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Abstract—Edge  artificial intelligence (Al) is
revolutionizing real-time health monitoring by
enabling on-device analysis of biomedical data with
low latency and enhanced privacy. We propose
DynaEdgeNet, a novel dynamic neural network
architecture tailored for resource-constrained
Internet of Things (IoT) health monitoring devices.
DynaEdgeNet integrates advanced features —
including multi-modal data processing, adaptive
early-exit inference, model compression, and privacy-
preserving federated learning — into a unified,
lightweight model. The architecture dynamically
adjusts its depth and computation based on input
complexity and device constraints, achieving high
accuracy  while minimizing latency, energy
consumption, and memory footprint. We validate
DynaEdgeNet on representative health monitoring
tasks (arrhythmia detection from ECG signals and
early sepsis prediction from clinical data), comparing
it against a prior optimized edge-Al approach.
Experimental results show that DynaEdgeNet
consistently outperforms the original model across all
key metrics: it improves diagnostic accuracy (e.g.,
~99% vs. 98% ECG classification accuracy), reduces
inference latency by 20-33%, lowers energy per
inference by ~30%, and further compresses model size
without loss of fidelity. An analysis of variance
(ANOVA) confirms these improvements are
statistically significant (p < 0.01). We also conduct
sensitivity analyses — varying confidence thresholds
for DynaEdgeNet’s early-exit mechanism and
hardware settings — to demonstrate robust
performance trade-offs. The findings highlight
DynaEdgeNet’s potential to advance the state-of-the-
art in edge healthcare Al, enabling real-time, energy-
efficient, and privacy-preserving health analytics on
wearable and portable devices. This work underscores
that through dynamic architecture design and holistic
optimization, IoT health monitors can deliver
accurate and scalable intelligence at the edge, moving
closer to ubiquitous smart healthcare with minimal
resource usage.

Keywords—dynamic  neural networks, model

compression, energy efficiency, federated learning,
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1. INTRODUCTION (HEADING 1)

The convergence of IoT and AI has enabled
continuous health monitoring through wearable sensors
and smart medical devices, offering real-time insights for
early detection and intervention. Traditionally, many
healthcare AI tasks (e.g., ECG analysis or patient risk
prediction) were offloaded to the cloud, but this approach
incurs high latency, network dependence, and privacy
risks. Edge Al addresses these issues by processing data
locally on IoT devices, thus reducing round-trip delays
and keeping sensitive data on-device. For critical
applications like arrhythmia detection from
electrocardiograms (ECG) and vital sign monitoring, low-
latency on-device decision-making can significantly
improve patient outcomes. Additionally, on-device
processing enhances privacy by minimizing transmission
of personal health information. However, deploying deep
learning models on resource-constrained edge devices
presents major challenges. Wearables and portable health
monitors (e.g., ECG patches, smartwatches, pulse
oximeters) are limited by low-power processors, small
memory, and battery constraints. Naively deploying
accurate but large models can exhaust device memory or
compute capacity, leading to impractical inference latency
and energy drain. Therefore, model optimization
techniques are essential to shrink and speed up Al models
while preserving accuracy[1], [2], [3], [4]-

Prior studies have shown that methods like model
quantization (reducing numeric precision), network
pruning (removing redundant weights), and knowledge
distillation (training compact “student” models to mimic
larger “teacher” models) can substantially reduce model
size and computation with minimal impact on accuracy.
For instance, 8-bit quantization of neural networks often
yields negligible accuracy loss (~1-2%) compared to 32-
bit models, and carefully pruned models can retain high
performance with far fewer parameters. Knowledge
distillation is particularly powerful in producing small
models that achieve near-original accuracy in a hardware-
agnostic manner. Beyond algorithmic compression,
hardware-software co-design is crucial for optimal edge
Al performance. This involves designing model
architectures and execution strategies that synergize with
the device’s hardware characteristics (CPU/GPU
capabilities, memory hierarchy, specialized accelerators).
Techniques include using efficient neural network
architectures tailored for embedded processors, leveraging
hardware acceleration libraries (e.g., NVIDIA TensorRT,
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ARM CMSIS-NN), and distributing workloads optimally
across available computing units. Co-design approaches
can yield order-of-magnitude improvements in throughput
per watt by ensuring the model fits in fast on-chip
memory and by exploiting parallelism on edge Al
accelerators. For example, a recent hardware-aware design
compressed an activity recognition model to fit entirely in
a microcontroller’s SRAM, achieving inference latencies
of only a few milliseconds with mere milliwatts of
power[5], [6], [7].

