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Highlights:

*  Compression Based Feature Reduction (CBFR) is presented as a transform-based lossy compression
and feature selection pipeline for BCI devices.

*  For transform-based compression in CBFR, DWT (Sym4, Haar), DCT, and WHT are compared for
compression performance, signal quality, and decoding performance.

* CBFR is validated on invasive and non-invasive wrist surface recordings.

* CBFR reaches 11.29x compression on invasive data while preserving or improving accuracy.

* CBFR reaches 21.08 x compression on non-invasive data while preserving decoding accuracy.

Abstract: Implantable neural prosthetic systems must transmit multichannel peripheral nerve recordings
under strict power and wireless bandwidth constraints. This study evaluates a compression based feature
reduction (CBFR) pipeline that couples transform domain lossy compression with post-compression
feature reduction to preserve motor decoding while reducing data rate. After preprocessing, signals are
compressed using Sym4/Haar the discrete wavelet transform (DWT), the discrete cosine transform (DCT),
or the Walsh—-Hadamard transform (WHT) with coefficient soft-thresholding, reconstructed, and used
to compute 14 time-domain features. CBFR then computes feature-wise normalized root mean square
error (NRMSE) relative to the preprocessed baseline and discards features that are insufficiently preserved
before training a GRU classifier. On invasive recordings, CBFR achieves up to 11.29x compression
while keeping accuracy about 11% above baseline. On non-invasive recordings, compression ratios up to
21.08 x are obtained while accuracy remains about 5% above baseline. DCT provides consistently strong
balanced accuracy and compression results, whereas WHT produces higher compression with greater
variability. All evaluations are performed in software on recorded datasets, and end-to-end on-device

benchmarking and direct comparisons to learned compressors remain future work.
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1. Introduction

Brain-computer interfaces (BCls) decode patterns of neural activity into commands that control external devices
or software. Their clinical applications include restoring voluntary limb movements in people with motor
impairments [1,2] and enabling communication for individuals with amyotrophic lateral sclerosis (ALS) [3].
Because neural signals are stochastic, distinguishing meaningful responses from background noise is
challenging [4-8]. Consequently, high performance BCls that support rapid, intention driven control
often require many recording channels and higher sampling resolutions to accurately capture motor
intention [9—-11]. These choices generate large data volumes and high transmission demands, which are
especially problematic for implantable systems. At the same time, implantable BCIs must operate under
stringent constraints on power, device size, and wireless bandwidth [12], so balancing channel quantity
and signal quality against real time transmission capacity remains a persistent design challenge.

Data compression is a widely used approach to reduce signal bandwidth. In general, data compression
can be categorized into two approaches: lossy compression, which achieves a higher compression ratio by
sacrificing some of the original data, and lossless compression, which preserves all original information
but typically attains only a modest compression ratio [13,14]. In neural signal processing, both lossy
and lossless compression have evolved over decades, with their use diverging by application. Lossy
compression is commonly used to extract features or decode information directly from the signal, whereas
lossless compression is typically employed to store the complete signal for future analysis or to identify
new features. Present study focuses on lossy compression and seeks to extend our previous experimental
work into a more practical implementation [15,16].

Early lossy compression methods, based on wavelet transforms that effectively represent nonstationary and
oscillatory data [17,18], extracted spikes from neural signals and applied the discrete wavelet transform (DWT)
with entropy coding such as run length encoding (RLE), achieving about 5x compression [19]. Later,
DWT based image coding methods such as JPEG2000 and SPIHT yielded up to 8 x compression on neural
signals [20]. Recently, deep neural network (DNN) based compression methods, such as autoencoders,
have achieved compression ratios of 20x or more [21-23]. The performance of these methods has
typically been evaluated by measuring post compression signal quality using signal-to-noise ratio (SNR),
percent root mean square difference (PRD), and normalized root mean square error (NRMSE) [24]. Spike
extraction has been applied prior to the compression algorithm in the aforementioned studies, achieving
significant reductions in data rate. However, this approach is limited for peripheral nerve recordings,
whose amplitudes are significantly lower than those of central nervous system signals due to the mixture
of afferent and efferent activity [25-27]. In addition, compound action potentials (CAPs) generated by
hundreds of axons in peripheral nerves [28] pose a challenge for applying spike-detection methods [29,30]
to fully capture intention-driven information for gesture classification. To the best of our knowledge, no
studies have verified whether spikes extracted from the full neural signal still contain sufficient information

for use in BCI systems. Therefore, an alternative perspective is necessary to validate the practicality
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of lossy compression for motor decoding, not only to evaluate the compression ratio and signal quality
but also to verify whether the compression algorithm contributes to degradation in gesture classification
accuracy. Accordingly, this study will not only apply lossy compression techniques and evaluate their
compression efficiency but also assess their practicality using a deep-learning (DL) classification model
to examine the trade off between compression ratio and achievable accuracy.

Our team has previously controlled prosthetic devices through invasive recordings of upper limb
peripheral nerves [16]. To capture richer information, we sampled 16 channels at 10 kHz per channel
and extracted 14 feature types [31]. By training a DL classification model on these features, we decoded
finger-movement intentions and demonstrated feasibility. However, its resulting data rate has exceeded
the capacity of existing wireless links [32,33]. Consequently, experiments were conducted using a
percutaneous wired connection, which may introduce risks of tissue inflammation and channel breakage,
and prevents long-term implantation.

Therefore, in this study, we present compression based feature reduction (CBFR), which not only
performs real-time lossy compression but also enhances the decoding performance of finger movements.
The proposed pipeline extends our previous work [34], applies a transform-based compression
algorithm to compress neural signals, and then selects undistorted features for further motor decoding.
Specifically, we compare four orthonormal transforms: DWT using Symmlet 4 and Haar wavelets, the
discrete cosine transform (DCT), and the Walsh-Hadamard transform (WHT). Compared to our prior
conference report [34], this manuscript expands CBFR by providing (i) an end-to-end frame-based
streaming transmitter/receiver pipeline with coefficient-domain quantization and entropy coding,
(i1) a systematic benchmark across these transforms over multiple threshold scales, (ii1) validation on
both invasive intrafascicular recordings and non-invasive surface recordings, and (iv) embedded-oriented
analyses including computational complexity and balanced operating-point selection. On invasively
recorded signals, the proposed methods achieved compression ratios between 5.91x and 11.29x, while
decoding accuracy ranged from 72.36%-91.49%, corresponding to changes of roughly —8% to +11%
relative to the filtered baseline of 80.88%. On non-invasively recorded neural signals, the same methods
yielded higher compression ratios between 7.73x and 21.08 x, with decoding accuracy confined to a
narrow band of 92.98%—-94.91%, about 3%—5% above the 89.42% baseline. In this work, we test the
practicality of lossy compression for motor decoding by introducing CBFR. We evaluate not only its
compression efficiency but also its decoding performance on invasive and non-invasive neural recordings

to determine the acceptable level of signal degradation introduced by compression.

