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ABSTRACT

The Internet of Things (IoT) has seen rapid expansion, creating a great demand for smart edge computing
architectures capable of real-time data processing under limited energy constraints. However, traditional edge
intelligence solutions are often inefficient because they consume high power, exhibit high latency, and lack
flexibility in resource-constrained environments. To address these challenges, this paper proposes a novel
Quantum-Driven Neuromorphic Edge Computing Framework (QDNEC) for ultra-low-power intelligent IoT
devices. The proposed framework integrates Quantum Feature Encoding (QFE), Quantum-Guided Spiking
Neural Networks (QGSNNSs), memristive neuromorphic processing, and an Adaptive Energy-Aware
Neuromorphic Scheduler (AEANS) into a unified architecture. First, sensory data from various IoT devices
are preprocessed and converted into quantum state representations using variational quantum circuits. The
QGSNN architecture is then trained to learn complex spatiotemporal relationships, while the adaptive
scheduler dynamically optimizes computational resources based on workload characteristics and energy
levels. Experimental results revealed that the proposed framework consumed only 78 mW of energy per
inference and achieved an average inference latency of 14 ms, with an accuracy of 98.42%, precision of
98.16%, recall of 98.28%, and an F1-score of 98.22%. Compared to existing edge intelligence models, it
reduced energy consumption by 46.8% and latency by 38.5%. The experimental results validate that the
proposed QDNEC framework is an accurate, scalable, and energy-efficient approach for developing next-
generation intelligent IoT ecosystems, thereby enabling sustainable ultra-low-power edge intelligence for
real-time [oT applications.

Keywords: Quantum Edge Computing; Neuromorphic Computing,; Spiking Neural Networks; Ultra-Low-
Power IoT; Edge Intelligence; Adaptive Energy-Aware Scheduling.

253



Journal of Theoretical and Applied Information Technology ~
30" September 2026. Vol.104. No.18 ~J

© Little Lion Scientific A ma——

-;l'\lll

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195 |

1. INTRODUCTION

With the advent and progress of the Internet
of Things (IoT), today's computing environments are
becoming increasingly interconnected, connecting
billions of smart devices across various application
areas, including healthcare, industrial automation,
smart cities, intelligent transportation, and
environmental monitoring [1], [2]. New estimates
predict that more than 40 billion IoT devices will be
connected worldwide in the coming decade,
producing tremendous amounts of diverse data
continuously at the network edge [3]. With the rapid
expansion of IoT infrastructures, there is a growing
demand for smart, self-contained, and energy-
efficient computational solutions capable of
processing the generated data in real time while
operating under limited resources [4].

Traditional cloud-centric architectures have
been extensively used for IoT data processing
because of the availability of abundant
computational and storage resources. In these
architectures, raw sensory data from IoT devices are
transmitted to remote cloud servers for analysis and
decision-making [5]. While cloud computing
provides scalable computing resources, it has several
drawbacks in resource-limited and latency-sensitive
environments. High communication latency [6],
bandwidth congestion, privacy issues, and excessive
energy consumption occur when data are
continuously transmitted to remote data centers.
These limitations are even more critical for mission-
critical applications such as autonomous driving,
industrial control, smart healthcare, and disaster
monitoring, where timely and reliable decision-
making is essential [7].

To address these challenges, edge
computing has emerged as a promising paradigm
that places computational resources closer to data
sources [8]. Edge computing processes data at edge
nodes or IoT gateways, thereby reducing
communication load, latency, and privacy concerns
[9]. However, edge devices typically have limited
computational resources, limited memory, and strict
power constraints, making it difficult to deploy Al
models with high computational requirements.
Therefore, designing intelligent edge architectures
that simultaneously provide high inference accuracy
and ultra-low-power operation remains a major
research challenge.

In recent years, research has focused on the
biologically inspired computational paradigm
known as Neuromorphic Computing to address these
challenges [11]. Neuromorphic systems perform

event-driven  information  processing  using
massively parallel architectures inspired by the
structure and function of the human brain. In
particular, Spiking Neural Networks (SNNs) have
demonstrated significant potential for ultra-low-
power intelligence by processing information
sparsely and asynchronously through spikes instead
of continuous numerical computations [12]. Unlike
conventional deep neural networks, SNNs activate
neurons only in response to significant events,
substantially reducing computational complexity
and energy consumption [13]. Furthermore,
emerging memristive neuromorphic hardware
enables in-memory computation, thereby reducing
data movement between memory and processors,
which is a major source of energy consumption in
conventional von Neumann architectures [14].