In addition to model efficiency, resource-aware task
scheduling and data management play supporting roles in
edge-based health monitoring systems. [oT devices often
handle multiple sensor data streams and analytics tasks
under limited computational budgets. Intelligent
scheduling can prioritize critical health inference tasks and
defer or downscale less urgent workloads to balance real-
time performance with energy consumption. Techniques
like dynamic voltage-frequency scaling and selective
edge-cloud offloading have been shown to extend battery
life while meeting medical response time requirements.
Moreover, compressing raw data streams before analysis
or transmission (using both lossy and lossless
compression) can alleviate bandwidth usage in wireless
body sensor networks, reducing communication energy
overhead. Privacy-preserving mechanisms are also
paramount in health AI deployment. Processing data at the
source (on-device) ensures data sovereignty, and methods
such as on-device encryption, secure enclaves, and
federated learning (FL) enable collaborative model
improvement without sharing raw patient data. Federated
learning allows edge devices (e.g., hospital IoT gateways
or patient wearables) to jointly train global models by only
exchanging model updates (gradients), thus keeping
personal records local. Studies have demonstrated that FL
can achieve accuracy comparable to centralized training
with negligible performance drop, while dramatically
improving data privacy[8], [9].

Despite these advances, the need remains for a unified
solution that holistically combines model-level
optimizations and system-level integration in one
architecture. The previous state-of-the-art approach (our
prior work) addressed this by applying a suite of
optimizations to existing models — compressing deep
networks and co-designing deployments — yielding
significant gains in latency, energy, and privacy. In this
paper, we go a step further by introducing DynaEdgeNet,
a new edge-native Al model designed from the ground up
to embody these principles. Instead of optimizing an off-
the-shelf model, DynaEdgeNet’s architecture is inherently
compact and dynamic, eliminating redundant computation
by design (as advocated by recent works). We hypothesize
that such a bespoke architecture can outperform even
highly optimized versions of conventional models across
key metrics[10], [11].

Contributions: This work presents a comprehensive
framework for energy-efficient IoT health monitoring
centered on DynaEdgeNet. The main contributions are:
(1) DynaEdgeNet Architecture — we propose a dynamic
deep neural network that adaptively adjusts its
computation (via early exits and conditional execution)
and seamlessly fuses multimodal health data streams on-
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device. We detail its novel components and co-design for
IoT hardware. (2) Holistic Optimization — DynaEdgeNet
integrates quantization, pruning, and distillation during
training, plus runtime scheduling strategies, to minimize
memory, computation, and power usage. It also
incorporates privacy by design through compatibility with
federated learning for on-device training updates. (3)
Superior Performance — We empirically demonstrate that
DynaEdgeNet outperforms the prior optimized model
across accuracy, latency, energy, model size, and other
metrics. On ECG arrhythmia detection, DynaEdgeNet
achieves higher classification accuracy (~99%) than the
previous compressed model (~98%) while using fewer
resources. On an early sepsis prediction task, it matches or
exceeds the accuracy of a cloud-grade model (area-under-
curve ~0.85) but runs entirely on edge hardware with 33%
lower latency and half the memory footprint of the prior
solution. (4) Robustness and Analysis — We perform
extensive evaluations, including statistical significance
testing (ANOVA) to confirm the improvements are not by
chance, and sensitivity analyses (e.g., varying confidence
thresholds for early exits) to characterize the trade-offs in
DynaEdgeNet’s adaptive behavior. To our knowledge,
DynaEdgeNet is one of the first dynamic multimodal Al
models specialized for health IoT, and our results
demonstrate its potential to enable scalable, real-time, and
privacy-conscious smart healthcare at the network
edge[12], [13].

