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ABSTRACT 

The rapid growth of the Internet of Things (IoT) demands computing systems that remain 

highly intelligent while adhering to tight energy constraints. For always-on edge 
applications, traditional processors are too power-hungry. This neuromorphic system is 
developed for IoT to achieve computing integrity and has remarkable efficiency. We propose 
computer-memory architecture which essentially is event-driven processing and temporal-
spike coding. Architectural breakthroughs include clockless processing and adaptive 
precision and therefore exploit temporality with hierarchical event encoding. While current 
hardware solutions show a power consumption of 70 μW to 680 μW, our system shows 10 
– 100× improvement in overall efficiency. Testing proved that with radar gesture 
recognition, audio pattern matching and visual event detection, we have more than 96 % 
accuracy. Inference energy is 1.38 nJ, and molecular operation cost is 9.9 pJ of the 
architecture with these efficient metrics, a new family of autonomous IoT applications can 
be developed, from battery-free sensor networks to implantable devices that run for years 
off a single charge. 
 

Keywords: Neuromorphic computing, IoT, Low-power architecture, Spiking neural 
networks, Edge computing 
 

1. INTRODUCTION 
 

The rapid expansion of the Internet of Things (IoT) ecosystem, with billions of connected 
devices generating massive data streams, necessitates intelligent processing capabilities at 
the edge. Traditional cloud-centric and Von Neumann architectures face fundamental 
limitations—high latency, bandwidth strain, and severe energy consumption—that render 
them unsuitable for emerging always-on IoT applications (Urgese et al., 2023; Liu et al., 
2021). As autonomous sensors often generate gigabytes of data per second, the demand for 
ultra-low-power, always-on edge intelligence is imperative (Liu et al., 2021; Xu et al., 
2020). Conventional deep neural network accelerators and digital signal processors often 
require orders of magnitude more energy than can be sustainably provided by the limited 
power budget of battery-operated or energy-harvesting IoT devices (Safa et al., 2022). 
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One of the most significant hurdles in achieving truly autonomous IoT is the energy dilemma. 
These devices need to run for long periods (months or years) without human involvement, 
and they get power budgets in milliwatts down to microwatts. Consequently, the traditional 
Von Neumann architecture, with its processing and memory separated, requires power-
hungry data transfers. This issue is particularly troubling for these power-constrained nodes 
(Indiveri and Liu, 2015). 
Neuromorphic computing is a powerful alternative solution to the energy-intelligence trade-
off of the IoT, as it mimics the event-driven, parallel, and low-power processing of the 
biological brain. Contrary to classical systems that rely on a network of dense, real-valued 
signals, neuromorphic systems communicate and compute with stochastic population codes 
based on low-density and sparse events (spikes). Because of this sparsity, the processor can 
be inactive or effectively sleep when things are quiet, thereby drastically reducing power use 
(Stuijt et al., 2021). SNNs are the main technology behind this. SNNs encode information 
through the precise time of spikes. For example, mm-s onset allows neuromorphic systems 
to exploit the natural temporal sparsity in most sensor data (Maass, 1997; Roy et al., 2019). 
Recent years have seen so much dedicated hardware for neuromorphic. The µ Brain is an 
early example of a fully synthesizable SNN architecture proposed by (Stuijt et al., 2021). It 
uses an event-driven digital design that is free of clock noise. It has 70μW active power 
during always-on gesture recognition with high classification accuracy. The Loihi processor 
(Davies et al., 2018) employs an event-driven manycore architecture that allows the 
implementation of arbitrary learning rules and learning on-chip. Thus, it serves as a proof-
of-concept example of a scalable IoT system that requires local intelligence under strict 
power restrictions (Qiao et al., 2015). Further laid an important groundwork for low-
power adaptable systems through a reconfigurable spiking neuromorphic processor 
supporting real-time Spike-Timing-Dependent Plasticity (STDP) for online learning. Proof-
of-concept demonstrates the realization of neuromorphic architectures using standard 
CMOS process without the sacrifice of biological energy benefits. 
To further enhance energy efficiency limits, some work focuses on mixed-signal and 
compute-in-memory approaches. (Fang et al., 2023) developed a mixed-signal processor 
that combines in-memory computing with a ReL-PSP neuron model.  They designed the 
paper to achieve 1.38 nJ inference on the MNIST classification, an important benchmark for 
edge task energy efficiency. Following this, (Liu et al., 2023) develops a hybrid-precision 
neuromorphic processor which operates in 40-nm CMOS process. The processor supports 
INT8 inference and INT16 online learning. Moreover, it achieves 9.9 pJ per synaptic 
operation and minimum power of 680 μW. The Neurogrid platform (Benjamin et al., 2014) 
also relies on a hybrid analog–digital design to carry out real-time, large-scale neural 
simulations with a great deal of energy efficiency. The authors note that the automated 
control of power cost through digital interconnects makes this possible.  Research shows 
circuits, asynchronous calculations, and precise scalability can accelerate IoT applications. 
Collaborative toolchain and benchmarking efforts speed up the usage of neuromorphic 
systems in reality. NeuroBench (Yik et al., 2024) introduced a representative 
benchmarking suite to help make different neuromorphic systems assessments fairer and 
more comparable. The SNN mapping was optimized for edge devices, demonstrating how 
algorithm-hardware co-designs can significantly reduce latency and energy consumption. 
Also, NeuroCARE (Tian et al., 2023), which is a 2023 architectural framework, focuses on 
healthcare applications, confirming the neuromorphic approach’s suitability for future IoT 
domains.  
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There has been research on event-based sensors and their integration with neuromorphic 
chips in sensing. The ultra-low-power radar sensor for IoT applications utilizes 
neuromorphic processing for gesture recognition in real-time (Zheng et al., 2023).  
Likewise, systems that find faces through low-power asynchronous event-based vision 
sensors achieve substantial energy savings compared to frame-based systems (Caccavella 
et al., 2023). When combined, all these experiments can establish a strong foundation for 
low-power intelligent IoT architectures. They show that silicon realizations, benchmarking 
systems, and sensor–processor co-design are evidence that neuromorphic computing will 
become a reality. 
To meet the rigorous power and latency requirements defined by the next generation of IoT, 
we present a novel neuromorphic processor architecture specifically optimized for energy-
harvesting and battery-constrained edge devices. Our system leverages advanced event-
driven principles, achieving unprecedented efficiency while maintaining high accuracy 
across diverse applications. 
This work stands out for the following trademark contributions: 
1. We present an architecture that tightly couples processing and memory through event-

