41 million samples, along with eight templates.
The results are compared against three software-based implementations: a 32-bit
version equivalent to the reference implementation, a 16-bit version corresponding
to the reduced-precision implementation, and a further reduced-precision version
using 8-bit arithmetic. These implementations are realized using the CMSIS-DSP
Python wrapper.

A floating-point computation of the correlation and NCC coefficients is used as
the ground truth. Absolute errors are computed with respect to this reference, and
the following statistical metrics are reported: the mean, as well as the 1st, 25th,
50th, 75th, and 99th percentiles.
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Power and area results are derived from logic synthesis. A clock period of 1000 ns
is assumed, corresponding to a clock frequency of 1 MHz. The clock uncertainty is
set to 0.5 ns, the output pin load to 0.01 pF, and the input transition time to 0.1 ns.
Switching activity annotations obtained from post-synthesis structural simulations
are used to perform a second synthesis run, enabling a more accurate estimation of
power consumption.

4.2.2 Numerical validation

Figure 4.6 presents box plots of the absolute error distributions for the correlation
and NCC outputs across the three software implementations and the hardware
accelerator.

For the correlation results, the absolute error distribution of the hardware
accelerator matches that of the Q15 software implementation. Both distributions,
together with the Q7 implementation, are centered around 7.48 x 1073, whereas the
Q31 implementation exhibits significantly lower errors, with a median of approxi-
mately 1.5 x 1075, The spread of the distributions for the Q31, Q15, and hardware
implementations is comparable, while the Q7 implementation shows a much wider
distribution, with a 99th percentile reaching up to 1.16. The mean absolute error
of the Q7 implementation is also significantly higher, at 5.34 x 1072, compared to
1.41 x 1073 for both the Q15 and hardware implementations.

For the normalized cross-correlation results, the differences between implemen-
tations are more pronounced. The Q31 implementation again achieves the lowest
errors, with a median of 6.28 x 107> and a 99th percentile below 7.79 x 10=%. The
Q15 implementation exhibits a median of 1.94 x 1073 and a 99th percentile of
2.49 x 1072. In contrast, the hardware accelerator achieves improved accuracy
compared to the Q15 implementation, with a median of 2.36 x 10~* and a 99th
percentile of 8.94 x 10~*. This places the hardware accelerator performance between
the Q31 and Q15 software implementations.

These results highlight the benefit of maintaining higher internal numerical pre-
cision within the hardware datapath for accumulation and multiplication operations,
despite using 16-bit interfaces. As expected, the Q7 implementation exhibits the
highest absolute errors. Nevertheless, these results do not preclude the possibility of
designing a reliable 8-bit-based seizure detection system, especially when combined
with hardware acceleration techniques that help preserve numerical accuracy.
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Figure 4.6: Box plots of the absolute error distributions for the correlation and
NCC signals across three software implementations and the implemented hardware
accelerator. The software implementations range from 32-bit to 8-bit precision, while
the hardware accelerator interfaces using 16-bit values but employs wider internal
datapaths to improve accuracy. For correlation, the absolute error distribution of
the hardware accelerator matches that of the Q15 implementation, with a median of
approximately 7.48 x 1073, For the NCC results, the hardware accelerator achieves
an intermediate accuracy between the Q31 and Q15 implementations, with a limited
spread of errors and a median of 2.36 x 107,

4.2.3 Post-synthesis power and area

Figure 4.7 reports the distribution of power consumption and cell area across
the different modules of the hardware accelerator. The total power consumption
obtained after the second logic synthesis pass is 53.48 ptW. Although this value
does not reflect the consumption of a fully fabricated design, it provides a valid
order-of-magnitude estimate. Compared to the power consumed by the MCU, this
contribution remains marginal.

The total power is distributed across the various modules of the accelerator.
In particular, the LMEM implemented using register-file-based SRAM exhibits a
power consumption of 10.2 pW. Alternative memory implementations were also
evaluated: logic-based SRAM and SRAM macros exhibit higher power consumption,
at approximately 53.5 nW and 39.4 pW, respectively. Overall, memory modules,
including the TDL and the LMEM, account for a significant fraction of the total
power consumption.