II. LITERATURE REVIEW

All the previous studies by past researchers have been
comparatively tabulated in table 1.

Table 1. Literature Review of previous study

Study Theme Key
Contribution
HAC-POCD Model 8-bit quantization
(2024) [14] Compression + KD compressed

CNN by ~89A—
with  only 1.4%
accuracy drop
(95.6%) for wearable
camera data.

Zhang et al. Model Ultra-compact 15
(2023) [15] Compression KB 1D CNN for
ECG; achieved

98.2% accuracy and
<l ms inference on
MCU, outperforming
larger models.

DynaEdgeN Model Integrates
et (This Work) Compression efficiency during
design; combines

quantization,

pruning, and KD
from the outset to
minimize overhead.

MSDNet, Dynamic Introduced early
Huang et al.[16] | Neural exits to  reduce
average  inference
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Networks

time by allowing
easy inputs to exit
early.

(ICLR
2024)[17]

Han et al.

Dynamic
Neural
Networks

Surveyed  joint
optimization of
gating and  exit
classifiers; improved
dynamic model
accuracy and
efficiency.

DynaEdgeN
et (This Work)

Dynamic
Neural
Networks

Applies  early-
exit and conditional
computation to
biomedical data for
energy-efficient real-
time health Al

(2023) [18]

Li et al

Federated
Learning

Edge FL for
sepsis detection;
AUC almost equal to
centralized training
(~0.005 difference);
validated on
Raspberry Pi.

Research Compression pruning widely

Trend[22] adopted to reduce
latency, size, and
power use across
edge health Al

General Privacy & Balancing local
Research Utility computation ~ with
Trend[23] global model

improvement using
FL and differential
privacy.

General Dynamic Emerging trend
Research Al in healthcare Al to
Trend[24] use conditional

computation and
early exits to
minimize energy
waste.

DynaEdgeN
et (This Work)

Federated
Learning

Supports on-
device training with
smaller update sizes,
achieving
convergence and
privacy-preserving
performance.

(2023) [19]

Nassra et al.

Data
Compression

Vital Sign
Adaptive
Compressor (VSAC)
reduced data volume
by  46%  while
preserving alert-
critical content.

(2025)[20]

Webb et al.

System
Co-Design

Dynamic
scheduling for edge-
cloud  processing;
optimized real-time
responsiveness in
variable workloads.

DeepEdgelo
T (2018) [21]

System
Co-Design

Promotes
hardware-aware
model design,
prioritizing  on-chip
memory use for
energy savings.

DynaEdgeN
et (This Work)

System
Co-Design

Combines
efficient models,
sensor data
compression,
runtime scheduling,
and federated
training in  one
pipeline.

General

Model

Quantization and
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[II. METHODOLOGY AND SYSTEM CONFIGURATION

In this section, we introduce DynaEdgeNet — a
dynamic edge AI model specifically created for energy-
efficient health monitoring. We first describe the model’s
overall architecture and key components, then detail the
innovations that enable its superior performance. Figure 1
provides a high-level overview of DynaEdgeNet’s design,
illustrating its multi-modal inputs, adaptive layers, and
output interfaces.

Sensor Input Sensor Festure
(ECG. Vitals) Extractor (CNN)

Text Input ot Feature
(EHR Notes) Extractor (TinyBERT)|

Fig. 1. Overview of the proposed DynaEdgeNet
architecture for IoT health monitoring

DynaEdgeNet is a lightweight, multi-modal neural
architecture designed for efficient edge-based health
monitoring. It features two primary input branches: one
for physiological sensor data (e.g., ECG, vital signs) and
another for textual inputs such as clinical notes. These
branches are implemented as a compact 1D CNN and a
distilled TinyBERT encoder, respectively. The CNN is
optimized for biomedical time-series processing with
domain-specific filters, while the TinyBERT encoder
captures critical insights from clinical text with
significantly = fewer  parameters than  full-sized
transformers. The outputs of both branches are fused
through a small classifier or transformer block that
generates the final prediction, which can be either a
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classification (e.g., arrhythmia type or sepsis risk) or
regression output. Despite handling multimodal inputs, the
entire model remains small—under 10 MB post-
quantization—making it suitable for deployment on
memory-constrained edge devices.

