""" Journal of VLSI Circuits and Systems, ISSN: 2582-1458 Vol. 8, No. 1, 2026 (pp. 20-26)

= - VLSI circuits
‘‘‘‘‘ - and systems

RESEARCH ARTICLE

WWW.VLSIJOURNAL.COM

Resource-Constrained VLSI Architecture for
Wearable Health Monitoring: Integrating On-Chip

Data Compression with CNN-Based Fall and

Akmaljon Mamatov'*, Jamshidbek Obidov', Jasurbek Ibrokhimov?, Shukrullo Kakharovz3, Muhammadbobur Mirzaakhmedov4,

Arrhythmia Detection

Abdukakhor Topvoldiev'!, Umida Madmarova'

'Department of Metrology and Standardization, Fergana State Technical University, Fergana 150107, Uzbekistan.
2Department of Mathematics and Information Technologies, Oriental University, Tashkent, Uzbekistan.
3Digital Technologies and Artificial Intelligence Development Research Institute, Tashkent, Uzbekistan.

4Department of Computer Engineering, Andijan State University named after Zahriddin Muhammad Bobur, Andijan, Uzbekistan.

KEYWORDS:

Low-power VLSI,

Wearable Health Monitoring,
Data Compression,

CNN Accelerator,

Bio-signal Processing,

Energy Efficiency,

Internet of Medical Things (IoMT),
Edge Al

ARTICLE HISTORY:

Received: 27.01.2026
Revised: 11.02.2026
Accepted: 27.02.2026

DOI:

https://doi.org/10.31838/jvcs/08.01.03

ABSTRACT

Wearable biomedical devices need to achieve two opposing goals, which require them to
process data instantaneously while consuming minimal power to maintain their battery
power throughout extended periods. The standard processing system, which most systems
use, depends on cloud computing, but this method creates security vulnerabilities and
time delays for users. The research introduces a new low-power Al-based Very-Large-Scale
Integration (VLSI) design that scientists created specifically for use in wearable health
monitoring devices that need to detect falls and identify cardiac arrhythmias. The pri-
mary development of this project is the creation of a hardware-based preprocessing com-
pression unit that employs delta-encoding to reduce data duplication prior to the neural
network performing its computations. Our system uses a lightweight convolutional neural
network accelerator, which processes accelerometer and ECG data using mixed-precision
arithmetic at the edge. The architectural design achieves fall detection accuracy of 95.4%
while requiring only 24.8 pJ of energy for each inference, according to simulation results
obtained through 65 nm CMOS technology testing. The system provides the next genera-
tion of remote patient monitoring systems with essential energy-efficient design elements
that produce a 28% better energy output when compared to existing baseline systems.
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INTRODUCTION

The Internet of Medical Things (IloMT) has transformed
personalized healthcare through its ability to provide
ongoing monitoring of bodily functions in real time.l'4
The challenge of deep learning algorithm implementa-
tion on battery-powered wearable devices requires opti-
mization between two competing goals, which are to
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achieve the highest possible classification accuracy while
consuming the least amount of energy.>'1 Modern wear-
able VLSI systems experience their main power limita-
tion from the energy costs of data transfer and memory
access rather than from their processing capacity.[''
The existing system architecture operates via a “sense-
and-transmit” method that requires all original data to
be transmitted to remote cloud servers.!"®! The current
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system displays energy inefficiency problems. E_TX rep-
resents the energy required to transmit one wireless
data bit, while E_Comp represents the energy required
to perform a single local computation (MAC). Current
radio technologies require that the E_TX exceed the E_
Comp by a considerable margin, typically ranging from
1000 to 10,000.['"617'8 The device’s energy resources are
fully utilised when it transmits unprocessed multi-chan-
nel ECG and accelerometer data, which results in an
operational time of less than 24 hours.>'"% Researchers
have initiated the investigation of Edge Al as a solution
that facilitates on-chip data processing.['291%2021] The
execution of convolutional neural networks (CNNs) on
platforms with limited resources creates the “Memory
Wall” problem, which halts system performance.l>"! The
energy required to access off-chip DRAM or large on-chip
SRAM exceeds the energy required for performing arith-
metic operations. A standard 65nm CMOS process uses
5-10 times more energy to retrieve a 32-bit word from
SRAM than it uses to conduct an ALU operation.['3'422]
The existing solutions use lossy compression along with
standard quantization methods, but these techniques
result in bio-signal morphological damage, which pre-
vents accurate arrhythmia diagnosis through P-wave
and QRS complex detection.[®7823 Unified architectures
that effectively combine hardware-efficient data com-
pression with neural acceleration currently do not exist
because their implementation results in serious accu-
racy loss.>'229 The research presents an innovative VLSI
architecture that achieves energy efficiency through its
combination of a hardware-based pre-processing com-
pression unit (PPCU) and a mixed-precision CNN accel-
erator.>2152021 The PPCU employs a delta-encoding
scheme, which works with a noise-adaptive threshold to
control memory write operations while functioning as a
data filter that controls information flow to the neural
inference stage. This codesign approach allows for a sig-
nificant reduction in dynamic power dissipation, defined
as P, =aCV.f, by minimizing the switching activity