2. Methods
2.1. Dataset

We evaluated CBFR on two datasets as summarized in Table 1.

Dataset 1: The invasive neural signals used in the current study were recorded in a prior study [16].
For each finger, the dataset includes 10 repetitions alternating relaxed and flexed states, with 2 second
movement and rest intervals. A total of 16 recording channels, consisting of eight channels from the

median nerve and eight channels from the ulnar nerve, were sampled at 10 kHz. A total of nine datasets
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were used to train, validate, and test the DL classification model for decoding performance.

Dataset 2: Neural signals were recorded non-invasively from the wrist of a healthy participant using
surface electrodes [15]. The dataset also includes 10 repetitions alternating relaxed and flexed states for
each finger, with 2 second movement and rest intervals. Recordings were acquired from 16 channels
(eight channels targeting the median nerve and eight channels targeting the ulnar nerve) sampled at
10 kHz, and a total of five datasets were used to train, validate, and test the DL classification model
for decoding performance. For the invasive experiments, we used the Scorpius-1 system, and for the
non-invasive experiments, we used the Scorpius-3 neural recorder. Both systems are equipped with the in

house Neuronix neural recording chip.

Table 1. Summary of invasive and non-invasive neural recording datasets.

Data Electrode Total Sampling' Recording ADC Data size’ Data rate’
set Type Sessions rate time resolution  per session for streaming

1 Intrafascicular [16] 9 10 kHz ~200 s 12 bits 256 MB 1.92 Mbps

2 Surface [15] 5 10 kHz ~150s 12 bits 212 MB 1.92 Mbps

I All data are downsampled by a factor of 2. Compression ratios are computed after downsampling.

2 Data size refers to the raw (uncompressed) data. One sample corresponds to one time point across channels.
Total raw data size equals (data size per session) X (number of sessions), i.e., 256 MB x 9 ~ 2.3 GB for
Dataset 1 and 212 MB x 5 = 1.1 GB for Dataset 2.

3 Data rate is calculated as sampling rate x ADC resolution x number of channels.

2.2. Neural recorder (transmitter)

Figure 1 illustrates the CBFR pipeline. Figure 1a shows the transmitter, which will ideally be implanted
in the subject and will transmit the compressed neural recordings. Figure 1b shows the receiver, which
obtains the compressed signal from the transmitter and performs model training on the host computer.
The entire process implements a frame-based streaming pipeline suitable for real-time lossy compression.
After downsampling, the system processes 10 samples per frame across 16 channels, which corresponds
to 320 bytes per uncompressed frame when packetized as 16-bit words (10 x 16 x 16/8), to meet the
packet-size constraints of the Field-Programmable Gate Array (FPGA). Although the recorder digitizes
signals with a 12-bit Analog-to-Digital Converter (ADC), the samples are stored and transmitted as 16-bit

signed integers (int16) for memory alignment and packet formatting.

2.2.1. Preprocessing

Both datasets were processed through a uniform preprocessing pipeline that included an anti-aliasing
filter, downsampling by a factor of two, notch filters at harmonic frequencies, a powerline noise removal
filter, and a 25-600 Hz bandpass filter. The 25-600 Hz bandpass range was applied because it preserves
the spectral content related to motor control, as reported in previous studies [16]. Each frame was
filtered in real time while preserving the filter state, and then processed with running mean subtraction
(a =0.1). With downsampling by a factor of two, each frame in the streaming data contains 10 samples

X 16 channels.
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Figure 1. Compression based feature reduction pipeline for neural signal. (a) Transmitter
side implementation intended for an implantable neural recorder; (b) Receiver side
implementation on the host computer; (¢) Deep-learning-based gesture classification
model architecture.

2.2.2. Transform and threshold

We evaluated four transforms: Sym4 DWT, Haar DWT, DCT, and WHT, and compared their compression
efficiency and decoding accuracy. DWT, DCT, and WHT are linear and invertible with orthonormal
bases [35,36], so they preserve energy by Parseval’s relation and allow exact reconstruction when
no coefficients are discarded [37-39]. For many natural signals they compact energy and reduce
inter sample correlation, producing sparse coefficient sets that work well with soft-thresholding and
quantization [40—43]. They are efficient algorithms with complexity on the order of O(N log N) run
on microcontrollers, which makes these methods practical for real time and embedded use [44]. Each
method has also been applied in prior studies using neural signals recorded from the central nervous
system [45—48]. All transforms were applied independently to each channel within each frame. After
downsampling, each frame contained N = 10 samples per channel (16 channels), and a 1-D transform was
computed along the time axis for each channel.

DWT decomposes time domain signals into multiple wavelet components that represent different
frequency components of the original signal at varying levels of detail. For this study, we used the Sym4
and Haar wavelets at the first level (j = 1). In our implementation, the single-level DWT was computed
using MATLAB R2023b (MathWorks, USA) wavedec, applied separately with the Sym4 wavelet and the

Haar wavelet.
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Where A j[k] and D;[k] are the approximation and detail coefficients at level j and h[n] and g[n] denote
the low-pass (scaling) and high-pass (wavelet) analysis filters. We take Ag[n] = x[n] as the input signal.

DCT maps a finite sequence of samples to a sum of orthogonal cosine basis functions. In this
study, the type II DCT (DCT-II), defined below, was applied for its energy compaction properties. In our
implementation, the DCT coefficients were computed using MATLAB dct, which computes the unitary
Type-11 DCT by default.

N-1 - 1
X[k = (k) ngox[n] cos<ﬁ (n+§)k>, k=0,...,N—1, )
where the normalization, o(k) is

1
L k=0
N )

a(k) = 3)
2 k=1,...,.N-L

WHT maps time domain signals onto an orthogonal basis of square wave functions, known as Walsh
functions, which are characterized by values of +1 and —1. It is effective for piecewise constant signals in

which energy concentrates in low-sequency components and is defined as
Y=H,-X 4)

Where X is 2" x 1 input vector and H), is the Hadamard transform (HT), a 2" x 2" matrix, defined as:

H, — 1 (Hu-t Hye )
V2 | Hy oy —Hy

In our implementation, the WHT was computed using MATLAB fwht. Since fwht operates on
signals with length 2", each N = 10 sample segment was zero-padded to the next power-of-two length
prior to the transform, and the inverse transform output was cropped back to N samples.

After each transform, we applied soft-thresholding to attenuate small-magnitude coefficients that
are more likely dominated by noise, while retaining the dominant components that carry most of the
signal energy for downstream decoding. The thresholding strategy and its progressive strength levels
were chosen based on prior transform-domain compression and soft-thresholding approaches [17.49,50].
Thresholds were computed independently for each channel to account for channel-dependent amplitude
and noise differences, and then applied using MATLAB wthresh with soft-thresholding.

To parameterize threshold strength, we used seven discrete levels indexed by scale € {1,...,7} and
defined an exponent e = scale —4 € {-3,...,3}.