A core innovation in DynaEdgeNet is its dynamic
inference mechanism. Early-exit branches are embedded
at intermediate CNN layers and, optionally, after the
fusion module. These exits evaluate prediction confidence
in real time and allow the model to halt further processing
when a confident decision can be made early. This
significantly reduces average inference cost, as “easy”
inputs (e.g., clean ECG signals) are resolved quickly,
while “hard” or ambiguous cases (e.g., noisy signals or
conflicting vitals) go through the full model. The text
branch can also be conditionally bypassed if the sensor
data alone provides high-confidence information. This
form of conditional computation improves responsiveness
and energy efficiency, particularly valuable in edge
scenarios with limited power and compute.

A. Machine Learning Framework

The training pipeline involves knowledge distillation
for both branches, using larger teacher models to guide the
learning of smaller, deployable students. Quantization-
aware training (QAT) ensures that the model performs
reliably when converted to 8-bit integer format for
deployment. The model is further compressed through
structured pruning, targeting low-magnitude weights in
fully connected layers. After optimization, the ECG-only
model is as small as 10-15 KB, while the full multimodal
version with TinyBERT remains around 10 MB—
enabling execution on devices like Raspberry Pi, Jetson
Nano, and even Cortex-M microcontrollers (in simplified
form).

DynaEdgeNet’s architecture is carefully co-designed
with hardware considerations. The CNN uses only 1D
convolutions with small kernels, ideal for microcontroller
DSP instructions and ARM’s Neon extensions. The
TinyBERT branch employs standard operations
compatible with mobile neural accelerators. Inference
runtimes such as TensorRT and TFLite are used to
accelerate execution, leveraging INT8 operator fusion.
Early-exit checks are implemented as efficient threshold
comparisons, ensuring they don’t offset the savings from
dynamic inference. On devices with limited memory, such
as MCUs, DynaEdgeNet fits entirely in on-chip SRAM,
avoiding costly DRAM access. On higher-end devices, the
reduced memory footprint improves cache performance
and allows multiple models to run concurrently.

B. Accuracy Validation

Privacy is embedded into the DynaEdgeNet framework
through federated learning. Devices can train locally on
new patient data and send encrypted model updates to a
central aggregator, avoiding raw data transfer. The small
model size minimizes communication overhead—only a
few megabytes per round—making this feasible even over
constrained networks. In our experiments, federated
training reached within 0.5% of centralized accuracy for
sepsis detection, confirming that edge training does not
compromise performance. Additionally, all inference
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happens locally; only non-sensitive alerts or predictions
are shared externally. This privacy-preserving approach
complies with regulations like HIPAA and GDPR and
enhances user trust in real-world deployments.

98.6
98.4
9.2

98.0

Energy (m]}

97.8

Accuracy (%}

497.6

97.4

Griginal Quantized Pruned KD DynakdgeNet
Model

Fig. 2. Unified Comparison of Accuracy, Latency, and
Energy Across Models

Table 2. Comparison of accuracy, latency and energy with
respect to previous models.

Attri | Fara HAC- Alam Tiny | DynaEdgeN
bute get POCD et al. BER et (Ours)
al. (2024) (2023) T+
(2023 RNN
) (2024
)
Task | ECG | Multimo | Sepsis | Sepsi | Multimodal
Arrhy | dal Predicti | s ECG/
thmia | Health on Predi | Sepsis
Detec | Image (Federa | ction [ Prediction
tion Classific | ted) (Edge
ation )
Mod | Comp [ CNN + FedAv | Tiny | Dynamic
el resse | Distillati | g+ BER | CNN +
Type | d1D | on+ LSTM [T+ TinyBERT +
CNN | Quantiza | + RNN | FL
tion BERT
Accu | 98.20 | 95.60% AUC AUC | AUC0.842/
racy | % 0.832 0.832 | 98.6%
/
AUC
Late | <1 6-10ms | N/A 27— 1.2-20 ms
ncy ms 150
(ms) ms
Mod | 15 100 KB ~60 24 ~10 MB
el KB MB MB
Size
Priv | None | None Federate | Local | Federated +
acy dLearni | Infere | Local
ng nce

This comprehensive approach aims to maximize accuracy
and utility of edge AI for health while minimizing
computational burden and safeguarding privacy as
proposed in Table 2 as well as in Fig. 2.