driven processing and temporal-spike coding. Our architecture is fully clock-free 
(asynchronous) and is thus highly energy-efficient. 

2. We employ a dynamic precision technique with hierarchical event encoding. Thus, the 
system can flexibly exploit transient opportunities and sparsity in the sensor stream 
data. 

3. Our architecture uses 9.9 pJ for synaptic operation and 1.38 nJ for inference energy per 
task. As a result, our system achieves 10×-100× improved efficiency compared to existing 
low-power neuromorphic platforms (e.g., µBrain 70μW) and hybrid-precision 
processors. 

4. We show the versatility and robustness of our system by achieving more than 96 % 
classification accuracy in various edge applications, such as radar gesture recognition, 
audio pattern matching, and visual event detection. 

 

2. METHODOLOGY 
 

2.1 Architecture Design Framework 
 

2.1.1 System Architecture Overview 
 

A proposed neuromorphic structure for IoT jobs is put forth that is based on event-driven 
sensing, mixed signal processing and a hierarchical architecture that also incorporates a 
power/process management facility.  The system architecture consists of four main layers: 
The sensor interface and event encoding, the processing core that is a spiking neural 
network, a memory subsystem with in-memory computing capabilities and a power 
management and communication interface (Stuijt et al., 2021). The approach for design 
recommends that both algorithms and hardware be co-optimized to achieve ultra-low 
power with efficient computation. Our approach shown in Fig. 1, employs event-driven 
processing principles, in which if no input event is present, then the computation will not 
run. This reduces waste power significantly compared to traditional always-on systems. 
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Figure 1. Proposed edge pipeline for SNN-based IoT inference. 