For the DWT (Sym4 and Haar) and DCT, the threshold for a given channel and frame was computed

from the corresponding coefficient vector ¢ as

~ [MAD(c) /= 6
T= 06745 v 2¢log(|c|), (6)

where |c| denotes the length of ¢ and MAD(-) denotes the median absolute deviation (computed in
MATLAB using mad( c,1)).
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For the WHT, we used an Otsu histogram-based threshold computed by MATLAB graythresh from

the coefficients and scaled it as
T = 2° graythresh(c). (7

Figure 2 illustrates an example frame and the corresponding transform coefficients before and after

thresholding for each method.
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Figure 2. Example intermediate outputs of the transmitter side pipeline for one frame
after preprocessing (10 samples x 16 channels). (a) Example preprocessed waveform
segment with a 10 sample zoom; (b) Transform coefficients of Ch1 before and after
thresholding for Sym4 DWT, Haar DWT, DCT, and WHT; (¢) Vector quantization
results in a 2D Principal Component Analysis (PCA) space for Chl to Ch16; (d) Cross
channel transform of the VQ codebook across channels (Chl to Ch16); (e) Example
symbol Probability Mass Function (PMF) used for arithmetic encoding, with the
resulting compression ratio (CR) for one frame.

2.2.3. Coefficient modification

Figure 2 also shows the intermediate outputs of coefficient modification. We applied coefficient modification
to the thresholded transform coefficients for efficient quantization. We first performed vector quantization (VQ)
encoding using k-means with four codewords to learn a compact codebook from the surviving coefficient
vectors, replaced each vector by the index of its nearest codeword, and retained the codebook for later
reconstruction at receiver.

We then applied a cross-channel transformation to reduce inter-channel dependencies by isolating
common components and simplifying the statistical structure [2]. This process concentrates shared noise

and drift in the average component and normalizes the differential components to remain centered with

reduced variability. Formally, for a subset of n channels with samples y = [x1,...,x,] ", we compute the
transformed vector x' = [x},...,x,]" as
,_ 1y p 1
xIZZin, xkzi(xk,l—xk), k=2,....n (8)
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In this transform, x’l collects the shared component across the subset, while x’z, ..., X, describe
adjacent differences that stay centered near zero with lower variance. We applied this transform to two
subsets of eight channels each. For Dataset 1, the subsets correspond to channels recorded within the same
implanted array/nerve context (shared reference and local proximity), whereas for Dataset 2, the subsets
correspond to the median-targeted and ulnar-targeted surface electrode sets. We then concatenated the
transformed codebook and the VQ index stream and flattened them into a 1D array for entropy encoding.

Arithmetic coding was adopted for entropy encoding because the quantized coefficients in the
dataset follow a heavy-tailed distribution rather than a uniform one, as our goal is to encode meaningful
information related to movement intention within the dataset. Since the recorded dataset is event-driven,
it exhibits greater variation than datasets such as the resting state [51]. By capturing subtle variations
in symbol probabilities, arithmetic coding achieves finer granularity in compression compared to other

entropy encoding methods such as Huffman coding or run-length encoding [52].

2.2.4. Complexity

The neural recorder is designed for implantation, so verifying its computational and memory complexity is
essential for hardware implementation. Assuming the transmitter pipeline follows the order in Figure 1a,

Table 2 reports the computed complexity for each stage.

Table 2. Computational and memory complexity of each stage in the transmitter pipeline.

Name Computational Complexity Memory Complexity
Preprocessing O(NsNcuNy) O(NsNcuNy)
Transform/Threshold (DWT) O(NyNch) O(NyNch)
Transform/Threshold (DCT & WHT) O((NsNcn ) log(NyNcw)) O(NyNch)

Vector Quantization O(NyKNcy) O(NgNcy + KNcy)
Cross—Channel Transformation O(NyNch) O(NyNch)

Arithmetic Encoding O(N;Nch) O(JA])

N;: number of samples, typical value 10 to 20.
Ncy: number of channels, typical value 16.
Ny filter order, typical value 4 to 8.

K: number of VQ codewords, typical value 4.
|A|: number of distinct quantized symbols.

To justify real time streaming feasibility, we convert the per frame computational cost from the
Table 2 expressions into a concrete compute budget and compare it against a representative embedded
recorder Microcontroller Unit (MCU). Using a representative setting (Ny = 10, Ney = 16, N' } =8, K=4),
the Table 2 terms yield approximately 1280 (preprocessing) + 1170 (DCT or WHT) + 640 (VQ) + 160
(cross channel transform) + 160 (arithmetic coding), giving a total of about 3410 basic operations per
frame. With a downsampled sampling rate f; = 5 kHz, the frame rate is f;/Nj, so the compute demand is
~ 1.7 x 10° operations per second.

Although this study evaluates the pipeline in simulation, the above budget provides an order of

magnitude feasibility check for the neural recorder used in our prior work [2], which assumes an
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nRF52840 class MCU (Arm Cortex-M4F at 64 MHz) [53] At fi= 5 kHz and N; = 10, each frame
spans 2 ms, corresponding to 64 x 10? x 2 x 1073 ~ 128,000 Central Processing Unit (CPU) cycles
available per frame on a 64 MHz core. Conservatively mapping each basic operation to 4 CPU to
account for memory access and control overhead gives ~ 3410 x 4 ~ 13,640 cycles per frame, which
is about 11% of the per frame cycle budget, leaving substantial headroom for streaming tasks such as
packetization and wireless stack execution. These results are analytical complexity estimates and are not
end-to-end latency/power benchmarks. In addition, the Cortex-M4 DSP extensions include single cycle
Multiply-Accumulate (MAC) style instructions, further supporting efficient execution of the transform

and filtering style operations typical in this pipeline.
2.3. Host computer (receiver)

After the transmitter in Figure 1a sends the arithmetically encoded, thresholded transform coefficients to
the host computer (receiver) in Figure 1b, the host computer reconstructs the neural signal and extracts
features for DL classifier training. The receiver obtains a bitstream of arithmetically encoded coefficients

together with the cumulative distribution function (CDF) required for decoding.

2.3.1. Inverse coefficient modification

At the receiver, inverse coefficient modification reverses the operations applied during coefficient
modificationhi to recover the transform coefficients prior to entropy encoding. Once the host computer
receives the bitstream of encoded symbols and the corresponding CDF, they are passed through arithmetic
decoding to reconstruct the flattened 1D array. This will then reshaped back into a 2D structure that
contains both the transformed codebook entries and associated VQ index stream.

While the VQ index stream has concatenated with transformed VQ codebook, we separate them
and only apply the inverse cross-channel transformation to the codebook to restore the original VQ
codebook vectors. Denoting the transformed vector by ' = [x},... ,x']" and the recovered vector by
X = [x1,...,x,] ", the encoding stage computes x’ = Ty as in Equation (8).