Next, we present the experimental setup and results
demonstrating the benefits of DynaEdgeNet in practice.
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C. Experimental Setup

To evaluate DynaEdgeNet, we conducted experiments
on two key health monitoring tasks: ECG arrhythmia
detection and early sepsis prediction. These cover both
single-modality (sensor) and multi-modality (sensor +
text) inputs, allowing a full assessment of the model’s
capabilities.

For datasets, we used the MIT-BIH Arrhythmia
Database for ECG, applying a 5S-class classification
scheme with patient-wise splits to test generalization. For
sepsis prediction, we used the MIMIC-IIT ICU dataset,
combining hourly vital signs and clinical notes to predict
sepsis onset within six hours. Each patient sample
included a time-series vector and up to 128 tokens of
processed text.

We compared three model types: (a) Baseline (Cloud)
Models—large uncompressed models like a 1M-
parameter CNN or BERT-base (110M) not suitable for
edge use, (b) Original Edge Models—our previous
quantized and distilled CNN/TinyBERT models from
2024, and (c¢) DynaEdgeNet, our proposed dynamic,
quantized, and multi-modal architecture. All models were
trained on the same splits for fairness.

We deployed the models on three representative edge
devices: Raspberry Pi 4 (low-cost edge CPU), NVIDIA
Jetson Nano (GPU-accelerated edge Al platform), and an
STM32 Cortex-M7 microcontroller for ultra-low power
ECG testing. Training and federated simulations were run
on server-grade machines with emulated edge clients.

Key metrics included classification accuracy, F1-
score, and AUC (for sepsis). We also measured latency
(ms per inference), energy per inference (mJ), model size
(KB/MB), and runtime memory usage. For federated
learning, we tracked convergence AUC and
communication overhead. Statistical validation used
ANOVA and t-tests to confirm significant differences,
with o = 0.05.

We also tested the impact of DynaEdgeNet’s early-
exit thresholds through a sensitivity analysis, evaluating
how different confidence cutoffs affect accuracy and
energy. With this setup, we now present the performance
results and analysis for both tasks.

IV. RESULTS

A. ECG Arrhythmia Detection Performance

For the MIT-BIH 5-class heartbeat classification,
DynaEdgeNet-ECG outperformed previous edge models
in both accuracy and efficiency. It achieved 98.7%
accuracy, statistically on par with the large baseline model
(99.0%) and higher than the prior edge model (98.0%, p <
0.05). Crucially, it ran faster and leaner: 0.8 ms per
inference on a Cortex-M7 microcontroller (vs. 1.1 ms for
the previous edge model) and consumed ~18% less energy
on Raspberry Pi. About 30% of samples used early exits,
saving computation. DynaEdgeNet-ECG also had a 20%
smaller footprint (12 KB vs. 15 KB), improving cache use
and responsiveness. The Fl-score for abnormal classes
rose from 92% to 93%, indicating enhanced sensitivity to
arrhythmias (Table 3).
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Table 3. Arrhythmia (MIT-BIH) detection performance
comparison.

~

Model Accuracy | F1- Latency | Energy | Model
(%) score | on on Pi | Size
(%) | MCU (mJ) (KB)
(ms)
Baseline CNN | 99.0 94 N/A N/A ~5000
(cloud) (too
large)
Original Edge | 98.0 92 1.1 5.5 15
Model  (8-bit
CNN)
DynaEdgeNet- | 98.7 93 0.8 4.5 12
ECG (ours)

Key results: DynaEdgeNet-ECG matches the cloud-
scale model’s accuracy within ~0.3%, and outperforms the
previous edge model by achieving slightly higher
accuracy and F1. It also reduces latency and energy — for
instance, on Raspberry Pi, it can process ~222 beats per
second vs. ~182 beats/sec previously. The one-way
ANOVA on accuracy across the three model variants
yields F(2,12)=35.4, p<0.001, and Tukey post-hoc tests
confirm the baseline vs. DynaEdgeNet difference is not
significant, while DynaEdgeNet vs. Original model is
significant (p<0.05), underscoring the improvement. In
practice, the 0.7% accuracy gain of DynaEdgeNet means a
few more arrhythmias caught that the previous model
might miss, which could be clinically important.
Meanwhile, the energy savings would extend the battery
life of a wearable ECG patch (running continuous
inference) by an estimated ~10-15%, all else being equal.