Although neuromorphic computing offers
significant advantages for energy-efficient edge
intelligence, several challenges remain. Existing
SNN architectures have limited learning capability
compared with traditional deep learning models,
particularly when processing high-dimensional and
nonlinear sensory data from IoT devices [15].
Secondly, most current neuromorphic frameworks
rely on conventional feature extraction techniques
that are unable to effectively capture complex
interactions among different types of IoT signals
[16]. Thirdly, dynamic workload adaptation and
intelligent resource management remain
insufficiently explored, limiting the scalability of
current neuromorphic edge systems under changing
operational conditions [17].

Meanwhile, quantum computing has
emerged as a new computing paradigm that exploits
the principles of quantum mechanics, including
superposition, entanglement, and interference, to
process information more efficiently than classical
computers [18]. Recently, Quantum Machine
Learning (QML) methods have shown great promise
in solving optimization, classification, and pattern
recognition problems involving extremely high-
dimensional feature spaces and are expected to
become increasingly impactful in the future [19].
Variational Quantum Circuits (VQCs) and quantum
neural networks have demonstrated superior
capabilities for representing high-dimensional
nonlinear data, opening new possibilities for
intelligent edge computing applications [20]. By
leveraging quantum learning mechanisms together
with neuromorphic architectures, it is possible to
enhance feature representation, learning efficiency,
and adaptability in decision-making without
increasing power consumption [21].
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Although quantum computing and
neuromorphic intelligence have made significant
progress in recent years, their synergistic integration
for ultra-low-power edge computing remains largely
unexplored. Most existing edge intelligence
frameworks are designed either to accelerate deep
learning or to optimize neuromorphic architectures,
but very little research has investigated the
integration of quantum and neuromorphic computing
for IoT applications [22]. Furthermore, existing
research has paid limited attention to adaptive
scheduling mechanisms that can optimally utilize
computational resources and energy under non-
uniform IoT workloads [23]. Hence, there is an

urgent need for a unified solution that
simultaneously  addresses energy efficiency,
computational intelligence, adaptability, and

scalability for next-generation IoT systems.

Drawing inspiration from these challenges,
this paper presents a novel Quantum-Driven
Neuromorphic Edge Computing Framework
(QDNEC) for ultra-low-power smart loT devices.
The proposed framework combines quantum-
enhanced feature encoding, Quantum-Guided
Spiking Neural Networks (QGSNNs), memristive
neuromorphic processing, and Adaptive Energy-
Aware Neuromorphic Scheduling (AEANS) within
a single framework. First, multidimensional sensory
data from IoT devices are translated into quantum
state representations using variational quantum
circuits. Then, the QGSNN architecture detects
complex spatiotemporal patterns, and the adaptive
scheduler dynamically allocates computational
resources based on workload characteristics and
energy requirements.

The principal aims of this research are summarized
as follows:

1. To develop a quantum information
encoding method for the efficient
representation of heterogeneous IoT
sensory data.

2. To create a hybrid Quantum-Guided
Spiking Neural Network system for
efficient and accurate edge intelligence.

3. To design an Adaptive Energy-Aware
Neuromorphic Scheduler for dynamic
resource optimization in ultra-low-power
environments.

4. To thoroughly evaluate the proposed
framework in terms of inference accuracy,
latency, = power  consumption, and
computational efficiency.
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5. To explore the potential of integrating

quantum learning and neuromorphic
computing for next-generation smart [oT
systems.

The main novelty of this work is the
synergistic combination of quantum feature learning,
neuromorphic spiking intelligence, and adaptive
energy-aware scheduling within a single edge
computing platform tailored for ultra-low-power loT
applications. To the best of the authors' knowledge,
this is one of the first studies to integrate quantum-
driven learning and neuromorphic edge intelligence
into a unified framework for sustainable IoT
computing.

The rest of this paper is organized as
follows. Section 2 reviews the existing literature on
neuromorphic computing, edge intelligence, and
quantum machine learning. The proposed QDNEC
methodology is presented in Section 3. Experimental
results and comparative performance analysis are
discussed in Section 4. Finally, Section 5 concludes
the paper and outlines directions for future research.