We therefore obtain

x=T"'%" ©)

For the specific structure of Equation (8), this can be written explicitly as

2n
x=x1+=Y (n+1-k)x,  m=x_-2x, k=2,...n, (10)
=

which reconstructs the shared component x; and all adjacent-difference components x», ..., x;, from the
transformed coefficients. This inverse transform is applied separately to each subset of eight channels,
mirroring the grouping used at the encoder.

Finally, VQ decoding restores the transform coefficient vectors using the VQ codebook and the VQ
index stream. Each stored VQ index acts as a pointer to its corresponding codeword in the codebook,
replacing that time step’s quantized vector. Applying this lookup across all time indices reconstructs the
sequence of modified transform coefficients over all 16 channels. By the end of this step, each frame

contains 10 samples x 16 channels of transform coefficients.
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2.3.2. Inverse transform

Because the transforms in Equations (1)—(5) are linear and orthonormal, the coefficients that remain after
thresholding can be mapped back to the time domain without any additional loss. In what follows, we
denote by X[n] the reconstructed signal after thresholding and inverse transform.

For the 1st DWT in Equation (1), the original approximation sequence A j_;[n] is reconstructed from

the approximation and detail coefficients A ;[k] and D;[k] by

Zth n]A +Zg2k n|Dik], j=1. (11)
The Type II DCT in Equation (2) is inverted using the same normalization ¢ (k) in Equation (3):
T 1
Za k]cos(N(n—l—z)k), n=0,...N—1. (12)

For the WHT in Equation (4), the input vector X is recovered from the transform coefficients Y by
_ T
X=H,Y. (13)
2.3.3. Feature extraction and feature reduction

Following prior peripheral nerve decoding work [31], we extracted 14 time-domain features that
summarize amplitude, variability, and waveform complexity, providing a compact representation for
motor decoding. These features were computed from the reconstructed time-domain signal using 100 ms
windows with 80% overlap. Each frame consists of 10 samples across 16 channels (2 ms at 5 kHz after
2x downsampling), so each 100 ms window spans 50 consecutive frames.

Feature reduction was motivated by the requirement that lossy compression should not substantially degrade
the information captured by this baseline feature set. To evaluate the robustness of each feature to the
transform and threshold pipeline, we computed the same 14 time domain features on the compressed and
reconstructed signal and quantified, for each feature, the normalized reconstruction error across channels
and time. Features whose NRMSE exceeded a predefined threshold Tyguysg = 0.5 were considered
insufficiently preserved and were excluded from the final feature set. In our implementation, for each
feature k£ and channel ¢, we computed the root mean square error (RMSE) across time between the
reconstructed feature sequence fkﬁ(t) and the preprocessed baseline f; .(¢), and then aggregated across

the C = 16 channels to obtain a single feature wise score:

LYE | RMSE(fi (1), fi(t))
% Yo (max; fi () —miny fi (7)) 7

The resulting retained feature identities are explicitly recorded for each transform method and

NRMSE; = = 16. (14)

threshold scale (and for each dataset), the retained feature sets at the balanced operating points selected
by the Euclidean distance metric (Equation (26)) are listed in Supplementary Table S1, together with
the common reduced feature sets shared across methods. To perform feature reduction, we first need to
compare the features extracted from the compressed signal with those extracted from the uncompressed

signal. Because the set of features that are discarded depends on the threshold level, this comparison only

10
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needs to be carried out once before model training in practical settings. After that, we can compute only
the reduced feature set and use it to train the model. Since different transforms distort different subsets
of features, the reduced feature set is generally method-dependent rather than shared across all methods.
As mentioned earlier, the goal of feature extraction was to reduce data dimensionality while preserving
essential information [31,54]. If we can further reduce the feature set after this extraction step, we obtain
additional dimensionality reduction while maintaining the essential information carried by the signal,

which can help lower the computational load during training and inference.

2.3.4. Deep-learning classification model

The purpose of the present study was to evaluate the compression efficiency, not only by achieving a
high compression ratio but also by maintaining decoding accuracy for neural prosthetic control in this
experimental setting after compressing neural signals that encode limb movements or their intentions.
To ensure a fair comparison, we used the classification model inspired from the previous study [15] to
evaluate the decoding performance under comparable conditions.

Following the previous study, Figure 1c illustrates the DL classifier model used in this work. We
employed a gated recurrent unit (GRU) based recurrent neural network (RNN) with 4 layers, 128 hidden
units per layer, and a dropout rate of 0.75 [55]. This relatively high dropout rate was used as a strong
regularizer to reduce co-adaptation among recurrent units and to improve generalization stability when
modeling temporally correlated feature sequences. The classifier configuration, including the dropout
rate, was kept fixed across all compression and feature-reduction conditions to ensure a fair comparison,
such that differences in decoding performance reflect the effects of compression and feature selection
rather than hyperparameter tuning. After this selection, all classifier hyperparameters were held fixed to
avoid confounding the effects of compression and feature reduction with classifier tuning. The classifier
outputs five classes corresponding to thumb, index, middle, ring, and pinky. The feature data has a size
of 16 x F x T, where 16 is the number of channels, F' is the number of features, and 7 is the number
of feature time frames. The number of features F' varies depending on how many remain after feature
reduction. We compare decoding performance between the full set of 14 features (F = 14) and the
remaining “good features™ after feature reduction. To reduce variance in the classification results, 5-fold
cross-validation was performed at the session level, with entire recording sessions assigned to train,
validation, and test folds without overlap. This session-level cross-validation evaluates within-subject
generalization across sessions and does not assess inter-subject generalization. Accordingly, the decoder

was trained and evaluated separately for each dataset/participant.

2.4. Evaluation

The metrics used to evaluate the compression efficiency of CBFR are divided into three categories:
compression performance, signal quality, and decoding performance.

Compression performance: The compression performance examines how efficiently the compressed
bitstream represents the original multichannel neural signal, using the compression ratio and the
sample-wise Shannon entropy of the reconstructed time-domain signal.

The compression ratio is defined as
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Sorig . NXCXLZ
SCOmp LenC ,

CR = (15)

where N is the number of samples, C is the number of channels (16 channels), L, is the bit depth of the
original signal (12 bits), and Lep is the total bit length of the arithmetic coded output. Here, L, = 12
reflects the recorder’s effective acquisition resolution (12-bit ADC) and is used throughout this work when
computing the compression ratio. In the streaming implementation, samples are stored and packetized as
16-bit transport words for memory alignment and packet formatting. If CR is expressed with respect to
the 16-bit transport word length, it scales as CR1¢ = CR12 X i—g. This does not change the CR definition in
(Equation (15)), which is referenced to the acquisition resolution. The compression ratio was computed
after the preprocessing stage, including downsampling and bandpass filtering.

The entropy of the reconstructed signal is computed as
M
— ) pilog; pi, (16)
i=1
where M is the number of unique quantized amplitude levels {si}ﬁ-‘i | in the reconstructed time-domain

signal and p; is the empirical probability of level s;,

 #{n:signal[n] = s;}
pi= N .