The total cell area reported is 0.062 mm?, with the LMEM accounting for more
than one quarter of this area. Once again, the register-file-based SRAM provides
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Figure 4.7: Pie charts showing the hierarchical distribution of power and cell
area obtained from logic synthesis. The total power consumption of 53.48 pW
is negligible compared to the 1.66 mW consumption of the HW /SW-compatible
software implementation. The core accelerator dominates both power consumption
and cell area. The use of register-file-based SRAM macros enables low memory
power while maintaining a compact area footprint.

the most area-efficient solution, occupying 0.017 mm?, compared to 0.068 mm? for
logic-based SRAM and 0.033 mm? for SRAM macros. Overall, memory structures
represent nearly half of the total area when including the LUT used in the RSQRT
module. It should be noted that these estimates correspond to post-synthesis cell
area and do not include routing overhead. With the exception of the SRAM-based
LMEM, the remaining logic area is expected to increase by at least a factor of two
after physical synthesis.

4.2.4 Timing closure, latency and throughput

At a clock frequency of 1 MHz, a worst-case slack of 983.87 ns is reported, with
the critical path located within the RSQRT module. This result highlights the
significant timing margin of the accelerator and motivates the exploration of low-
power techniques that can exploit this margin to further reduce power consumption.

As a reminder, the accelerator achieves a steady-state throughput of one pro-
cessed input sample every M = 40 clock cycles, with an overall latency of 48 cycles.
Based on these figures, the clock frequency can be reduced to 800 kHz while still
satisfying the real-time constraint imposed by the 20 kS/s sampling rate.
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4.3 Integration perspective and system compari-
son

This section positions the proposed hardware accelerator within a realistic system
context by first evaluating its integration within the BREWER platform introduced
in [8]. The resulting system-level performance is then compared with existing
neural spike processing systems.

4.3.1 Projection on the BREWER platform

To assess the system-level relevance of the proposed hardware accelerator, a pro-
jected integration within the BREWER platform introduced in [8] is considered.
The BREWER chip integrates an ultra-low-power dual-channel AFE tailored for
VENG acquisition in an implantable system. In addition, it includes an on-chip
DBE implementing an IIR decimation and filtering stage, and embeds a Cortex-M4
MCU.

In the projected integration considered here, the proposed accelerator is placed
between the DBE and the embedded Cortex-M4. Acquisition, filtering/decimation,
and correlation/NCC computation are therefore performed in hardware, while the
remaining stages of the detection pipeline are executed in software on the embedded
MCU. Based on this partitioning, a system-level power consumption projection is
derived in the following.

AFE and DBE In [8], the AFE4+DBE supply current is reported as 9.8 pA at
1.2 V, which corresponds to a power consumption of

Post-layout evaluation further indicates that the DBE accounts for approximately
1.13 uW of this budget [8].

MCU /software projection As no Cortex-M4 power figures are reported in [8],
the MCU energy is estimated using results from [18]. In that work, a software
execution of a 4096-point FFT on a Cortex-M4 synthesized in the same 65 nm
technology reports an energy of Fppr = 23354.7 nJ at fux = 128 MHz and
V = 1.2 V, with an execution time of tppr = 2.537 ms. From these values, a
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first-order normalized dynamic current can be derived as

_ Erpr
V trpr fox

which is used here as a proxy for the Cortex-M4 dynamic consumption in run
mode.