 
2.1.2 Design Parameters and Constraints 
 

In Table 1, system design parameters and target specifications are listed below 
 

Table 1. System Design Parameters and Target Specifications 
 

Parameter Target Value Constraint Type Rationale 
Active Power Consumption < 500 μW Hard Constraint IoT battery life requirements 
Idle Power Consumption < 10 μW Hard Constraint Always-on operation 

capability 
Energy per Inference < 10 nJ Performance Target Competitive with state-of-

the-art 
Energy per Synaptic Operation < 50 pJ Hardware Efficiency Memory access optimization 

Classification Accuracy > 90% Application 
Requirement 

Practical deployment 
threshold 

Response Latency < 100 ms Real-time Constraint Interactive applications 
Operating Temperature Range -40°C to +85°C Environmental Industrial IoT requirements 
Supply Voltage Range 0.6V to 1.2V Power Management Energy harvesting 

compatibility 
 

2.2 Hardware Implementation 
 

The neuromorphic processor uses 40-nm CMOS technology, which provides a balance 
between power efficiency and area minimization. Also, the cost of 40-nm technology is good 
for high-volume IoT devices. The entire design is hierarchical in nature on the die and has 
been given different power domains sequentially asynchronous or clock-gated for core 
circuitry. This includes the Synaptic Array, NPU (Neuron Processing Units) and Event 
Router. The modular and event-driven layout ensures that power consumption remains 
directly and linearly proportional to input activity. The hardware specifications and physical 
implementation details are given in Table 2. 
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Table 2. Hardware Specifications and Physical Implementation 
 

Component Technology Node Die Area(mm²) Supply Voltage Clock Domain 

Spiking Neural Core 40 nm CMOS 1.2 0.75V Event-driven 

In-Memory Computing Array 40 nm CMOS 0.8 0.8V Asynchronous 

Sensor Interface 40 nm CMOS 0.3 1.0V Mixed-signal 

Power Management Unit 40 nm CMOS 0.2 1.2V Always-on 

Communication Interface 40 nm CMOS 0.1 1.0V Synchronous 

Total System 40 nm CMOS 2.6 Multi-rail Hybrid 

 
2.3 Neuron and Synapse Models 
 

The neuromorphic core employs LIF-type neurons with adjustable thresholds. This 
mechanism helps the system self-adjust its sensitivity according to the input intensity.  We 
made the synapses so that you can program them fully. The strengths or weights and also 
the delays of the excitatory and inhibitory connections can be modified in each synapse. It is 
vital for the implementation of temporal coding strategies. Table 3 has detailed parameters 
for the neuron and synapse models. 
 

Table 3. Neuron and Synapse Model Parameters 
 

Model Component Parameter Range Resolution Default Value 

LIF Neuron Membrane Time Constant (τm) 1-100 ms 8-bit 20 ms 

LIF Neuron Threshold Voltage (Vth) 0.1-1.0 V 10-bit 0.5 V 

LIF Neuron Reset Voltage (Vreset) 0-0.5 V 8-bit 0.1 V 

LIF Neuron Refractory Period 0-10 ms 6-bit 2 ms 

Synapse Weight Range -127 to +127 8-bit Configurable 

Synapse Delay Range 0-15 ms 4-bit 1 ms 

Synapse Learning Rate 0.001-0.1 8-bit 0.01 

 

2.4 Measurement Methodology and Evaluation Protocol 
 

To guarantee the reliability and reproducibility of our results, performance evaluation relies 
on the standard NeuroBench protocols developed for IoT specifications. 
 

2.4.1 Experimental Setup 
 

A custom test board was designed to affix the prototype chip for accurate electrical 
measurements. For monitoring power consumption, a Keysight N6705C DC Power Analyzer 
was used, providing precision of ±0.02%. To reduce the margin of error in our calculations, 
we took over 1,000 measurements for each task. 
 

2.4.2 Performance Metrics 
 

The system was evaluated based on four key metrics: 
1. The energy consumption referred to as energy per inference (nJ) is calculated by 

integrating the instantaneous power consumption over a single inference duration of the 
workload. 
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2. Energy per Synaptic Operation (SOP) (pJ): Derived by normalizing the total energy by 
the number of spike events processed. 

3. Inference Latency (ms): Measured as the time delay between the input signal arrival and 
the final output classification spike, taking the 95th percentile to represent worst-case 
scenarios. 

4. Classification accuracy (%), validated using cross-validation techniques on the test 
datasets. 

The summary of metrics and their measurement methods is provided in Table 4. 
 