(7)

This sample-wise Shannon entropy represents the average information per sample (in bits) and serves
as a proxy for information content and signal complexity: a higher entropy indicates a more variable, less
redundant signal with a richer set of amplitudes, whereas a lower entropy indicates a more concentrated
amplitude distribution with reduced information content and increased redundancy.

Signal quality: Signal quality quantifies the distortion introduced by compression in the reconstructed
time-domain signal £[n] with respect to the preprocessed signal x[n]. In Equations (18) and (19), the
denominator term P, represents the compression-induced reconstruction error power (x[n] — £[n]), rather
than measurement noise during acquisition.

The SNR is

SNR = 10log (}}: ) [dB], (18)

where the signal power P and the reconstruction error power P, are

: ﬁ" [n]? : Z 1 (19)
=—) x[n =— —X[n
N &7 =y ~
The peak signal-to-noise ratio (PSNR) is defined as
Peak? 1 ¥
PSNR = 101 B MSE = — — %[n])? 2
SNR = 1010z (e ) (98], MSE = Y ()50 o)

where Peak is the maximum possible amplitude of x[n].
The NRMSE is
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VAT (] — £ln])?
NRMSE = : 1)
max, x[n] — min, x[n]
The PRD is
PRD — 100, | Zn=t (0~ 212 (%) (22)
N no1 x[n)? ’

Decoding performance: Decoding performance measures how well the features from compressed
data and preprocessed data support downstream classification for neural prosthetic control. We report
accuracy and the F1 score, which are defined as follows.

Sensitivity + Specificity
2 )
TP TN
—_— Specificity = —,
TP +FN TN +FP

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false negatives,

Balanced Accuracy = (23)

Sensitivity = 24)
respectively. Balanced accuracy has stated as classification accuracy in current study.

TP | — 2 - Sensitivity - Precision
TP +FP’ ~ Sensitivity + Precision

Precision = (25)

For the present study, classification accuracy, sensitivity, specificity, precision, and F1 are computed
for each class and then averaged across classes. These metrics are computed independently for each of the
five cross-validation folds using the held-out test sessions, and are reported as mean + standard deviation
across folds unless otherwise specified.

While decoding performance varies with compression ratio due to the threshold scale, different settings
often trade accuracy and compression in opposite ways. Some configurations produce high compression
with poor classification accuracy, whereas others maintain high accuracy with poor compression. To evaluate
CBFR fairly across transform methods, we quantified this tradeoff using a weighted Euclidean distance
metric, applied after normalizing accuracy and compression ratio within each method. This allowed us to

identify an operating point that balances both objectives on a comparable scale across all methods.

d =/ Wace(1 — Accy)? + wer(1—CR,)?, (26)

where Acc,, is the normalized classification accuracy, CR), is the normalized compression ratio, wy. is the
weight applied to the accuracy term (set to 10), and wcg is the weight applied to the compression ratio
term (set to 1). These weights were chosen to reflect that, in this application, even small drops in classification
accuracy can noticeably impair motor intent decoding, while the compression methods already achieve high

compression levels, making further gains in compression ratio less important than maintaining accurate decoding.

3. Results

Figure 3 compares the preprocessed signal obtained after the preprocessing stage with the reconstructed signals
produced by each transform method. Figure 3a shows a two-second window of a single-finger movement in

one channel, and Figure 3b presents a zoomed-in view of the same interval. The maximum threshold scale

13



Neuroelectronics Article

(scale = 7) was applied to highlight the substantial differences across transform methods. Although each
transform was applied frame-by-frame (10 samples x 16 channels), the time-domain traces alone do not clearly
indicate which method preserves the movement characteristics more effectively. Therefore, compression

performance, signal quality, and decoding performance were evaluated for a more informative comparison.

(@) |
‘ I
= | 2 m | W"HI' i
?st'O‘O;mSN \\‘\\ ‘ ?25Lt)‘0;ms \\\\\ AL oms | e L 0 \\\\\\ ‘ ??5%0;ms\\\\\\ ‘
(b)
Preprocessed Sym4 DWT Haar DWT DCT WHT

Figure 3. Example of single channel time domain signal before and after transform-based
lossy compression: (a) Around 2 seconds segment during a finger movement in the
preprocessed signal; (b) Zoomed view of the same interval after applying Sym4 DWT,
Haar DWT, DCT, and WHT at the highest threshold scale.

3.1. Compression performance

Figure 4 shows the compression performance of each transform method across threshold scales 1 to 7.
Because the threshold is applied only to the transform coefficients, the preprocessed signal is unaffected
by thresholding and therefore maintains the same compression ratio across all scales in Figure 4a and
the same entropy in Figure 4b, shown in black. In Figure 4a, the other four transform methods exhibit
gradual increases in compression ratio as the threshold scale increases, and WHT achieves the highest
compression ratio while maintaining entropy comparable to the other methods, as shown in Figure 4b.
This trend appears consistently for both Dataset 1 (top) and Dataset 2 (bottom). The transform methods,
including the compression ratio of the preprocessed signal, produced higher compression in Dataset 2
(Figure 4a, bottom) compared to Dataset 1 (Figure 4a, top). In Figure 4b, the preprocessed signal of
Dataset 2 shows the highest entropy among all methods, whereas the preprocessed signal of Dataset 1
shows the lowest. This indicates that Dataset 2 contains less noise and provides a clearer representation of
finger movements than Dataset 1.

As a result, applying the transform methods to Dataset 1 likely removed a greater amount of noise,
which may have caused the remaining signal distribution to become more informative for representing
movement related patterns. This is reflected in the noticeable increase in entropy from 3.85 to 6.46 even
at first scale, corresponding to a 67% rise. In contrast, applying the same transform methods to Dataset 2
reduced entropy in a way that may also have removed useful information, given that its preprocessed
signal already exhibited relatively high entropy. Therefore, although the compression performance in
Figure 4 suggests that WHT achieves the best compression ratio while maintaining similar entropy, its

impact on signal quality and decoding performance still needs to be examined.
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Figure 4. Compression efficiency for transform-based compression across threshold
scales. (a) Compression ratio over threshold scale; (b) Sample-wise Shannon entropy
over compression ratio. The top row corresponds to Dataset 1 (Invasive), and the
bottom row corresponds to Dataset 2 (Non-Invasive).

3.2. Signal quality

Figure 5 compares the signal quality of each transform method across their corresponding compression
ratios. While PSNR, NRMSE, and PRD were computed with respect to the original signal x[n] as defined
in Equations (18)—(22), SNR was computed using the preprocessed signal, indicated by the black circle in
Figure 5a. Overall, the SNR increases after applying the transform methods for both Dataset 1 (top) and
Dataset 2 (bottom), indicating that the transforms generally suppress noise relative to the preprocessed
signal. Although Dataset 2 shows a reduction in entropy in Figure 4b, the SNR trend suggests that the
transform methods still remove noise components effectively. PSNR in Figure 5b decreases consistently
as the compression ratio increases across all transform methods. This follows the expected behavior, since
higher compression leads to larger reconstruction errors relative to the preprocessed signal. Accordingly,
a lower PSNR indicates greater deviation from the baseline signal at higher compression ratios. NRMSE
and PRD in Figure 5c,d show the same trend, increasing as the compression ratio increases, which reflects
the accumulation of reconstruction error when stronger thresholding is applied.