dyn
factor in the memory subsystem.['3.14.22]
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Fig. 1: Proposed VLSI Architecture incorporating the
PPCU for energy-efficient wearable monitoring.
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2. METHODOLOGY

2.1. Overall VLSI System Architecture

The system architecture we designed operates as a low-
power System-on-Chip (SoC) which uses 65nm CMOS
technology for battery-dependent wearable devices.
Our wearable system design uses data reduction meth-
ods to extend battery life instead of following normal
implantable systems, which focus on thermal safety.

The system operates through three distinct phases,
which include (1) bio-signal acquisition that performs
digital conversion for ECG and accelerometer signals,
(2) the proposed PPCU which reduces data dimensional-
ity before storage, and (3) the Neural Inference Engine,
which functions as a lightweight CNN accelerator for
classification tasks. The central power management unit
controls voltage changes according to the current work-
load requirements.

2.2. Pre-Processing Compression Unit

The PPCU which we developed operates as a dedi-
cated hardware solution that addresses memory perfor-
mance issues in wearable systems by connecting to both
ADC outputs and system memory. Our system uses an
advanced method that handles data through a different
approach than traditional methods, which store unpro-
cessed 16-bit audio recordings because they consume
too much energy. The system utilises an advanced dif-
ferential pulse-code modulation (DPCM) method in con-
junction with a noise-adaptive noise-gate system. The
PPCU functions by measuring the discrepancy between
current signals and earlier recordings. As illustrated in
Figure 3, the differential processing method has been
shown to alter physiological waveform patterns. Our
research shows that the ECG QRS complex diagnostic
marker maintains its original form, as demonstrated by
comparing two methods. The noise-gating threshold is
an effective method for removing all unnecessary base-
line movements that do not provide any useful clinical
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3x3 filters Convolution Layer Classification)

Fig. 2: Schematic representation of the lightweight
CNN architecture with mixed-precision (8-bit/4-bit)
quantization for hardware efficiency.
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information. Our system achieved a 40% decrease in
energy consumption for reading and writing operations
by limiting memory accesses to only the important
signal changes, following the procedure described in
Algorithm 1.

PPCU Novelty and Multimodal Adaptation:

The proposed PPCU is distinguished by its hardware-in-
loop integration, a feature that sets it apart from con-
ventional software-based DPCM. The PPCU functions
as a physical “SRAM Gatekeeper,” employing a Noise-
Adaptive Hysteresis mechanism that dynamically adjusts
the transmission threshold (T_noise) based on the signal
variance. This prevents the “memory wall” bottleneck
by physically gating the write-enable signals. Adaptation
Strategy: The system features programmable registers
to handle heterogeneous signals. For ECG, the threshold
is set to filter out baseline wander (< 0.05 mV) while pre-
serving the sharp QRS complex. For Accelerometer data,
the logic switches to a “jerk-based” mode, accounting
for the gravitational constant (1g) to detect sudden
impacts. This hardware reconfigurability allows the same
silicon area to serve multiple biomedical applications.

2.3. Neural Network and Classifier Design

The classification engine uses mathematical formulation
to achieve its function through two opposing require-
ments. Our team developed a lightweight CNN archi-
tecture which specializes in processing 1D bio-signals
by using depth-wise separable convolutions (DSC) to
achieve lower computational requirements than tradi-
tional convolution methods.

2.3.1. Computational Complexity Analysis
Consider a standard convolutional layer taking an input
tensor of size H x W x C_ and producing an output of

2 —

250
Time (ms)

Fig. 3: The time-domain visualisation of the original raw ECG input signal and the reconstructed signal after
data reduction through the PPCU is presented in Figures (a) and (b), respectively.

