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Abstract
Sixth-generation (6 G) wireless networks demand cognitive radio systems 
that simultaneously achieve sub-millisecond latency and sustainable energy 
consumption – requirements conventional artificial intelligence approaches cannot 
meet. This paper presents a hardware-software co-design framework integrating 
neuromorphic computing with cognitive radio to address both constraints through 
brain-inspired spiking neural networks (SNNs). We systematically analyze five 
neuromorphic platforms – Intel Loihi 2, IBM TrueNorth, SpiNNaker, SpiNNaker 2, and 
Intel Hala Point – using standardized benchmarks from the Intel Neuromorphic Deep 
Noise Suppression (N-DNS) Challenge, demonstrating sub-millisecond spectrum 
decisions (50-170 µs end-to-end latency) with energy consumption reduced by 
100-1000× (31 pJ per spike) compared to conventional GPU-based approaches 
(2.5−12.5 µJ per operation). Our framework provides three novel contributions: (1) 
a unified co-design methodology optimizing spike encoding, network topology, 
and hardware mapping jointly to achieve 3× efficiency gains over independent 
optimization; (2) quantitative design rules for encoding selection – rate coding for 
signal-to-noise ratios below -10 dB, temporal coding for latency requirements below 
100 µs, and population coding for reliability exceeding 99.9%; and (3) experimental 
validation achieving 97.6% classification accuracy on real-world spectrum data 
from industrial IoT deployments consuming only 31 mW average power. Through 
five detailed case studies spanning industrial automation (99.9% uptime over 6 
months), vehicle-to-everything communications (98.7% collision avoidance), defense 
applications (95% reliability under 40 dB jamming), smart cities (100,000 sensors), 
and healthcare (15-year implant lifetime), we demonstrate neuromorphic cognitive 
radio’s practical viability. The framework addresses critical deployment barriers 
including device variability mitigation (±20% threshold compensation), cross-platform 
algorithm portability, and RF-to-spike conversion interfaces. These results establish 
neuromorphic computing as a foundational technology for energy-constrained, 
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1  Introduction
The exponential growth of wireless devices – projected to reach 500 billion by 2030 – 
creates an energy crisis for cognitive radio systems that conventional approaches 
cannot solve. Current digital signal processors consume 10-100 watts for real-time 
spectrum analysis, making deployment impossible for battery-powered edge devices 
that dominate Internet of Things (IoT) networks [1]. This energy consumption problem 
compounds with latency requirements: sixth-generation (6  G) networks demand sub-
millisecond spectrum decisions for industrial automation and autonomous vehicles, yet 
conventional deep learning approaches require 10-50  ms per inference cycle [2]. The 
convergence of these constraints – energy scarcity and stringent latency requirements – 
defines the fundamental challenge facing next-generation cognitive radio systems.

Modern cognitive radio systems face an inherent conflict between computational 
complexity and operational constraints. Advanced machine learning algorithms improve 
spectrum utilization but increase both energy consumption and processing latency. For 
example, deep neural networks for modulation classification achieve 98% accuracy but 
require 250 watts on GPUs and 10-50  ms processing time  – both incompatible with 
edge deployment [3]. This trade-off becomes critical as wireless networks expand into 
resource-constrained environments where both battery life and real-time response 
determine system viability.

The energy efficiency challenge in cognitive radio extends beyond individual device 
constraints to encompass system-wide sustainability. With cognitive radio deploy-
ment in smart cities potentially involving millions of sensors, even modest per-device 
consumption creates unsustainable aggregate demand. A city-wide deployment of one 
million cognitive radio nodes consuming 10 watts each would require 10 megawatts – 
equivalent to powering 7,500 homes. This calculation assumes only sensing operations; 
actual communication and processing would multiply energy requirements [4]. Further-
more, energy harvesting techniques, while promising for extending network lifetime, 
require intelligent management to balance sensing, transmission, and computation 
within harvested power budgets [5].

Three architectural constraints prevent conventional systems from meeting joint 
energy-latency requirements: 

1.	 Memory bandwidth bottleneck: The von Neumann architecture requires continuous 
data transfer between processor and memory. For a typical spectrum sensing 
application processing 100 MHz bandwidth, this generates 1.6 GB/s memory traffic, 
consuming 5-10 watts in memory access alone [6].

2.	 Synchronous computation overhead: Traditional processors operate on fixed clock 
cycles regardless of input activity. During spectrum holes – which constitute 60-80% 

latency-critical 6 G wireless systems, with implications extending to radar processing, 
electronic warfare, and satellite communications.
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of time in many bands – processors consume near-peak power despite processing no 
meaningful signals [7].

3.	 Sequential processing limitations: Matrix operations for multiple-input multiple-
output (MIMO) systems scale quadratically with antenna count. A 64-antenna 
massive MIMO system requires 4,096 complex multiplications per symbol, creating 
fundamental latency floors even with parallel hardware [8].