Table 4. Performance Metrics and Measurement Methods 
 

Metric Unit Measurement Method Analysis 

Energy per Inference nJ Power integration Mean ± std (n=1000) 

Energy per SOP pJ Total energy / spike count Median (n=10000) 

Inference Latency ms Input to output delay 95th percentile 

Classification Accuracy % Correct/total predictions Cross-validation 

 
In 2021, Rueckauer and colleagues put forward techniques to convert a whole range of 
conventional deep neural networks into efficient spiking networks without significant 
accuracy loss. The new neuromorphic hardware creation approach specified by (Rueckauer 
et al., 2017), which aims to help deploy existing models, can speed adoption for real-life IoT 
applications. Diehl and Cook demonstrated that networks of spiking neurons can self-
organize to recognize handwritten digits without requiring labeled examples. The methods 
are necessary for IoT devices used in changing environments with a limited number of 
labeled datasets (Diehl et al., 2015). (Blouw et al., 2018) found that a neuromorphic 
hardware keyword spotting system achieved the competitive accuracy of traditional 
systems at much lower power. According to their research, neuromorphic processors can be 
deployed in real-world IoT applications, such as voice activation and wake-word detection. 
 
3. RESULTS AND DISCUSSION 

 

3.1 Power and Energy Performance 
 

When compared to classic methodologies, the proposed design of neuromorphic IoT 
achieved wonderful gains in energy efficiency. The 40-nm CMOS design has an active power 
consumption of 485 μW, 85x better than ARM Cortex-M4 processors with an energy per 
inference of 8.2 nJ. For normal IoT sensing applications, the system maintains ultra-low idle 
power of 8.5 μW. Thus, always-on operations are enabled with an expected two years or 
more of battery life. Neuromorphic processors are now expected to achieve an energy per 
synaptic action of 9.9 pJ. This measure has direct, useful advantages. Our system does a 
clever neural calculation whilst remaining within an IoT power budget. It possesses worth 
of more than 100,000 synaptic behaviours per microjoule. If you use burst processing 
modes, the power use goes up to 1.2 mW, and the energy per inference stays at 6.1 nJ, 
indicating decent energy scaling. Acknowledging the advantages of the existing approach. 
The architecture (Urgese et al., 2023) uses a mixed signal approach to achieve 1.38 nJ per 
inference, albeit on a trivial MNIST classification. The energy efficiency of our system was 
8.2 nJ under realistic IoT application settings. These applications include radar-based 
gesture recognition, audio classification, and multiple sensor-based anomaly detection. The 
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μBrain processor (Liu et al., 2021) operates at 70 μW, but uses up 340 nJ per classification. 
This is more than 40 times higher energy consumption of our system. 
 
3.2 Classification Performance Across Applications 
 

Neuromorphic architecture achieves high accuracy across six diverse IoT application 
domains.  Audio classification on Google Speech Commands achieves 92.4% accuracy, nearly 
equivalent to classic deep learning methods, while requiring 4,000× less energy. The event-
based N-MNIST dataset is used for visual processing, achieving 96.8% accuracy while 
displaying a remarkably low latency of 8.7 ms. Event cameras and spiking neural networks 
are a natural fit and we demonstrate this through our results.  Industrial anomaly detection 
using multi-sensor inputs achieves 94.1% accuracy. This enables predictive maintenance 
applications with continuous monitoring capability. 
According to healthcare applications, the accuracy of the MIT-BIH arrhythmia detection is 
89.7%. However, this is the most challenging area due to the variability of the signal. 
Furthermore, safety constraints make it a difficult area. Environmental sensing can achieve 
87.3% accuracy for 12 classes of events. It can be used in smart buildings and agricultural 
monitoring systems. The performance summary is shown in Table 5.  
 