= 59.93 pA/MHz, (4.2)

[dyn,norm

Using the HW /SW-compatible implementation operating point ( fox = 24 MHz),
the run-mode dynamic power is estimated as

Paynran © V- Igynnorm - fex = 1.2 V x 59.93 nA/MHz x 24 MHz = 1.73 mW. (4.3)

With an effective software duty cycle of 25%, the average dynamic contribution
becomes 0.25 x 1.73 mW = 432.5 nW. A static component is added to account
for circuitry remaining powered during idle periods. Using the Stop 2-mode
consumption reported for the STM32L4A6xG MCU family [19], the static power is
estimated at 4.63 ntW. The resulting software-related power estimate is therefore

Psw = 432.5 tW + 4.63 pW = 437.13 pW. (4.4)

The additional cost of DMA transactions required to fetch accelerator outputs
while the MCU is in low-power mode is not included in this estimate.

Hardware accelerator The accelerator power reported in this work (Pgw =
53.48 nW) is obtained from post-logic-synthesis power estimation with activity
annotation, and physical synthesis is not performed. Consequently, this value should
be interpreted as an order-of-magnitude estimate. A post-layout implementation
would typically increase the power due to routing and parasitic effects. Therefore,
a conservative margin of +20% to +50% is expected.

Total power budget Using the above estimates, the projected total power
consumption is

Piotal = Pareqpse + Psw + Paw = 502.37 pW. (4.5)

Compared to the 1.92 mW reported in [6], this corresponds to an overall reduction
by a factor of approximately 3.8. In this projected budget, software processing
remains the dominant contribution, indicating that further system-level gains would
primarily come from reducing MCU activity and from tighter integration of the
accelerator data path.
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4.3.2 Comparison with neural spike processing systems

To position the proposed seizure detection system with respect to existing work,
two recent neural spike processing systems are considered. [20] and [21] present
low-power spike-sorting processors. Spike sorting consists of detecting neural spikes
in an acquired signal and assigning them to putative neurons in order to distinguish
the activity of different sources.

In contrast, the system proposed in this work targets a fundamentally different
task, namely seizure detection. While the compared works focus on spike sort-
ing, which involves detection, clustering, and classification, the proposed design
emphasizes NCC-based template matching followed by software-side feature ex-
traction and seizure metric computation. As such, the underlying computational
models differ significantly. From an architectural perspective, the proposed solution
relies on a HW/SW co-design approach, in which the computationally intensive
NCC operations are offloaded to dedicated hardware while control and higher-level
processing remain on the MCU. In contrast, the referenced works integrate a
larger fraction of the signal-processing pipeline directly into dedicated hardware
structures.

Despite these differences, the comparison reported in Table 4.4 remains informa-
tive at the system level, as it provides a perspective on power consumption across
neural signal processing systems. When considering the accelerator alone, the
proposed design exhibits a power consumption within the same order of magnitude
as the two reference systems, lying between the two comparison points.

When considering the full projected system, the total power consumption
reported in this work may appear comparable to that of the compared spike-sorting
processors. However, this observation must be interpreted with caution, as it
reflects differences in both system architecture and technology nodes. In particular,
the proposed design targets a 65 nm process, whereas the OJCAS’2025 system is
implemented in a 180 nm technology, making direct power comparisons non-trivial.

Furthermore, this result is consistent with the design choices made in this work,
as a significant portion of the processing pipeline remains implemented in software
on a general-purpose MCU. In contrast, the referenced works rely on more tightly
integrated hardware implementations, resulting in lower overall system power.
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ISCAS’2023 [20] OJCAS’2025 [21] This work

Technology (nm) 28 180 65
Clock frequency (MHz) 1.5 150 1
Core voltage (V) 0.72 1.8 1.8
Input sampling rate (kHz) 40P 30 20
Input word length (bits) 10P 12 12°¢
Total power (nW) 20.244 568.244 502.73
Accel. power (pnW) - - 53.48

2 Derived from the reported cycle count and sampling rate, P using the AFE
reported in [22], ©using the AFE reported in [8], “reported for 8 channels.