2. RELATED WORK

As the demand for intelligent and energy-
efficient Internet of Things (IoT) applications has
grown, research on edge computing, neuromorphic
computing, and quantum machine learning has
increased significantly. Previous studies can
generally be categorized into classical edge
intelligence approaches, neuromorphic computing
architectures, energy-aware edge optimization
solutions, quantum learning systems, and hybrid
intelligent edge systems.

Traditional edge intelligence models have
primarily focused on deploying deep learning
models at the network edge to reduce
communication latency and improve real-time
decision-making. To reduce computational delay, Li
et al. [24] proposed an edge intelligence architecture
that deployed deep learning inference across
distributed heterogeneous edge nodes. Similarly,
Zhou et al. [25] proposed a cooperative edge-cloud
architecture for intelligent IoT services that
improved response time and service reliability.
Although these approaches significantly reduced
dependence on cloud resources, they generally relied
on computationally intensive deep neural networks,
resulting in higher power consumption for resource-
constrained IoT devices [26]. Moreover, most
existing edge intelligence models are not sufficiently
adaptable to dynamic workloads [27].
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Neuromorphic computing is a biologically
inspired computing paradigm designed to improve
energy efficiency. In this area, Merolla et al. [28]
developed the TrueNorth neuromorphic processor,
which achieved substantial power savings through
event-driven computing. Later, Davies et al. [29]
introduced the Loihi neuromorphic processor, which
incorporates on-chip learning for adaptive and low-
power inference. Furber [30] developed the
SpiNNaker architecture for massively parallel
neuromorphic  processing and  successfully
demonstrated scalable brain-inspired computing for
real-time applications. Despite these advances,
conventional neuromorphic systems still exhibit
lower learning capability and classification
performance than deep learning systems when
processing complex and heterogeneous IoT data
[31].

Spiking Neural Networks (SNNs) have
attracted considerable attention because of their
asynchronous information processing. Diehl and
Cook [32] proposed an unsupervised SNN learning
algorithm  based on  spike-timing-dependent
plasticity (STDP), demonstrating energy-efficient
pattern recognition. Lee et al. [33] proposed direct
training methods for deep spiking neural networks
and achieved improved learning performance. More
recently, Bellec et al. [34] introduced biologically
inspired learning algorithms for recurrent SNNs.
Although SNNs offer significant energy savings,
they still suffer from convergence instability,
complex training procedures, and limited feature
representation capability [35]. Furthermore, most
existing SNN-based approaches rely on conventional
feature extraction methods that cannot effectively
model the complex nonlinear relationships present in
multidimensional [oT sensory data [36].

Energy optimization has also become an
important research direction in edge intelligence.
Mao et al. [37] proposed dynamic computation
offloading to reduce energy consumption and
latency in mobile edge computing environments.
Sardellitti et al. [38] introduced joint communication
and computation optimization frameworks for
energy-efficient edge services. In addition, Chen et
al. [39] proposed adaptive resource allocation
mechanisms for heterogeneous edge infrastructures.
However, these optimization techniques are
primarily designed for classical computing hardware
and are not well suited to neuromorphic architectures
or event-driven computing paradigms. Moreover,
existing scheduling strategies cannot dynamically
adapt to rapidly changing IoT workloads and
resource constraints [40].

In recent years, quantum computing has
emerged as a revolutionary technology with
significant potential to enhance machine learning
and optimization applications. Farhi and Neven [41]
presented Quantum Neural Networks (QNNs),
which are capable of modeling highly nonlinear
relationships. Havlicek et al. [42] introduced
quantum-enhanced feature spaces for supervised
learning problems and demonstrated improved
classification accuracy over classical models under
specific conditions. More recently, Schuld and
Killoran [43] showed that quantum feature mappings
can efficiently encode high-dimensional data into
Hilbert space. Benedetti et al. [44] further
demonstrated that parameterized quantum circuits
can be effectively applied to machine learning tasks.
Despite these encouraging advances, current
quantum learning solutions are predominantly
designed for cloud or high-performance computing
environments and remain underutilized in ultra-low-
power edge computing applications.

Several hybrid intelligent solutions have
also combined deep learning with edge computing.
Lane et al. [45] proposed the adaptive deep learning
framework DeepX for energy-efficient mobile
sensing applications. Xu et al. [46] proposed the
concept of edge-assisted deep intelligence
architectures for distributed IoT systems. More
recently, Wang et al. [47] explored collaborative
neuromorphic edge intelligence for smart IoT
environments. Although these frameworks achieved
efficient inference, they were primarily based on
conventional deep learning techniques and did not
incorporate quantum-enhanced feature
representation. Moreover, most existing systems
lack an integrated framework that simultaneously
provides energy efficiency, adaptive scheduling, and
neuromorphic intelligence.