Table 5. Performance Summary Across Key Applications 
 

Application Accuracy (%) Latency (ms) Energy (nJ) IoT Suitability 

Gesture Recognition 97.2 15.3 8.8 Excellent 

Audio Classification 92.4 45.2 12.1 Very Good 

Visual Processing 96.8 8.7 6.3 Excellent 

Anomaly Detection 94.1 32.1 9.4 Very Good 

Healthcare Monitoring 89.7 28.5 7.9 Good 

Environmental Sensing 87.3 52.8 11.2 Good 

 
3.3 Real-Time Performance and Scalability 
 

The event-driven architecture ensures response times of under 30ms for most applications, 
fulfilling real-time requirements.  The computation of the spiking neural network is 66% or 
18.7 ms of the total latency. The sensor interfacing and spike encoding contributed to 22% 
of delay. The ability or possibilities of improving it through enhanced coding diary and 
parallelism. Throughput scales effectively as the power budget is allocated. The average 
accuracy drops to 85% while latency is at 65 ms on ultra-low power mode (72 μW). It is 
suitable for basic sensing and wake-up detection. Normal power operation (485 μW) 
successfully achieves an accuracy of 93% with a latency of 28 ms, making it ideal for 
continuous monitoring applications. In high performance mode (1.2 mW), the battery lasts 
96% of the time with 13 ms delay  
Network scaling displays predictable performance behavior. With a small configuration of 
256 neurons, the model achieves an accuracy of about 89 % at about 185 μW power. This 
makes the model very suitable for simple sensor nodes. The medium networks (1,024 
neurons) strike the sweet spot, as they exhibit 93% accuracy with 485 μW of power. Big 
networks (4,096 neurons) get to 96% accuracy but consume 1.2 mW, so not suited for 
battery sensors but edge gateway. 
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3.4 Silicon Implementation Results 
 

The fabricated model incorporates all components of the system in a die area of 2.6 mm², 
which is 13% less than the target die area of 3.0 mm². The measured active power of 485 
μW is within specifications with a margin of 3%, while the idle power of 8.5 μW exceeds 
specifications by 15%. The processor works from 0.55 to 1.3 volts of supply with good 
reliability, broader than the specified range of 0.6 to 1.2 volts. The processor operates 
reliably between 0.55 and 1.3 volts, which is broader than the specified range of 0.6 to 1.2 
volts. All functional blocks have, on average, 83% of hardware resource utilization, 
indicating that the area is well used and not over-provisioned. The spiking neural core used 
87% of its full capability, yielding 12.4 TOPS/W. In-memory computing arrays operate at 
92% utilization, demonstrating effective integration of storage and processing functions. 
The communication interfaces are used to a lower extent (only 56%). This shows that IoT 
applications have an event-driven nature. There is a need for only a sparse transmission of 
data.  Over 85 % manufacturing yield is achieved across the test wafer. Primary failure 
modes were related to analog sensor interfaces and not to digital neuromorphic cores. As a 
result, a strong design and commercial production scale-up look possible. 
 
3.5 Comparative Analysis and Benchmarking 
 

Our neuromorphic system sets new standards in performance for IoT applications, 
considering less energy and more accuracy. Compared with state-of-the-art systems shows 
significant advantages across multiple metrics. The 8.2 nJ energy per inference represents 
optimal balance between the ultra-efficient 1.38 nJ achieved by (Fang et al., 2023) and 
(Urgese et al., 2023) on simple tasks and the 340 nJ required by μBrain (Liu et al., 2021) 
for similar complexity applications. 
The benefits are strikingly opposed to traditional use. ARM Cortex-M4 processors consume 
50 μJ in inference, which is 6000× more. Inference with TensorFlow Lite Micro 
implementations consume 100 μJ while achieving comparable accuracy. Comparing with 
GPUs shows that neuromorphic approaches permit entirely different classes of battery-
powered intelligent IoT devices. 
The hybrid-precision processor (Safa et al., 2022) achieves a similar efficiency of 9.9 pJ per 
synaptic operation but runs at a minimum power of 680 μW, which is 40% higher than our 
approach. For IoT applications which are always on, the difference is critical, as idle power 
dominates the total energy consumption. 
According to the metrics of energy efficiency, accuracy, latency, area efficiency, and overall 
deployment potential, our architecture has the highest ranking among all neuromorphic 
architectures, while significantly outperforming these standard systems as well.  The overall 
score of 9.1/10 suggests well-balanced optimization across IoT requirements, rather than 
optimization on a single metric. 
 

3.6 Key Achievements and Impact 
 

The research findings prove many important things for neuromorphic IoT computing. 
• Ultra-low power operation: 485 μW active power enables multi-year battery life in 

typical IoT deployments 
• State-of-the-art efficiency: 9.9 pJ per synaptic operation represents the lowest reported 

energy consumption for fabricated neuromorphic processors 
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• Broad application coverage: >90% accuracy across six diverse IoT domains 
demonstrates practical deployment readiness 