Hx W x C, . using a kernel of size K x K. The computa-
tional cost (number of multiply-accumulate operations,

MACs) for a standard convolution C_, is given by
Cstd =K.K'C1‘n 'Cout HW

In our design, we replace this with DSC, which factorizes
the operation into depth-wise spatial convolution and
point-wise (1 x 1) convolution. The cost C,_is calculated
as

C..=(K-K-C,-H-W)+(1-1.C,,-C,, -H-W)

dsc
The theoretical speedup factor n and energy reduction
provided by our architecture can be expressed as

Cstd _ KZ ) Cin i Cout _ KZ i Cout

C KZ : Cin + Cin ’ Caut KZ + Caut

]7:

dsc

For our kernel size of K = 3 and channel depth C_, >>
K2, this results in an approximate computation reduction
of 8-9 x compared to standard CNN implementations,
directly translating to lower dynamic power consump-

tion in the MAC arrays.

2.3.2. Mixed-Precision Quantization

The memory usage reduction process uses uniform sym-
metric quantization as its implementation method to
achieve its goal. We convert the weights w and acti-
vations a from 32-bit floating-point representation
to low-precision integer format which uses 8-bit for
input layers and 4-bit for deeper layers. The function
Q(x) defines quantization through its mathematical
expression:

Q(X) = Clamp([%} + Z, _2371,_2571 _1]
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The scaling factor S and the zero-point Z which uses a
value of 0 for symmetric quantization together with the
bit-width B which can be set to either 4 or 8. The scaling
factor S is determined during offline training using the
dynamic range of the activations:

max(|x|) —min(|x
5 _max(x) -min()
2° -1
This mixed-precision approach reduces the memory
bandwidth requirement by 4 x to 5 x compared to

full-precision networks, allowing the entire model
weights to fit within the limited 96 KB on-chip SRAM.

2.3.3. Activation Function

In order to circumvent the necessity for costly expo-
nential calculations that are demanded by sigmoid
or tanh/softmax functions, the rectified linear unit
(ReLU) activation function is employed. This function is
advantageous due to its hardware-friendliness:

f(x) = max(0, x)

This function is implemented using a simple sign-bit
check and multiplexer logic, requiring negligible sili-
con area compared to look-up tables (LUTs) needed for
non-linear activations.

Algorithm 1: Hardware-efficient signal
compression

Plaintext

Input: Incoming Raw Sample S[t], Previous Sample
S[t-1]

Input: Noise Threshold T_noise

Output: Compressed Packet P_out

1: Calculate Delta: D = S[t] - S[t-1]
2: if |D| < T_noise then
// Signal is effectively noise or baseline
Drop Sample (No Memory Write)
else if |D| can fit in 4 bits then
P_out = Encode_4bit(D)
Write to Memory (Low Energy)
else
9: P_out = Encode_8bit(D)
10:  Write to Memory (Medium Energy)
11: end if
12: Update S[t-1] = S[t]
13: Return

w

NI A
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3. RESULTS AND DISCUSSION
3.1. Experimental Setup

Dataset and Experimental Protocols. To ensure the
reproducibility of the proposed VLS| architecture, the
simulation framework was validated using two gold-
standard open-access biomedical datasets.

Arrhythmia Detection (ECG): We utilized the MIT-BIH
Arrhythmia database, which is the standard benchmark
for algorithmic validation in biomedical circuits. The
dataset contains 48 half-hour excerpts of two-channel
ambulatory ECG recordings, digitized at 360 samples per
second per channel with 11-bit resolution over a 10 mV
range. For this study, we focused on classifying beats
into two primary categories: Normal (N) and Arrhythmic
(specifically premature ventricular contractions - PVC).
The data were preprocessed to simulate the Analog-
Front-End (AFE) output, followed by a 70%/30% split for
training and testing to prevent data leakage.

Fall Detection (Accelerometer): Validation was per-
formed using the SisFall Dataset, known for its high-res-
olution recording of falls and activities of daily living
(ADL). This dataset includes data from a tri-axial accel-
erometer (ADXL345) sampled at 200 Hz. It encom-
passes 15 types of falls (e.g., slip, trip, fainting) and
19 ADLs performed by subjects aged 23-74. To match
the proposed hardware specifications, the signals were
down-sampled to 50 Hz before entering the PPCU block.

Statistical Protocol: To verify the robustness of the
results, we employed a 10-fold cross-validation scheme
during the model quantization phase, and the reported
hardware results represent the average energy and
accuracy over 10 independent inference runs.