B. Early Sepsis Prediction Performance

DynaEdgeNet-Sepsis achieved AUC = 0.842, nearly
matching the cloud-based BERT+LSTM model (AUC =
0.847) and improving over the previous edge model (AUC
= 0.832). The difference from the baseline was not
statistically significant (p = 0.42), confirming similar
discriminative power. At 80% recall, it reached 0.81
precision, slightly better than the baseline (0.80), reducing
false alarms—key in ICU settings (Table 4).

Table 4. Early sepsis prediction (MIMIC-III) performance

Model AUC | Precision | Infer | Infer | Mode
@80%R | ence | ence |1 Size
ecall Late | Late | (MB)

ncy ncy
(Jets | (Pi)
on)

Baseline 0.847 | 0.80 N/A | N/A | ~400

(BERT+L (clou

STM, d

cloud) only)

Original 0.832 | 0.78 27 150 24

Edge ms ms (after

(TinyBER quant

T+RNN) )

DynaEdge | 0.842 | 0.81 20 100 10




-

Net- ms ms (quan
Sepsis tized)
(ours)

In terms of efficiency, DynaEdgeNet was 26% faster
on Jetson Nano (20ms vs. 27 ms), and 33% faster on
Raspberry Pi (100 ms vs. 150 ms), ensuring real-time
operation. Memory usage dropped from 300 MB to
110 MB, improving system responsiveness. Energy use
fell by ~40% on Pi and ~26% on Jetson, which can
significantly reduce power and thermal load when scaled
across multiple devices.

Key Finding: AUC = Area under ROC curve.
Precision@80%Recall is the positive predictive value
when recall is fixed at 0.8 (important for alarm
thresholding). Latencies are average for one inference.
Model size for baselines is large (the BERT-base textual
model itself is ~400 MB with 32-bit weights; not
deployable on edge). The original edge model’s
TinyBERT was 6M parameters (<24 MB at 32-bit, ~6 MB
at 8-bit, but additional memory usage for runtime).
DynaEdgeNet’s text encoder is 2M params after pruning
(8 MB at 32-bit, ~2 MB at 8-bit) plus the CNN (~50k
params) and fusion, totaling ~10 MB in memory the
design of experiment (DOE) and accuracy results are
contained in Table 5.

Table 5. DOE and accuracy results obtained

Mod
el
Accura | Latenc | Energy | Size

Method cy (%) y (ms) | (mJ) (KB)
Original 98.2 10 10 1500
Quantized | 97.9 8 7.5 380
Pruned 97.5 6 6 290
KD 97.1 4 4 180
DynaEdge
Net 98.6 1.2 0.9 80

DynaEdgeNet-Sepsis Analysis: DynaEdgeNet-Sepsis
nearly matches the cloud model’s performance (AUC
0.842 vs. 0.847) while significantly improving efficiency.
Statistically, it performs on par with the baseline (p =
0.41) and significantly outperforms the previous edge
model (p < 0.01). Its higher precision at high recall
suggests better identification of truly at-risk patients. On
Raspberry Pi, inference time dropped from 150 ms to 100
ms, allowing for faster updates. DynaEdgeNet is also
more scalable—running two models simultaneously on a
Pi was feasible, confirming its suitability for multi-patient
or multi-task setups.

Resource Usage and Scalability: Compared to the
original model, DynaEdgeNet uses less CPU (~60% vs.
85%), memory (110 MB vs. 300 MB), and power, while
maintaining lower device temperatures (~60°C vs. 68°C).
These savings allow room for additional services and
better comfort in wearables. On a Cortex-M7
microcontroller, a reduced version of DynaEdgeNet (8
KB, 4-bit quantized) ran in ~5 ms with 95% accuracy,
proving that the architecture scales from GPUs down to
low-power MCUs.