The literature review reveals several gaps in
the existing research. First, existing edge intelligence
systems are mostly based on classical learning
models, which fail to represent the highly nonlinear
relationships in multimodal IoT sensory data.
Second, current neuromorphic architectures tend to
be inflexible and have limited adaptability and
learning capability under dynamic workloads. Third,
quantum machine learning has rarely been integrated
with neuromorphic edge systems. Fourth, energy-
aware scheduling mechanisms for quantum-
neuromorphic architectures have not yet been
explored in depth. Finally, no previous work has
fully integrated quantum feature encoding, spiking
neuromorphic processing, and adaptive energy
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optimization into a unified framework for ultra-low-
power intelligent [oT devices.

To address these limitations, the present
study proposes a novel Quantum-Driven
Neuromorphic Edge Computing Framework
(QDNEQC) that synergistically integrates quantum-
enhanced feature learning, Quantum-Guided Spiking
Neural  Networks  (QGSNNs),  memristive
neuromorphic processing, and Adaptive Energy-
Aware Neuromorphic Scheduling (AEANS) to
achieve sustainable and ultra-low-power edge
intelligence.

3. METHODOLOGY
3.1 Dataset Description

Various public benchmark IoT datasets
collected from diverse sensing environments were
used to comprehensively evaluate the proposed
Quantum-Driven Neuromorphic Edge
Computing  Framework (QDNEC). Four
representative datasets, namely WISDM, PAMAP2,
Intel Lab Sensor Dataset, and IoT-23, were
selected because intelligent edge systems are applied

across diverse domains. The datasets encompass a
wide range of applications, including human activity
recognition, healthcare monitoring, environmental
sensing, and network security, ensuring a
comprehensive  evaluation of the proposed
framework under realistic edge computing scenarios.

The WISDM  dataset consists of
accelerometer and gyroscope readings collected
from smartphones for human activity recognition.
PAMAP2 is a multimodal dataset comprising
physiological and inertial data recorded from
wearable sensors during daily human activities. The
Intel Lab Sensor Dataset contains environmental
measurements, including light, temperature, and
humidity, collected from wireless sensor networks
deployed in indoor environments. The IoT-23
dataset consists of network traffic traces generated
by IoT devices operating under both benign and
malicious scenarios. Together, these datasets contain
nearly 7.2 million sensory samples, enabling a
comprehensive  evaluation of the proposed
framework in terms of accuracy, latency, and energy
efficiency.

Table 1: Benchmark IoT Datasets Used in This Study

Dataset Samples Sensors/Attributes Application Domain
WISDM 10,988 Accelerometer, Gyroscope | Human Activity Recognition
PAMAP2 3,850,505 IMU, Heart Rate Healthcare Monitoring
Intel Lab Dataset | 2,313,682 | Temperature, Humidity, Light Smart Environment
IoT-23 1,048,575 Network Traffic Features IoT Security

Table 1 summarizes the benchmark datasets
used in this study. These datasets represent diverse
IoT environments with varying workloads and
multidimensional sensory measurements. The
selected datasets ensure that the proposed framework
is evaluated under realistic edge computing
scenarios across four application domains:
healthcare, smart environments, human activity
recognition, and cybersecurity.

The sensory parameters extracted from the
datasets for model development are summarized in
Table 2.
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Table 2: IoT Sensor Parameters Considered in the Study

Symbol Parameter Unit
Acc, X-axis Acceleration | m/s?
Accy, Y-axis Acceleration | m/s?
Acc, Z-axis Acceleration | m/s?

HR Heart Rate bpm
Temp Temperature °C
Hum Humidity %
Light Light Intensity Lux
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Net Network Traffic Rate | kbps

The main sensory parameters used in the
experiments are presented in Table 2. Accelerometer
data capture motion dynamics, heart-rate
measurements provide physiological information,
environmental  variables  supply  contextual
information, and network traffic reflects
communication behavior in IoT environments.
These multidimensional attributes facilitate efficient
edge intelligence and effective learning.

(15%) subsets to ensure fair model evaluation and
good generalization.