WHT achieves the highest compression ratio with relatively small changes in entropy in Figure 4. However,
its PSNR in Figure 5b is the lowest among the methods, and its NRMSE and PRD values in Figure 5c.d is
relatively higher, indicating greater reconstruction distortion despite its strong compression performance. In
contrast, DCT maintains PSNR near the upper range and generally lies near the lower boundary for NRMSE
and PRD across the threshold scales, suggesting that it introduces less distortion overall. Although DCT does

not always produce the highest SNR, it achieves a higher compression ratio than DWT and preserves more
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stable reconstruction quality. Taken together, these signal quality metrics suggest that DCT offers a more
balanced tradeoff than WHT by providing sufficiently high compression with noticeably lower distortion.
Taken together, increasing the threshold scale improves noise suppression (Figure Sa, SNR), but also
increases the deviation from the preprocessed signal (Figure Sb—d, PSNR, NRMSE, PRD). Because these
metrics use the preprocessed signal as the baseline, they quantify how much distortion is introduced by
compression, but they do not directly indicate whether the preserved information is still sufficient for

capturing meaningful movement-related neural activity.
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Figure 5. Signal quality metrics for transform-based compression across compression
ratios. (a) Signal-to-noise ratio; (b) PSNR relative to the original signal; (¢) Normalized
root mean square error; (d) Percent root mean square difference.

3.3. Decoding performance

Figure 6 summarizes the decoding performance by comparing average (mean + standard deviation across
the five cross-validation folds) gesture classification accuracy across transform methods using either all
14 features or the reduced feature set. The number of retained features for each condition is shown in
Figure 7. Two main observations can be made from Figure 6.

First, classification accuracy did not consistently decrease as the compression ratio increased. This
agrees with our previous offline findings [34], where we observed that moderate coefficient thresholding
can act as a denoising step and does not necessarily degrade decoding when the classifier operates on
feature representations. Prior work has also shown that time-domain feature extraction can preserve
discriminative structure for gesture decoding while substantially reducing input dimensionality [31,56-58].
Because transform-domain soft-thresholding attenuates low-magnitude coefficients that are more likely
dominated by noise or non-task-related variability, moderate compression can reduce feature-level

fluctuations and act as an implicit regularizer, occasionally improving decoding accuracy.
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Figure 6. Classification performance for transform-based compression with the
entire and reduced feature sets: (a) Average classification accuracy for Dataset 1;
(b) Average F1 score for Dataset 1; (¢) Average classification accuracy for Dataset 2;
(d) Average F1 score for Dataset 2 Error bars indicate 4 one standard deviation across
the five cross-validation folds.

(a)

811

—
© o

Remain Featur:
[e+]

(b)
14
13
12
11
10
/ Haar DWT 9
WHT 8
1 2 3 4 5 6 7 1 2 3 4 5 6 7
Threshold Scale Threshold Scale
Dataset 1 Dataset 2
(Invasive) (Non Invasive)

Figure 7. Number of retained features after feature reduction across threshold scales.

Second, using the reduced feature set resulted in similar or, higher classification accuracy than using

all features. Notably, Haar DWT and WHT on Dataset 1 exhibited improved accuracy after feature

reduction (Figure 6a), while the remaining cases, including Dataset 2, showed a similar classification

performance. These findings suggest that feature reduction helps remove distortion-sensitive or unstable
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features, allowing the model to train on a more consistent input representation and maintain higher F1
scores at larger compression ratios. In several cases, the transform methods achieved higher compression
and also showed accuracy levels that were slightly above those of the preprocessed signal, a result that is
not readily inferred from the compression and signal quality trends in Figure 4 and Figure 5. However,
because accuracy does not consistently increase or decrease with compression ratio, obtaining a balanced
result requires a further comprehensive evaluation. To this end, we applied the Euclidean distance metric
defined in Equation (26) to jointly consider accuracy and compression ratio, and the balanced results are

summarized in Figure 8 and Table 3.
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Figure 8. Balanced compression and accuracy results selected by the Euclidean
distance metric: (a) Dataset 1; (b) Dataset 2. Boxplots summarize fold-wise results
across the five cross-validation folds (center line: median; box: interquartile range;
whiskers: 1.5 % interquartile range).

Table 3. Balanced compression ratio and classification accuracy across transform methods.

Dataset Feature Set Preprocessed Sym4 DWT Haar DWT DCT WHT

Dataset 1 Entire! CR: 5.64 CR: 6.41 CR: 7.30 CR: 8.47 CR: 9.69

Acc(%): Acc(%): 87.91 +3.70  Acc(%): 83.99 +£9.26 Acc(%): 89.23 +3.95 Acc(%): 77.06 + 12.51
80.88 &+ 10.19

Reduced? - CR: 5.96 CR: 7.30 CR: 6.22 CR: 11.29

Acc(%): 89.34 +3.73  Acc(%): 88.14 = 4.23  Acc(%): 89.94 +2.96 Acc(%): 81.03 £ 11.04
Remaining3 14 10 9 11 9
Dataset 2 Entire! CR: 7.60 CR: 10.47 CR: 11.19 CR: 11.54 CR: 17.40

Acc(%): 89.42 £ 0.95Acc(%): 94.07 £ 0.67  Acc(%): 93.97 £ 0.83  Acc(%): 94.34 £0.77  Acc(%): 93.92 £0.97

Reduced? - CR:9.21 CR: 13.16 CR: 8.10 CR: 17.40
Acc(%): 94.28 +0.99  Acc(%): 94.48 +0.77 Acc(%): 94.37 £+ 0.63  Acc(%): 94.18 £+ 0.76

Remaining? 14 11 11 12 13

IEntire = all 14 features, 2Reduced = reduced feature set, and 3Remaining = number of retained features.
Values are reported as mean + standard deviation across the five cross-validation folds at the balanced operating
point selected by the Euclidean distance metric.
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3.4. Balanced result with euclidean distance

Figure 8 applies the Euclidean distance metric to the accuracy and compression ratio shown in Figure 6a,c,
and selects only the balanced results for each method and scale. In this way, Figure 8 and Table 3
together describe how each transform behaves at a practically relevant operating point where compression
and decoding performance are jointly considered, rather than at extremes that favor only one objective.
Confusion matrices (counts and normalized) and per-class F1 scores at the balanced operating points are
provided in Supplementary Figures S1-S2.

WHT consistently provides the highest compression ratios across the four methods in both datasets,
whereas DCT maintains strong decoding accuracy across conditions and remains among the best performing
methods in the balanced results for both datasets. Sym4 DWT and Haar DWT show reasonable performance,
but their advantages are less pronounced when accuracy and compression ratio are considered together
compared with DCT and WHT.