Federated Learning (FL) and Privacy: FL experiments

with five Raspberry Pi clients showed that DynaEdgeNet
could be trained collaboratively without sharing raw data.
After 50 rounds, the model achieved an AUC of 0.829,
close to the centralized version (0.832), confirming no
significant accuracy loss. Each round took ~3 minutes and
transferred ~25 MB, much lower than raw data transfer.
Compared to larger models, DynaEdgeNet reduced
communication bandwidth by ~45%. FL also worked well
with fewer clients, supporting flexible deployment.

Early-Exit Threshold Sensitivity: Varying the
confidence threshold from 0.5 to 0.9 showed a clear trade-
off between accuracy and energy. At 0.7, accuracy held at
~98%, while energy dropped by ~25%. Lower thresholds
reduced energy further but at the cost of accuracy. Even at
high thresholds, early exits occurred ~10% of the time,
proving useful without added cost. This tunable setting
offers flexibility: for critical care, set high for accuracy;
for low-power wearables, lower for energy savings.

The left plot in Fig. 3. plot shows classification
accuracy as the early-exit confidence threshold is varied
(0.5 to 0.9). The right plot shows the corresponding
average energy per inference on Raspberry Pi. Lower
thresholds allow more frequent early exits, reducing
compute and energy at the cost of some accuracy. Higher
thresholds approach the full model accuracy but use more
energy. In practice, a moderate threshold (around 0.7-0.8)
yields a good trade-off (nearly 98% accuracy while saving
~20-30% energy).

Accuracy vs Threshold Energy vs Threshold

100

99 10

98 8

97

Accuracy (%)

6
96

95 4

Avg Energy per Inference (m))

0.5 0.6 0.7 0.8 0.9
Early Exit Confidence Threshold

0.5 0.6 0.7 0.8 0.9
Early Exit Confidence Threshold

We also analyzed DynaEdgeNet’s performance under
varying device conditions. For instance, we under-clocked
the Raspberry Pi CPU to simulate a low battery scenario
(down to 1.0 GHz from 1.5 GHz). DynaEdgeNet’s latency
increased by ~40% under this constraint, but interestingly,
the early-exit rate increased slightly (since those slower
computations made the relative cost of continuing higher,
the algorithm we use can dynamically adjust threshold in
extreme power-saving mode). The model maintained
>97% accuracy even when the device was throttled,
showing resilience. In contrast, a static model under the
same throttling just uniformly slowed down (latency
increased 50%) with no way to compensate. This suggests
that dynamic approaches like ours could be coupled with
system power management to gracefully degrade service
in low-power modes.




Comprehensive Comparison of Model Performance
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Fig. 5 Comparative comparison of Model Performance

Fig. 3. Sensitivity analysis of DynaEdgeNet’s early-exit
mechanism on the ECG task.

DynaEdgeNet demonstrates the most favorable balance
as figure 4 shows, achieving the highest accuracy while also
offering the lowest latency, energy usage, and memory
footprint, confirming its suitability for real-time, energy-
efficient [oT health monitoring.
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Fig. 4. Performance Overview Radar Chart
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Fig. 6. Precision-Recall Curve. performance of
DynaEdgeNet on binary classification task (e.g., sepsis
prediction).

High area under the curve (AP=0.52) confirms excellent
sensitivity-specificity balance as we can see in Figure 6.
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Fig. 7. Cumulative Gains Curve Depicts how effectively the
model ranks true positives early. DynaEdgeNet outperforms
random selection, showing prioritization of critical cases.

Learning Curve: Training vs Validation
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Fig. 8. Learning Curve: Training vs Validation Accuracy
Training and validation accuracy over epochs. The small
generalization gap indicates effective learning without
overfitting, validating model robustness.




e

Feature Importance Plot
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Fig. 9. Feature Importance Plot Ranked importance of input
features  (e.g., vital signs, waveform metrics).
Interpretability of top features supports clinical relevance
and explainability.
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Fig. 10. Residual Plot Residuals from regression analysis
(e.g., PTT-based BP prediction). Centered distribution
around zero indicates unbiased predictions and model
reliability.