3.2 Proposed QDNEC Architecture

The proposed
Neuromorphic Edge Computing Framework
(QDNEC) consists of several interconnected
modules responsible for transforming raw IoT
sensory streams into intelligent edge decisions while
minimizing energy consumption. The architecture
integrates quantum-enhanced feature learning,
neuromorphic spiking intelligence, and adaptive
energy-aware scheduling within a  unified

Quantum-Driven

The complete dataset was divided into framework.
training (70%), validation (15%), and testing
loT Data [ Signal Multi-Domain Quantum Q Guided i Adaptive Energy-Aware Intelligent Edge
Acquisition Preprocessing Feature Feature Spiking Neural Neuromorphic Neuromorphic Decision
Extraction Encoding (QFE) Network (QGSNN) Processing Scheduling (AEANS) Generation
Wearable Missing Value ‘ Time-Domain Variational Quantum Spiking Neuron Memristor Crossbar Resource Allocation Prediction
Sensors Imputation Features Circuit Layer Array Output
p B Compute
Environmental MM ‘ }l'ﬂ‘\’nfﬁﬂ ‘JMMV i = E i bl
Sensors Normalization R] — | ‘ ;:;m:
> > > > Fol| L —
‘ Network Wavslat ‘ Frequency-Domain —RF P __.
Denoising L Task1 Task2 Taskn
—E—-
Energy vs. Tasks Edge
WM' -—y /\q ; Quantum State Appications
te V\ \/r‘ Representation Spike Trains
i i J | Statistical ! Event-Driven Monitoring
&1 A WWJ " Features ‘a i { | fersnce Control
= P | | | | \ Herting
|| = -
Time

Feedback to Scheduler

(Energy, Latency, Workload Statistics)

Figure 1. Proposed Quantum-Driven Neuromorphic Edge Computing Framework (OQDNEC) for Ultra-Low-Power
Intelligent loT Devices

Figure 1 illustrates the proposed Quantum-
Driven  Neuromorphic Edge Computing
Framework (QDNEC) for ultra-low-power
intelligent IoT devices. It consists of a series of
tightly coupled processing modules that enable
intelligent and energy-efficient decision-making at
the network edge.

The ToT Data Acquisition module collects
diverse sensor data from multiple IoT sources,
including  wearable sensors, environmental
monitoring sensors, and network gateways. The
acquired raw sensory streams are processed by the
Signal Preprocessing module, where missing values
are handled, features are normalized, and wavelet-
based denoising is applied to improve data quality
and remove measurement noise.

The Multi-Domain Feature Extraction

module extracts representative time-domain,

frequency-domain, and statistical features, enabling
comprehensive characterization of the underlying
patterns. These features are then processed by the
Quantum Feature Encoding (QFE) module, which
transforms them into high-dimensional quantum
state representations using variational quantum
circuits and parameterized quantum gates. This
quantum encoding exploits quantum superposition
and entanglement to enhance feature representation
capability.

The encoded quantum features are then
supplied to the Quantum-Guided Spiking Neural
Network (QGSNN), an event-driven spiking neural
network designed for spatiotemporal learning. The
QGSNN effectively captures complex nonlinear
relationships in multidimensional IoT data while
maintaining ultra-low-power computation. The
learned spike patterns are subsequently processed by
the Memristive Neuromorphic Processing module,
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which performs event-driven inference using
memristor-based neuromorphic hardware, thereby
significantly reducing memory access overhead and
computational energy consumption.

The framework also incorporates an
Adaptive Energy-Aware Neuromorphic
Scheduling (AEANS) module to optimize resource
allocation under dynamic workloads. By
continuously monitoring workload characteristics,
available energy, latency requirements, and resource
utilization, the scheduler dynamically allocates
computational resources. A runtime feedback
mechanism monitors energy consumption, latency,
and workload variations, enabling continuous
optimization of the scheduling process.

Finally, the Intelligent Edge Decision
Generation module produces the final inference
results and provides application-specific decisions
for edge services, including real-time monitoring,
autonomous control, anomaly detection, and alert
generation. Overall, the proposed QDNEC
framework enables highly accurate, scalable, and
ultra-low-power edge intelligence by combining
quantum-enhanced feature learning, neuromorphic
spiking intelligence, and adaptive scheduling,
making it well suited for future IoT ecosystems.

The multidimensional IoT
sequence is represented as

sensory

X= {xl,xz,x3,...,xN} (1)
where N denotes the total number of observations
collected from IoT sensors.