Table 4.4: Comparison with two recent low-power neural spike processing systems.
Although the proposed design targets seizure detection rather than spike sorting,
the comparison provides a useful system-level perspective on power consumption
across embedded neural signal processing architectures. For this work, both the
accelerator-only power and the projected total system power are reported.
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Conclusion

At the core of this work is the design of a specialized hardware accelerator, to-
gether with significant software and algorithmic optimizations, with the objective
of building an ultra-low-power vagus nerve-based seizure detection system. In par-
ticular, substantial modifications to the ULP VENG-based seizure detection system
proposed in [6] are introduced. From an algorithmic standpoint, adaptations are
made to better support the deployment of a hardware accelerator for NCC-based
template matching. On the software side, the implementation is optimized to
reduce power consumption through a reduction of the word length from 32-bit to
16-bit. Most importantly, multiple hardware architectures for NCC-based template
matching are explored and compared, ultimately leading to the implementation of
a parallel-template NCC hardware accelerator.

Compared to [6], the proposed software-only optimizations enable a reduction
in total execution time by a factor of 4 and a reduction in power consumption
by a factor of 3.77 when using a single template. The execution time is reduced
to 87.57 ms for a 500 ms window of pre-filtered VENG signal. The measured
power consumption is 2.45 mW on the NUCLEO-L4A6ZG development board from
STMicroelectronics. As a result, the algorithm can now process up to 7 templates
under real-time constraints, compared to a single template in [6]. Furthermore,
the hardware accelerator-compatible software implementation achieves a reduced
power consumption of 1.65 mW at a clock frequency of 24 MHz.

The implementation and logic synthesis of the proposed parallel-template NCC
hardware accelerator yield an estimated total power consumption of 53.48 pW
at a clock frequency of 1 MHz, while maintaining high computational accuracy,
with a median absolute error of 0.748 % for correlation and 0.024 % for NCC. A
projection onto the BREWER chip introduced in [8] predicts a system-wide power
consumption of 502.37 pW with a significant portion still attributed to processing
operations.
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Taken together, these results represent a meaningful step toward the realization
of implantable ultra-low-power VENG-based seizure detection systems for drug-
resistant epilepsy. In particular, this work demonstrates that NCC-based template
matching can be effectively adapted to stringent power constraints through a co-
design approach combining algorithmic simplifications, software optimizations, and
dedicated hardware acceleration, without compromising detection performance.

Despite these promising results, several limitations must be acknowledged.
First, the evaluation of the proposed system relies on a limited set of VENG
recordings, which may restrict the generalizability of the results across a broader
range of patients and seizure patterns. Second, the evaluation of seizure detection
performance through the chosen metric does not provide a complete assessment,
as it does not capture aspects such as the spurious detection of epileptic events,
detection latency, or other clinically relevant factors. Third, the results obtained
for the hardware accelerator are based on post-logic synthesis reports rather than
post-physical synthesis or full silicon validation. Consequently, non-negligible
deviations in power and area estimates can be expected. Finally, the integration
of the hardware accelerator within the complete BREWER system, including the
embedded Cortex-M4 processor and the AFE4+DBE chain, is not addressed in this
work. As a result, additional power and area overheads are anticipated due to
the required interfacing with the DBE output, as well as with the system bus and
DMA module.

Future work could extend this study in several directions. At the algorithmic
level, a first step would involve introducing a periodic template selection mechanism
and exploring alternative approaches for peak detection in the aggregated NCC
signal. In addition, the seizure detection algorithm should be validated on larger and
more diverse datasets, using more comprehensive and clinically relevant evaluation
metrics to better assess robustness and generalization capabilities.

From a hardware perspective, accelerating the trace aggregation step could
simplify real-time scheduling at the software level while reducing output buffering
requirements and improving communication efficiency with the processor. Fur-
thermore, the integration of the hardware accelerator into a complete implantable
system-on-chip, including the analog front-end and bus infrastructure, together with
full physical synthesis, sign-off, and tape-out, would enable a more comprehensive
assessment of system-level performance.

All told, this work demonstrates that a careful co-design of algorithms, software,
and hardware architectures enables efficient seizure detection within tight ultra-low-
power constraints, thereby bringing implantable VENG-based monitoring systems
significantly closer to practical clinical deployment.
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