When moving from the entire feature set to the reduced feature set, Sym4 DWT shows a small decrease
in compression ratio accompanied by a modest increase in accuracy. Haar DWT and WHT generally
maintain a similar or slightly higher compression ratio while improving accuracy. DCT behaves somewhat
differently. With feature reduction, the upper bound of its accuracy distribution increases and the median
shifts upward, but this improvement comes at the cost of a lower compression ratio. Even so, DCT
still occupies a favorable region in the accuracy versus compression space, with relatively high accuracy,
reasonable compression, and a comparatively tight boxplot that implies stable performance across folds.
WHT, on the other hand, starts as the lowest accuracy method among the four transforms when all features
are used, but after feature reduction it achieves both high compression and substantially improved accuracy.
The WHT boxplots remain more dispersed than those of DCT, which suggests larger fold to fold variability
and potentially lower stability in practical deployment, but they demonstrate that an aggressive compression
setting can still deliver competitive decoding performance once distortion-sensitive features are removed.

Building on the balanced results in Figure 8, Figure 9 illustrates the gesture specific classification
results together with a t-distributed Stochastic Neighbor Embedding (SNE) [59] embedding of the
128 dimensional hidden representation produced by the DL classifier at the final time step before the
classification layer. Both the classification results and the t-SNE embeddings were computed from the
best performing fold out of the five folds in Figure 8, and the preprocessed input (Figure 9a), Balanced
WHT (Figure 9b), and Balanced WHT with reduced features (Figure 9c) are shown as representative
examples. Since Figure 8a and Table 3 indicate that WHT resulted the lowest average accuracy among
the four transform methods with Dataset 1, the highest fold within WHT was selected for visualization in
Figure 9 to highlight how its feature characteristics behave at the qualitative level.

In the preprocessed case, the classifier already tracks most gesture transitions with high confidence,
although occasional fluctuations appear around boundaries between gestures and some overlap remains
between clusters in the t-SNE space. Using Balanced WHT features improves the separability of several
gestures, particularly Thumb and Middle, but produces less stable predictions and a more dispersed
Ring and Pinky cluster, consistent with the lower average accuracy in Table 4. In particular, Ring
accuracy drops substantially under Balanced WHT (81.42% in Table 4), suggesting that this WHT setting
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disproportionately perturbs a subset of features that are informative for Ring discrimination. After feature
reduction, temporal predictions become more stable and the t-SNE clusters appear tighter and more clearly
separated, especially for Ring, Pinky and Index. This recovery is consistent with the NRMSE-based
feature reduction removing distortion-sensitive features and retaining a more robust feature subset, which
restores Ring decoding performance (97.22% in Table 4). These qualitative changes align with the
quantitative results in Table 4, where Balanced WHT with reduced features achieves the highest overall
accuracy (94.88%). It consistently improves every gesture relative to the unreduced Balanced WHT,
reflecting the benefit of discarding distortion-sensitive features. Therefore, Figure 9 further supports the
reliability of the balanced results reported in Figure 8 by demonstrating that the decoding performance
can be maintained while achieving higher compression ratio than the preprocessed baseline.

Balanced WHT

(Reduced Feature)
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Figure 9. Gesture specific decoding and t SNE embeddings at representative balanced
conditions. Temporal gesture predictions (top) and 2D t-SNE embeddings of the 128
dimensional hidden representation (bottom) for (a) preprocessed baseline, (b) Balanced
WHT, (c¢) Balanced WHT with reduced features in Dataset 1. Results are shown for
a representative fold selected for qualitative visualization; fold-wise distributions are
summarized in Figure 8.

Table 4. Gesture wise classification accuracy for representative balanced conditions.

Method Thumb Index Middle Ring Pinky Average
Preprocessed 89.73% 96.72% 83.12% 95.70% 95.76% 92.21%

Balanced WHT 96.00% 92.52% 86.79% 81.42% 94.45% 90.23%
Balanced WHT (Reduced feature) 96.40% 96.46% 92.67% 97.22% 91.65% 94.88%

Values correspond to the representative fold used for Figure 9 and are not averaged across folds.
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4. Discussion

In prior work, high compression ratios were often achieved by discarding data through spike extraction
or heavy sparsification, and compression quality was mainly evaluated using reconstruction based signal
metrics, leaving the practical impact on downstream BCI decoding uncertain. Table 5 provides context by
summarizing representative prior studies, including the recording setup and reported compression ratios,
which vary substantially depending on the study objective and the amount of signal content preserved.
Comparisons of signal quality metrics are excluded because they are not consistently reported
or defined across studies. In addition, the very high compression ratios reported by learned
compressors (e.g., autoencoders [21-23]) are often obtained under different recording and encoding
paradigms (e.g., spike waveform compression after spike extraction, or highly sparse activity), and are
therefore not directly comparable to the continuous, task-driven peripheral nerve recordings used for
feature-based motor decoding in this study. In this study, we address this gap by evaluating transform-based
lossy compression directly in the context of a decoding model, so that practicality is assessed by whether
motor intention can still be decoded from the compressed representation. Accordingly, we focus on
consistent within-dataset comparisons (Figures 4-9), while direct benchmarking against learned compressors
under the same dataset and task setting remains future work. We refer to this pipeline as CBFR, where lossy
compression is followed by feature extraction and feature reduction, and then evaluated with a DL classifier.
With this perspective, we organize the discussion around three questions: (i) how varying thresholds of
signal compression affects compression efficiency and signal distortion, (ii) when decoding performance
remains stable under compression and feature reduction, and (iii) which transform and threshold scale

provide balanced results where compression and accuracy are jointly maintained.

Table 5. Literature meta analysis of datasets and reported compression ratios.

X Sampling Number Recording Spike Compression
Subject Data type rate of channel task extraction method CR Reference
No Sym4 DWT 1.78x
o In“’acodr.‘ical No Haar DWT 1.78
Guinea pig recording 20 kHz 64 NR [45]
(Auditory cortex) Yes Sym4 DWT 108 x
Yes Haar DWT 112x
Intracortical No
Guinea pig recording 25 kHz 128 NR (hard thresholding; WHT 63x [47]
(Auditory cortex) near spikes only) DCT 69 x [48]
Hippocampal CNN
Rat CALl recording 10 kHz 4 NR Yes autoencoder 20-500x [21]
Epileptic Single cell
patient wavefqrm NR NR NR Yes Autoencoder 2-16x [22]
recording
Health Non i i DCT 7.73-15.8
humaril ne(:::-:l“s?gs:l‘; 10 kHz 16 Finger movement No Our work
WHT 12.60-21.08 x

CR denotes compression ratio.
NR indicates not reported.