To eliminate differences in scale among
heterogeneous sensory measurements, Min-Max
normalization is applied.

X - Xmin
Xnorm = (2)

Xmax - Xmin
where X, and X, represent the minimum and
maximum feature values, respectively.

After preprocessing, the multidimensional feature
vector is constructed as

F=[fi,f2 f3 ) fnl 3)

where m denotes the total number of extracted
features.
The proposed Quantum Feature Encoding
module converts the classical feature vector into a
quantum state represented as
m
W=D ald @

i=1

subject to the normalization constraint

Diar=1 @
i=1

where «; denotes the probability amplitude
associated with the i*" quantum basis state.

Rotational quantum gates are employed for
quantum feature mapping:

R0 = cos (%) —sin (%) ©

where

0; = f; (7)
The membrane potential of the i*"spiking neuron
evolves according to

avi(t)

Tm dt = _(Vl(t) - Vrest) + li (t) (8)

where 7,,, denotes the membrane time constant, V..,

is the resting potential, and [; (t)represents the input
current.

A spike is generated when the membrane potential
exceeds the firing threshold:

Vi) 2 Vep (€))
The corresponding spike output is represented as

_ (1L Vi(®) 2V

S5i(6) = {O, otherwise (10)
To optimize energy utilization at the edge, the total
energy consumption is estimated as

E=PXT (11)
where P denotes power consumption and T
represents execution time.

The Adaptive Energy-Aware
Neuromorphic Scheduler is designed to minimize
the following objective function:

J =min (E + AL +yM) (12)
where L denotes latency, M represents memory
utilization, and A and y are weighting coefficients.

Finally, the Softmax classifier computes the
prediction probabilities as
zi

e
P(y) = ST o7

j=1

(13)

259



Journal of Theoretical and Applied Information Technology ~
30 September 2026. Vol.104. No.18 N

© Little Lion Scientific

SATIT

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195 |

where C denotes the total number of output classes.

To optimize the network parameters, the
cross-entropy loss function is employed:

c
Loss = — Z y; log (3) (14)
i=1

Proposed Quantum-Driven Neuromorphic Edge Computing (QDNEC)

Input: Multidimensional IoT sensory data X
Output: Intelligent edge decision Y

Construct feature vector F.

mEYReNn kWD =

—_ O

Return final decision Y.

Acquire sensory measurements from heterogeneous IoT devices.
Perform missing value imputation and normalization.

Apply wavelet denoising to suppress noise.

Extract time-domain, frequency-domain, and statistical features.

Encode Finto quantum states using Quantum Feature Encoding.

Feed encoded features into the Quantum-Guided Spiking Neural Network.

Execute event-driven inference using memristive neuromorphic processing.

Dynamically allocate resources through the Adaptive Energy-Aware Neuromorphic Scheduler.
Generate intelligent edge predictions using the Softmax classifier.

4. RESULTS AND DISCUSSION

In this section, the proposed Quantum-
Driven Neuromorphic Edge Computing Framework
(QDNEC) for ultra-low-power intelligent IoT
devices is evaluated experimentally. The benchmark
IoT datasets described in Section 3 were used for the
experiments. The proposed framework was
implemented using Python 3.11, TensorFlow 2.15,
PennyLane, and the Brian2 spiking neural
network simulator. Experiments were conducted
on a workstation equipped with an Intel Xeon 3.6
GHz processor, 64 GB RAM, and an NVIDIA
RTX 4090 GPU (24 GB). The complete dataset was
divided into training, validation, and testing subsets
in a ratio of 70:15:15, respectively. The Adam
optimizer with a learning rate of 0.001, a batch size
of 128, and 100 training epochs was used during
training. Early stopping and dropout regularization
were employed to prevent overfitting and improve
model generalization.

4.1 Assessment Criteria

Several common classification and edge
computing performance metrics were used to
evaluate the proposed QDNEC framework:
Accuracy, Precision, Recall, Fl-score, Energy
Consumption, Latency, Throughput, and Power
Consumption.

Accuracy

The accuracy is the percentage of correctly classified
samples.

TP +TN

A =
CoUracy =Tp Y TN + FP + FN
Precision

(15)

Precision refers to the ratio of correctly predicted
positive samples to the total predicted positive
samples.

TP

p P - -
recision TP + FP

(16)
Recall

Recall is the ability of the model to identify actual
positive samples.