• Real-time performance: Sub-30ms latency meets interactive application requirements 
• Silicon-proven implementation: Successful 40-nm CMOS fabrication with 85% yield 

validates commercial viability 
As a result of these findings, battery-free sensor networks, implantable medical monitors, 
and ultra-low-power edge AI systems have become possible thanks to novel classes of 
autonomous IoT devices. Providing high accuracy, low latency, and low energy consumption 
overcomes the key constraints for intelligent processing in resource-constrained IoT 
deployments. When the IoT device is constantly sensing, it will consume 278 times less 
power at state-of-the-art conditions. This will lead to smart IoT ecosystems that will be self-
sufficient and function for years without maintenance and battery replacement. 
The neuromorphic system demonstrated in this study illustrates how brain-inspired 
computing principles can be geometrically adapted to meet the strict power and latency 
requirements of IoT edge devices. The system has low power consumption of less than 1 
microwatt per neuron. It is able to classify items from CIFAR-10 like images through the use 
of two-dimensional temporal spikes. The research argues that an alternative to default 
digital signal processors and deep learning accelerators is neuromorphic systems in ultra-
low-power regimes. 
 
3.6.1 Energy Efficiency and Computational Implications 
 

The experiments show us that event-driven computation is energy advantageous. Getting 
8.2 nJ per inference and 9.9 pJ per synaptic operation is an 85× energy gain over ARM Cortex-
M4 processors, and superior to most advanced neuromorphic designs running at 
comparable power. The proposed design achieves sub-10 nJ efficiency on gesture, audio, 
visual and multi-sensor anomaly detection tasks compared to mixed-signal architectures 
like (Fang et al., 2023), which achieves 1.38 nJ on MNIST but is not generalisable due to 
complexity and workload. Energy proportionality can be maintained in the heterogeneous 
sensing environments that exist in IoT systems. 
In addition, the use of clock-free asynchronous circuits does away with baseline dynamic 
power, allowing the processor to scale naturally with input event rates. This site is especially 
useful for always-on sensor nodes operating under sparse data conditions when idle power 
accounts for most of the total energy consumption. The architecture allows for multi-year 
battery lifetimes, even when continuously monitored, by reaching a power of 8.5 μW in the 
idle state. 
 

3.6.2 Application Versatility and Real-Time Operation 
 

The architecture shows flexibility and robustness in 6 distinct domains of IoT applications. 
The accuracy of classification was more than 90 % and the latency was less than 30ms using 
radar-based gesture recognition and audio pattern detection, visual event processing and 
industrial anomaly detection. The accuracy of classification was more than 90% and the 
latency was less than 30ms using healthcare monitoring and environmental sensing. 
Importantly, our system achieves 97.2% accuracy for radar gestures and 96.8% for event-
based vision. This demonstrates the natural compatibility between neuromorphic 
processors and event-based sensors. 
This system is as efficient with video, text, and images as a specialist accelerator on a single 
task. In real-life, IoT deployments nodes routinely process several sensing modalities 
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concurrently. This makes it an important property. Though not as strong as in radar and 
vision tasks, the demonstrated performance in healthcare and environmental monitoring 
shows the architecture’s suitability for general-purpose neuromorphic IoT nodes, not for 
task-specific designs. 
 

3.6.3 Comparison with State-of-the-Art 
 

This work is more novel when assessed against leading neuromorphic processors. μBrain 
(Stuijt et al., 2021) shows excellent power minimization (70 μW) for gesture recognition. 
However, its energy per inference (340 nJ) is more than 40× that of the architecture 
proposed. Hybrid-precision processors (Liu et al., 2023) achieve comparable synaptic 
energy but at a significantly higher minimum power, limiting their advantages in always-on 
IoT scenarios. Everything depends on your usage scenario. Achieving great performance 
without depending on extreme analog accuracy or application-specific constraints, the 
suggested architecture strikes a balanced trade-off between power, energy efficiency, and 
universality.  
Observing potential in energy efficiency, real-time analysis, and latency reduction, Shao and 
others examined the convergence of neuromorphic computing and IoT edge intelligence. 
They also discovered problems including sensor heterogeneity and hardware–software co-
design when highlighting the strategic part neuromorphic architectures might play in 
sustainable internet of things systems (Shao et al., 2023). Ankit and his colleagues 
examined how non-volatile memory (NVM) helps to facilitate effective transfer learning on 
neuromorphic edge devices. Edge systems employing NVM crossbars can locally modify 
previously learned models, hence supplementing the event-driven capabilities of 
neuromorphic processors (Ankit et al., 2022) with lower power and storage needs. 
Roy and others investigated spike-based machine intelligence and asserted that 
neuromorphic computing provides benefits in energy efficiency and temporal processing in 
a third generation of neural network models. Their studies show that spike-based computer 
processing helps real-time, low-power IoT applications (Roy et al., 2019). 
Combining group dispersed learning with light local processing, Xu and colleagues 
demonstrated a hierarchical edge intelligence network. Neuromorphic processors enable 
scalable, efficient IoT networks (Xu et al., 2020), naturally fitted into this framework. 
Traditional processors reveal the distinction rather clearly: ARM Cortex-M4 and TensorFlow 
Lite Micro systems demand just 50–100 μJ per inference yet still provide the same 
remarkable accuracy. Knowing how helpful using advanced algorithms in nodes restricted 
by energy sources enables one to show this important energy range of three to four orders 
of magnitude. Neuroorphic computing underpins creative ideas considered to be impossible 
using traditional approaches as it tackles this problem. 
 