The proposed architecture was validated using a 65nm
Low-Power CMOS PDK. The classification performance
evaluation used confusion matrix data to calculate
Sensitivity (Recall), Specificity, and F1-Score, which is
the harmonic mean of precision and recall. The F1-Score
is calculated as:

Precision-Recall 2TP
"Precision+Recall  2TP+FP+FN

F1=2

The True Positive, False Positive, and False Negative val-
ues show actual results of the model testing process.
The system demonstrates a Fall Detection Accuracy
of 95.4% according to the data presented in Table 1.
The energy benefits of this design outweigh the 0.7%
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Table 1: Performance comparison (baseline vs. proposed)

Baseline Proposed Improvement

Metric Architecture (With / Change
PPCU) g

Technology 65 nm 65 nm
Node
Energy per o .
Inference 34.5 ud 24.8 pJ 28.1% Saving
Fall Detection o -0.7%
Accuracy 96.1% 95.4% (Trade-off)
Arrhythmia o -0.4%
Accuracy 94.2% 93.8% (Trade-off)

decline from the uncompressed baseline because the
system provides better energy efficiency. The PPCU
delta-encoding system enables arrhythmia detection to
maintain its 93.8% sensitivity because it keeps vital QRS
high-frequency elements intact.

3.2. Energy Efficiency and Figure of Merit (FOM)

This research presents its primary finding through the
demonstration of decreased energy consumption for
each inference process. The baseline architecture con-
sumed 34.5 pJ/inference. The PPCU and noise-gating
features in the proposed design resulted in a power con-
sumption decrease to 24.8 pJ/inference, which created
a 28.1% energy efficiency advancement. Our design eval-
uation against existing top-performing systems uses the
unified Figure of Merit (FOM_sys) measurement, which
includes energy, area, and accuracy metrics.

Accuracy(%)

FoM, . = >
Energy(uJ)x Area(mm?®)

sys

while the baseline design achieves a lower FOM due to
high energy cost, and the proposed design maximizes
this metric.

The improvement is primarily attributed to the reduc-
tion in SRAM write operations. Let N, be the total num-
ber of samples and Eortea be the samples dropped by the
PPCU. The memory energy saving is proportional to:
E__o(N

saves

total Ngated) X Ewrite

The PPCU system shows its effectiveness by filtering out
40 percent of normal ambulatory ECG samples through
its operation 3.3. Comparing our edge-processing solu-
tion with existing works, our edge-processing solution
provides far superior battery performance to standard
cloud-dependent systems, which require more than
100 pJ to transmit data. The digital PPCU system pro-
vides the required medical certification performance
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Fig. 4: Comparative analysis of energy consumption
per inference cycle between the conventional
baseline architecture and the proposed design.
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Fig. 5: Power distribution breakdown across the
major functional blocks of the proposed SoC design.

through its operation because it protects its output from
noise problems that affect analog-domain compression
methods. It is established for consumer-grade wearable
health monitors.

3.3. Comparative Analysis.

Comparison with Neuromorphic and Event-Driven
Approaches: Recent literature has emphasized “event-
driven” or neuromorphic architectures (e.g., utilizing
spiking neural networks - SNNs) to reduce power. While
SNNs theoretically offer lower dynamic power, they typ-
ically require nonstandard asynchronous digital logic or
specialized analog memory (RRAM), which complicates
the manufacturing process. In contrast, our proposed
PPCU achieves “pseudo-event-driven” efficiency within
a standard synchronous CMOS design flow. By gating the
SRAM write-enable signals based on signal dynamics, we
replicate the energy-saving behavior of asynchronous
systems without the overhead of complex handshake
protocols. As shown in Table 2, our design maintains a

Journal of VLSI circuits and systems, ISSN 2582-1458
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Table 2: Confusion Matrix for Fall Detection Performance

Actual \ Predicted: FALL Predicted: ADL
Predicted

Actual: FALL 95.4% (TP) 4.6% (FN)
Actual: ADL 1.2% (FP) 98.8% (TN)

Note: TP = True Positive, FN = False Negative, FP = False
Positive, TN = True Negative. This table previously had no
number or title (appeared in Conclusion section).

competitive energy-area product compared to recent
neuromorphic solutions while ensuring 100% compatibil-
ity with standard digital synthesis flows.

CONCLUSION

The research introduced a VLSI design that consumes
minimal energy to support multi-modal health monitor-
ing for wearables. The system design resolves the power
consumption issue that affects battery-powered [oMT
devices by integrating a Pre-Processing Compression
Unit (PPCU) with a lightweight CNN accelerator.The
developed method shows 28% lower energy use than
standard system designs in 65nm CMOS technology tests,
while achieving over 95% accuracy in fall detection clas-
sification. The application of hardware-based delta-en-
coding enables substantial memory savings, resulting in
extended operational durations for wearable technolo-
gies. The upcoming research phase will test this system
design at smaller technology nodes, starting with 28nm
FD-SOI, while developing on-chip learning functions for
individualized patient care.

Actual\predicted | Predicted: FALL | Predicted: ADL
Actual: FALL 95.4% (TP) 4.6% (FN)
Actual: ADL 1.2% (FP) 98.8% (TN)
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