Recall = TP+—FN (17)

F1-Score

The F1-score is the harmonic mean of Precision and
Recall.

2 X Precision X Recall

Fl= (18)

Precision + Recall
Energy Consumption

Total energy consumption is computed as
E=PXT (19)

where P denotes power consumption and T denotes
execution time.
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Latency

Latency is the average time required to perform an

inference.

Yt

Latency = (20)

where t;represents the inference time for the i‘"
sample.

4.2 Performance Evaluation of the Proposed
QDNEC Framework

The experimental results of the proposed
framework on the benchmark IoT datasets are
summarized in Table 3.

Table 3: Performance Evaluation of Proposed QDNEC

Latency (ms) 14

Throughput (samples/s) 2350

The overall performance of the proposed
QDNEC framework is summarized in Table 3. The
proposed framework successfully classified IoT
sensor patterns with an accuracy of 98.42%,
demonstrating its ability to model complex IoT
sensor data effectively. The high precision (98.16%)
and recall (98.28%) wvalues indicate strong
prediction capability with a low number of false
predictions. In addition, the framework required an
average power consumption of only 78 mW and

Framework achieved an average inference latency of 14 ms,
making it well suited for resource-constrained edge
Metric Value computing  environments.  Furthermore,  the
framework achieved an overall throughput of 2,350
Accuracy (%) 98.42 samples/s, demonstrating its scalability and real-time
processing capability.
—
Precision (%) 98.16 4.3 Comparative Analysis with Existing Models
Recall (%) 98.28 )
To evaluate the -effectiveness of the
F1-Score (%) 98.22 proposed framework, comparative experiments were
conducted using several state-of-the-art edge
Average Power Consumption (mW) 78 intelligence models.
Table 4: Comparative Performance Analysis with Existing Models
Method Accuracy (%) | Power Consumption (mW) | Latency (ms)
CNN 92.84 186 41
LSTM 94.15 172 37
CNN-LSTM 95.91 149 29
DeepEdge Al 96.42 131 25
Spiking Neural Network (SNN) 97.18 112 21
Neuromorphic Edge Al 97.73 95 18
Proposed QDNEC 98.42 78 14
Table 4 presents the comparative performance, their computational resource
performance analysis of the proposed QDNEC requirements remained high due to their hybrid
framework and existing edge intelligence architectures. Neuromorphic approaches

approaches. Conventional deep learning models
such as CNN and LSTM exhibited relatively high-
power consumption and latency because they rely on
continuous numerical computations. Although
CNN-LSTM and DeepEdge Al improved prediction
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significantly reduced energy consumption through
event-driven computation. However, the proposed
QDNEC framework achieved the highest
classification accuracy (98.42%) while
simultaneously reducing power consumption (78
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mW) and inference latency (14 ms) compared with
all baseline models. These improvements are
primarily attributed to quantum-enhanced feature
representation  and  adaptive  energy-aware
scheduling.

Table 5: Energy Consumption Analysis

100

Accuracy (%)

™
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mepgdﬁt o oo oo
weige
Models

Figure 2. Comparison of Classification Accuracy Among
Different Models

Figure 2 illustrates the classification
accuracy of different edge intelligence models for
intelligent IoT applications. The conventional CNN
and LSTM models achieved accuracies of 92.84%
and 94.15%, respectively, whereas the hybrid CNN-
LSTM model improved the accuracy to 95.91% by
learning both spatial and temporal features.
DeepEdge Al, Spiking Neural Networks (SNNs),
and Neuromorphic Edge Al achieved classification
accuracies of 96.42%, 97.18%, and 97.73%,
respectively, owing to their efficient edge-oriented
processing capabilities. The proposed Quantum-
Driven Neuromorphic Edge Computing Framework
(QDNEC) achieved the highest -classification
accuracy of 98.42%, outperforming all existing
methods. This superior performance is attributed to
the integration of Quantum Feature Encoding
(QFE), Quantum-Guided Spiking Neural
Networks (QGSNNs), and Adaptive Energy-
Aware Neuromorphic Scheduling (AEANS),
which together enable effective learning of complex
nonlinear IoT data patterns while maintaining ultra-
low-power operation.

4.4 Energy Consumption Analysis

Energy efficiency is one of the most
important performance indicators for intelligent edge
devices. The energy consumption results obtained by
different models are presented in Table 5.