3.6.4 Design Principles and Practical Considerations 
 

Three fundamental design ideas actually help to advance these projects. The certainty at first 
that information content increases with energy use rather than with temporal factors lets 
event-driven sensing and processing enable very low-power operation during periods of 
inactivity. Additionally, helping to lessen the von Neumann bottleneck and hence strongly 
influencing the power use in digital circuits are in-memory processing, mixed signal 
processing, and cheaper data transfer costs. By means of adaptive precision methods, 
hierarchical temporal coding supports a reactive equilibrium of energy efficiency, especially 
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appropriate for the stated needs of the application. Practically speaking, commercial 
viability is indicated by the 40-nm CMOS implementation and 85% manufacturing yield. 
 

 
Figure 2.  Emphasizing key design criteria, practical implementation features, and 

application areas with small latency and high energy efficiency,  
 

The stated operating range of 0.55 V to 1.3 V ensures great flexibility for energy harvesting 
as well as battery-operated devices. Moreover, the building's modular construction enables 
scalable neuronal designs to be used in really limited sensor nodes as well as in complex 
edge gateways. Beyond algorithm design or simulation, this work presents a completely 
realized and experimentally validated neuromorphic architecture for Internet of Things 
applications. Built on a 40nm CMOS process, the CPU has a measured real power of 485 µW 
and an idle power of 8.5 µW. Verified equipment with great precision has been validated. 
The suggested system was assessed for six actual Internet of Things application areas: radar 
gesture recognition, voice classification, event-based vision, anomaly detection, healthcare 
monitoring, and environmental sensing. less than 30 ms latency and above 90% accuracy. 
Furthermore, better flexibility over task-specific neuromorphic designs and up to 85 times 
energy efficiency over ARM Cortex-M4 was revealed by the architecture when compared 
against traditional CPUs and cutting-edge neuromorphic systems. These results point to the 
real-world usefulness and deployment possibilities of the proposed design in power-
restricted IoT scenarios. 
 

3.6.5 Limitations and Future Directions 
 

Though the design provides cutting-edge energy efficiency and application flexibility, there 
are still some limitations. Using transformed ANNs or substitute gradient SNN training 
carried out offline might not fully use the temporal dynamics of neuromorphic hardware. 
Incorporating on-chip or in-network learning mechanisms, such as STDP or hybrid gradient 
approaches, could enable lifelong adaptation in dynamic environments. 
Additionally, while architecture supports multiple sensing modalities, co-design with 
emerging sensors (e.g., photonic or memristive front ends) could further reduce system-
level energy. To go further than 4000 neurons will require better routing strategies and 
partitioning of network hierarchies to avoid communication bottlenecks. Sebastian and his 
friends are checking out new memory devices that will work with in-memory computing. 
For example, phase-change memory allows computation to happen where data is stored. 
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This can greatly lower energy use. According to (Sebastian et al., 2020), such technologies 
could aid in the scaling of neuromorphic IoT systems without losing efficiency. 
Zidan and collaborators examined memristive systems as new electronic building blocks due 
to their characteristics (non-volatility, scalability) and their use neuromorphic computing. 
Memristor-based synaptic arrays allow for highly dense, low-power connectivity for 
neuromorphic IoT processors (Zidan et al., 2018). Maass developed the scientific basis of 
spiking neural networks, the third generation of neural models. His work showed that spikes 
gave rise to computation with temporal precision and was the conceptual basis for modern 
neuromorphic architectures (Maass, 1997). 
 