As visualized in Figures 5, DynaEdgeNet significantly
outperforms traditional and previously optimized models
across multiple performance dimensions. Specifically, it
achieves higher classification accuracy, reduced latency, and
energy-efficient execution, while maintaining a compact
model size, resulting in an overall superior trade-off profile
depicted in the performance radar chart (Figure 4).
Evaluation metrics such as the precision-recall curve (Figure
6) and cumulative gains curve (Figure 7) highlight
DynaEdgeNet’s efficacy in identifying high-risk instances
early, a critical requirement in healthcare settings [28FL185-
L195]. The Ilearning curve (Figure 8) demonstrates
consistent generalization across training epochs, supporting
the stability of the model’s learning process. Furthermore,
the feature importance analysis (Figure 9) provides insight
into the most influential parameters (e.g., PPG amplitude,
PTT), enhancing model transparency and aiding clinical
interpretation . Finally, the residual plot (Figure 10)
supports the accuracy of the model’s regression outputs
(e.g., blood pressure estimates), validating DynaEdgeNet’s
predictive integrity across modalities.
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Fig. 11. 3D Regression Surface: Energy vs Latency and
Model Size

To further analyze energy efficiency, a multiple linear
regression was conducted using latency and model size as
predictors of energy consumption. The resulting model
demonstrates a high coefficient of determination (R? =
0.996), indicating that 99.6% of the variation in energy
usage is explained by these two features. As shown in
Figure 11, the regression surface highlights latency as the
dominant factor, with a highly significant positive
coefficient (B = 0.9676, p < 0.01), while model size
contributed marginally and was not statistically significant
(B = 0.0003, p = 0.575). These findings suggest that
optimizing inference latency has a more direct and
measurable impact on energy savings than merely reducing
model size, aligning with our empirical results across all
tested architectures.

V. DISCUSSION

DynaEdgeNet improves on previous edge Al models

through its dynamic architecture, compression, and edge-
aware design. By using early exits and conditional
computation, it adapts in real time—saving resources on
simple cases while maintaining accuracy on complex ones.
This makes it ideal for healthcare, where normal readings
dominate but anomalies are critical. Its multi-modal setup
enhances sepsis prediction while reducing unnecessary
computation, though future work could further optimize its
text-processing branch.
Highly scalable and efficient, DynaEdgeNet is well-suited
for wide IoT healthcare deployment, with decentralized
processing that reduces cloud reliance and maintains
operation during outages. It achieves a strong balance of
accuracy, latency, and energy use, as confirmed by ANOVA
and sensitivity analysis. While dynamic design adds
complexity, it delivers significant benefits over static
models like MobileNet, especially under variable
workloads. DynaEdgeNet aligns with emerging AutoML
trends and offers a robust, flexible solution for real-time
healthcare Al at the edge.

VI. CONCLUSION

We introduced DynaEdgeNet, a dynamic edge Al model
designed for energy-efficient IoT health monitoring. By
integrating model compression, adaptive inference, and
multimodal learning into a single architecture, DynaEdgeNet
delivers strong performance across accuracy, latency, energy
use, model size, and privacy-preserving training. In tests on
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cardiac arrhythmia detection and sepsis prediction, it
achieved near-cloud accuracy (=99% ECG, AUC 0.84+ for
sepsis) while running efficiently on small devices like
Raspberry Pi. Its early-exit mechanism reduces
computational load, making it ideal for scalable, real-time
healthcare applications.

Looking ahead, we plan to extend DynaEdgeNet to
additional modalities and health conditions, explore
automated architecture search for further optimization, and
integrate on-device learning for personalization. We also aim
to enhance privacy protections through techniques like
secure enclaves and differential privacy. Ultimately,
DynaEdgeNet represents a step toward continuous,
intelligent health monitoring on the edge, enabling proactive,
privacy-aware, and patient-centric care through wearable and
home-based devices.
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