21



Neuroelectronics Article

4.1. Compression and distortion

We first examine how threshold scale affects compression efficiency and entropy, and why these trends
alone are insufficient to select an operating point for decoding. Figure 4 shows that increasing the threshold
scale increases the compression ratio. However, entropy and reconstruction based signal quality metrics
in Figure 5 are not sufficient to fully evaluate the true effectiveness of each compression method from
a task relevant perspective. For example, WHT produces the highest compression ratio with relatively
small changes in entropy, yet its PSNR, NRMSE, and PRD indicate larger distortion than DCT. These
observations motivate an evaluation that directly reflects decoding utility rather than relying only on

reconstruction based metrics.

4.2. Decoding and feature reduction

To evaluate compression in a task relevant manner, Figure 6 applies feature extraction and trains a DL
classifier on the compressed signals. Two findings emerge. First, transform-based compression can still
achieve similar or higher decoding performance than the uncompressed preprocessed condition in several
cases, indicating that higher compression does not necessarily translate to poorer decoding performance
when the model operates on feature representations. Second, when feature reduction is applied after
feature extraction, decoding performance often remains similar or improves for certain methods. Together,
these outcomes suggest that compression combined with feature reduction can remove distortion-sensitive
or unstable features and provide a more consistent feature representation to the classifier. A plausible
explanation is that transform-domain thresholding suppresses low-energy components that contribute
non-informative variability, while the subsequent NRMSE-based feature reduction removes features
whose values are disproportionately perturbed by reconstruction error, yielding a regularized and more
stable input to the classifier. To assess whether method rankings depend on using method-specific reduced
feature sets, we additionally evaluated a common reduced feature set shared across methods defined in
Supplementary Table S1 and evaluated in Supplementary Table S2.

While Figure 6 demonstrates that decoding can be preserved under compression, it does not by itself
specify which method and threshold scale should be selected in a practical setting. To enable systematic
selection, we apply the Euclidean distance defined in Equation (26) to identify a balanced result that
reflects both high compression ratio and high classification accuracy. Figure 8 and Table 3 visualize these
balanced results across methods and scales. In addition, Figure 9 and Table 4 present the gesture specific
classification performance and t-SNE embeddings of the hidden state before the classification layer for
representative balanced conditions. These visualizations support that the balanced points correspond
to conditions where high compression and high decoding performance can be jointly maintained while
producing well separated gesture representations.

Based on the balanced results, DCT based CBFR can be considered a strong candidate among
the evaluated methods because it maintains high compression ratio and high decoding performance for
both invasive and non-invasive datasets while exhibiting relatively lower distortion in the signal quality
metrics. At the same time, Haar DWT or WHT can also be effective choices depending on the constraints
and objectives of the experimental setting, such as when a hardware friendly transform implementation

and a training free, low complexity pipeline (Table 2) or when a larger compression ratio is prioritized,

22



Neuroelectronics Article

since both Haar DWT and WHT have been widely used in hardware oriented realizations with efficient
FPGA or Very Large-Scale Integration (VLSI) architectures [60,61]. Because this study is evaluated
in software, we do not report direct on-device latency or power measurements for CBFR or learned
compressor baselines. Haar DWT provides stable decoding performance in both the entire feature and
reduced feature conditions, while WHT offers the highest compression ratio but with larger distortion and
greater variability in decoding outcomes, highlighting a complementary tradeoff between robustness and

maximum compression.
4.3. Key contributions

Compared to previous approaches that often extract only spike based responses and evaluate compression
quality mainly using signal based metrics such as SNR, our study takes a step further by applying lossy
compression to neural signals that contain real movement intention and by evaluating not only compression
efficiency and signal quality but also decoding performance. To our knowledge, transform-based lossy
compression combined with DL decoding has been applied only in limited cases to peripheral neural
signals, and our work provides one of the first examples that systematically examines how transform-based
compression affects both the stochastic characteristics of the signal and the decoding accuracy for

movement intention.
4.4. Limitation and future work

In the present study, the CBFR pipeline was implemented in a real time capable software setting using frame
based streaming of recorded datasets. In future work, this pipeline can be deployed on a microcontroller for
the compression stage, while the trained DL classifier can be deployed on an inference-capable embedded
GPU such as Nvidia Jetson, consistent with our prior portable peripheral nerve decoding demonstration [15].
In addition, multiple prior studies have reported hardware-feasible implementations of transform-domain
neural signal processing and compression, including low-complexity and low-power architectures based on
Haar DWT, WHT, and DCT [17,18,46-48]. However, because this study evaluates the pipeline in software
using recorded datasets, end-to-end latency, power, and robustness under wireless constraints remain to
be validated on device. Therefore, the next step is to implement CBFR on actual hardware and evaluate
its performance in real world settings. To place these results in context and outline the remaining steps
toward deployment, we summarize the key limitations and future work below.

The current evaluation is conducted in software using session-level cross-validation, which primarily
assesses within-subject generalization across sessions. While each dataset contains multiple sessions and
a substantial total volume of raw recordings (Table 1), the limited number of participants does not capture
inter-subject variability, and we do not claim cross-subject generalization with a fixed CBFR configuration.
In practice, decoder training and CBFR parameter selection may require subject-specific personalization,
and end-to-end validation on embedded hardware remains necessary to quantify latency and power under
wireless constraints. Future work will therefore focus on (i) hardware implementation and on-device
evaluation, including end-to-end latency and power benchmarking, (ii) cohort-level validation across
participants, and (iii) efficient personalization/calibration strategies to support practical deployment, as

well as direct comparisons to learned compressors under the same peripheral-nerve decoding task.
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5. Conclusion

This study presented CBFR, a transform-based lossy compression and feature selection pipeline for
BCI devices, and evaluated its practicality using both invasive and non-invasive datasets during finger
movement decoding. Across both datasets, CBFR substantially reduced the data rate while maintaining
decoding performance in this experimental setting, achieving up to 11.29x compression on invasive
recordings and about 21.08 x on non-invasive recordings, while accuracy was preserved or improved
relative to the preprocessed baseline. Feature reduction applied after feature extraction indicated
that removing distortion-sensitive or unstable features can yield a more consistent representation for
deep-learning-based decoding. Among the evaluated transforms, the DCT provided consistently strong
balanced results, whereas the WHT offered the highest compression ratios with greater variability,
indicating complementary choices depending on whether robustness or maximum compression is
prioritized. Overall, these results support transform-based lossy compression combined with feature
reduction as a viable approach to reduce wireless bandwidth demands for peripheral nerve interfaces,
with future work focused on validating end-to-end performance on embedded hardware. Inter-subject
validation across a larger cohort and evaluation of subject-specific personalization remain important next

steps toward practical deployment.

Supplementary data

The supplementary tables and figures are available in the supplementary materials associated with
this paper. The Supplementary Material provides (i) the identities of the retained feature sets after
NRMSE-based feature reduction, (ii) the evaluation using common reduced feature sets shared across
methods, and (ii1) confusion matrices and per-class F1 scores for the balanced operating points reported

in the main manuscript.
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