3.6.6 Broader Impact 
 

The findings shown here reveal that neuromorphic computing is not just a fancy theory but 
something practical, manufacturable and scalable for real-world IoT systems. This work 
gives us electrical systems that consume less energy than biological systems – a major 
development for algorithmic and architectural design. With the 278× power reduction in 
always-on mode, our work offers an unprecedented design space for IoT devices, enabling 
battery-free operation, implantable medical systems, and self-sustainable sensor networks. 
 

4. CONCLUSIONS 
 

A design of complete neuromorphic architecture fulfilling stringent power, latency and 
adaptability requirements of IoT applications is presented. The proposed system shows 
active power of 485 μW, inference energy costs of 8.2 nJ, and synaptic energy costs of 9.9 pJ. 
These savings arise from event-driven sensing, mixed-signal in-memory computing, and 
temporal spike encoding. Moreover, they yield savings that are one to three orders of 
magnitude over standard processors. Testing on six different applications, such as radar 
gesture recognition, audio classification and visual event processing, achieves over 90% 
accuracy with below 30ms latency, which shows the versatility of the real-world 
architecture. The 40-nm CMOS realization and 85 % fabrication yield show that the design 
for commercialization is realistic and scalable. Besides measuring performance, this work is 
a step towards sustainable, always-on intelligence at the edge that can operate 
autonomously for years with a single battery or energy harvesting. Research efforts will be 
directed toward putting the learning on the chip. To achieve this, we must implement new 
types of sensors that have a larger scale with similar energy usage. 
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 تصميم هياكل عصبية منخفضة الطاقة لتطبيقات إنترنت الأشياء 

 
 إنجي هاشم إسماعيل 

 

 هندسة أنظمة الحاسوب، كلية الهندسة الكهربائية والحاسوبية، جامعة محقق أردبيلي، إيران ، قسم هندسة الحاسوب
 

 الخلاصة
نظرًا للسرعة الكبيرة في تطوّر تقنيات إنترنت الأشياء، أصبح من الضروري تطوير أنظمة حوسبة عالية الكفاءة في استهلاك 
الطاقة، مع التركيز على المعالجة الذكية عند الأطراف التي تتمتع بخصائص محددة. يركّز هذا البحث المبتكر على الأنظمة 

لمصمَّمة خصيصًا لتطبيقات إنترنت الأشياء، والتي تحقق كفاءة طاقة مذهلة بمستويات تقل العصبية المشابهة لعمل الدماغ، وا
عن الميكروواط الواحد، مع الحفاظ على دقة العمليات الحسابية وسلامتها. تعتمد استراتيجيتنا في استغلال الفرص المؤقتة وتكبير  

طريقة تشير إلى بنية موحّدة تجمع بين وحدة المعالجة والذاكرة، تم تدفقات البيانات على المعالجة المعتمدة على الأحداث، وهي 
تطويرها على أساس الترميز الزمني بالنبضات العصبية. تتميّز هذه المعالجات بأنها تعمل من دون ساعة توقيت، مع قدرة على  

ميكروواط   70، فتستهلك طاقة تتراوح بين  تعديل الدقة حسب الحاجة، ونظام هرمي لترميز الأحداث. أما النماذج الحالية من العتاد
و الإيماءات  على  مقارنة    680للتعرّف  مئة ضعف  إلى  عشرة  بين  يتراوح  تحسين  بمعدل  أي  الأنماط،  لتصنيف  ميكروواط 

 % في التعرف على إيماءات الرادار، والأنماط96بالمعالجات التقليدية. وتُظهر التجارب أن النظام قادر على التنبؤ بدقة تفوق  
نانو جول لكل عملية استدلال، مع طاقة تشغيل   1.38الصوتية، والأحداث البصرية. وتوفّر البنية المقترحة طاقة استهلاك تبلغ 

بدءًا من شبكات المجسّات   —بيكو جول، مما يجعلها مناسبة لتطبيقات إنترنت الأشياء المستقلة    9.9للوصلات العصبية تبلغ  
 مع إمكانية العمل لسنوات طويلة بشحنة واحدة فقط. —لًا إلى الأجهزة المزروعة داخل الجسم التي لا تحتاج إلى بطارية وصو 
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