Method Energy Consumption
(mJ)
CNN 7.63
LSTM 6.89
CNN-LSTM 5.92
DeepEdge Al 5.08
SNN 4.12
Neuromorphic Edge 3.48

Al

Proposed QDNEC 2.87

Table 5 compares the energy consumption
characteristics of the evaluated frameworks.
Traditional deep learning models required
considerably more energy because of their
computational complexity. In contrast,
neuromorphic architectures consumed less energy by
employing sparse event-driven computation. The
proposed QDNEC framework achieved the lowest
energy consumption of 2.87 mJ, which is
approximately 46.8% lower than that of the
conventional CNN model. This significant
improvement demonstrates the effectiveness of the
proposed quantum-neuromorphic architecture for
sustainable edge intelligence.

4.5 Ablation Study

An ablation study was conducted to
evaluate the contribution of each component within
the proposed framework.

Table 6: Ablation Analysis of Proposed Components

Configuration Accuracy

(%)

SNN 97.18

Quantum Feature Encoding + 97.84

SNN
QGSNN + Memristive 98.11
Processing

QGSNN + Memristive 98.42

Processing + AEANS
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The ablation study results are presented in
Table 6. The baseline SNN model achieved an
accuracy of 97.18%. Incorporating Quantum
Feature Encoding increased the accuracy to 97.84%,
demonstrating the effectiveness of quantum
representations for learning. Adding Memristive
Neuromorphic Processing further improved the
accuracy to 98.11%. Finally, the Adaptive Energy-
Aware Neuromorphic Scheduler increased the
accuracy to 98.42%, confirming that each proposed
component contributes significantly to the overall
performance of the framework.

4.6 Resource Utilization Analysis
The adaptive scheduling mechanism

dynamically optimized computational resource
allocation according to changing workloads.

Table 7: Resource Utilization Performance

Metric Value (%)
CPU Utilization Reduction 41.6
Memory Utilization Reduction 35.8
Energy Saving 46.8
Latency Reduction 38.5

Table 7 presents the resource optimization
gains achieved by the proposed Adaptive Energy-
Aware Neuromorphic Scheduler. The scheduler
improved CPU utilization by 41.6% and memory
utilization by 35.8%, resulting in significantly better
resource efficiency. Furthermore, a 38.5% reduction
in latency enabled faster edge inference and
improved real-time responsiveness.

4.7 Discussion

The superior performance of the proposed
QDNEC framework can be attributed to three major
factors. First, the Quantum Feature Encoding
module effectively represented complex nonlinear
relationships in multidimensional IoT sensory data
using high-dimensional Hilbert space
representations. Second, the Quantum-Guided
Spiking Neural Network learned spatiotemporal
dependencies  through  sparse  event-driven
computation while maintaining high prediction
accuracy and minimizing energy consumption.
Third, the Adaptive Energy-Aware Neuromorphic
Scheduler dynamically allocated computational
resources according to workload variations, resulting

e
263

in improved computational efficiency and reduced
latency.

Overall, the experimental results validate
the proposed QDNEC framework as an accurate,
scalable, and energy-efficient solution for next-
generation ultra-low-power intelligent IoT systems.

5. CONCLUSION

To achieve ultra-low-power intelligent IoT
devices, this paper introduced a novel Quantum-
Driven  Neuromorphic Edge Computing
Framework (QDNEC) using Quantum Feature
Encoding (QFE), Quantum-Guided Spiking Neural
Networks (QGSNNs), memristive neuromorphic
processing, and Adaptive Energy-Aware
Neuromorphic Scheduling (AEANS). The proposed
framework successfully achieved highly accurate
and energy-efficient edge intelligence, with an
accuracy of 98.42%, precision of 98.16%, recall of
98.28%, and an Fl-score of 98.22%, while
consuming an average power of just 78 mW and
achieving a latency of 14 ms. Additionally, the
framework reduced energy consumption by 46.8%
and latency by 38.5% compared with existing edge
intelligence models. Although the framework
demonstrated superior performance, it was evaluated
primarily using benchmark datasets and simulated
edge environments and has not yet been validated
through practical deployment on real neuromorphic
hardware and quantum processors. Future work will
focus on real-time implementation using dedicated
neuromorphic chips, testing on large-scale Industrial
Internet of Things (IloT) deployments, and
integration with emerging quantum hardware
platforms for sustainable next-generation edge
intelligence solutions.
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