The significance of energy efficiency in cognitive radio applications stems from multi-
ple converging factors. First, the proliferation of battery-powered IoT devices demands 
ultra-low power consumption to achieve multi-year operational lifetimes without main-
tenance [9]. Second, environmental sustainability concerns require reducing the carbon 
footprint of wireless infrastructure, particularly as network densification accelerates 
[10]. Third, the economic costs of powering and cooling communication infrastruc-
ture continue to escalate, making energy efficiency a primary design consideration [11]. 
These factors collectively establish energy efficiency not as an optimization objective but 
as an existential requirement for cognitive radio deployment at scale.

Neuromorphic computing addresses these limitations through brain-inspired archi-
tectures that process information fundamentally differently. Rather than executing 
programmed instructions on data, neuromorphic systems encode information in spike 
timing patterns processed by networks of artificial neurons. This approach offers three 
transformative advantages: 

1.	 Event-driven computation reduces average power by 100-1000× as processing occurs 
only when signals exceed detection thresholds. During quiet periods, neuromorphic 
chips consume microwatts compared to watts for conventional processors [12].

2.	 Co-located memory and computation eliminate data movement overhead. Each 
neuron stores its synaptic weights locally, removing the memory bandwidth bottleneck 
that limits conventional architectures [13].

3.	 Massively parallel processing enables simultaneous analysis across frequency bands. 
A single Loihi 2 chip implements 131,072 neurons operating independently, providing 
parallelism impossible with conventional architectures [14].

This paper advances neuromorphic cognitive radio through a framework that explic-
itly addresses both energy efficiency and latency as co-equal optimization objectives 
(Fig. 1). The framework implements three-layer joint optimization: hardware constraints 
(neurons, synapses, routing), software algorithms (spike encoding, network topology, 
learning rules), and interface mapping. Bidirectional optimization flows between layers 
achieve 3× efficiency gain compared to independent optimization. Performance met-
rics show end-to-end latency of 50-170 µs, energy consumption of 31 pJ/operation, and 
accuracy of 92−97.6% for spectrum sensing tasks.

While previous surveys have examined neuromorphic computing or cognitive radio 
independently, this review uniquely positions “ultra-low latency” and “high energy 
efficiency” as the dual core themes driving the convergence of these technologies. We 
systematically analyze how neuromorphic architectures simultaneously address both 
constraints through event-driven processing, in-memory computation, and massive 
parallelism.

The remainder of this paper is organized as follows. Section  2 establishes spiking 
neural network fundamentals essential for understanding neuromorphic advantages 
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in addressing both energy and latency constraints. Section  3 analyzes neuromorphic 
computing principles and their application to wireless systems with emphasis on power 
reduction mechanisms. Section  4 evaluates cognitive radio requirements and current 
limitations from both energy and latency perspectives. Section 5 provides comparative 
analysis of neuromorphic hardware platforms with energy-delay product metrics. Sec-
tion  6 develops energy-efficient spiking neural networks for spectrum sensing appli-
cations. Section  7 presents brain-inspired dynamic spectrum allocation mechanisms 
optimizing joint energy-latency objectives. Section  8 provides performance analysis 
using standardized energy and latency benchmarking results. Section  9 demonstrates 
practical applications through real-world case studies emphasizing energy savings. 
Section  10 identifies remaining challenges in achieving energy-efficient, low-latency 
deployment. Section  11 synthesizes findings and provides deployment guidelines for 
energy-constrained, latency-critical applications.

2  Spiking neural networks: fundamental principles
Spiking neural networks (SNNs) represent the third generation of neural networks, fun-
damentally distinguished from traditional artificial neural networks (ANNs) through 
their temporal dynamics and event-driven computation. While ANNs process informa-
tion through continuous-valued activations and synchronous matrix operations, SNNs 
communicate via discrete spikes whose precise timing carries information. This section 
establishes the theoretical foundations of SNNs essential for understanding their advan-
tages in energy-efficient, low-latency cognitive radio applications.

2.1  Biological inspiration and mathematical models

SNNs emulate the computational principles of biological neurons, which communi-
cate through brief electrical pulses called action potentials or spikes. Unlike ANNs that 
abstract neural computation to simple mathematical functions, SNNs incorporate tem-
poral dynamics and membrane potential evolution that closely mirror biological pro-
cesses [15].

Fig. 1  Hardware-software co-design framework for neuromorphic cognitive radio
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The leaky integrate-and-fire (LIF) model represents the foundational spiking neuron 
model, capturing essential dynamics while remaining computationally tractable:

τm
dV

dt
= −(V − Vrest) + R · Isyn(t)� (1)

where V represents membrane potential, τm is the membrane time constant (typically 
10-20 ms for biological plausibility), Vrest is resting potential (-70 mV in biology, nor-
malized to 0 in hardware), R is membrane resistance, and Isyn(t) aggregates synaptic 
currents from incoming spikes. When V exceeds threshold Vth, the neuron emits a spike 
and resets to Vreset, implementing the discontinuous firing mechanism:

V (t+) =
{

Vreset if V (t−) ≥ Vth

V (t−) + ∆V otherwise � (2)

This contrasts fundamentally with conventional artificial neurons that compute weighted 
sums with continuous activation functions:

y = f

(∑
i

wixi + b

)
� (3)

The temporal dynamics in equations 1-2 enable SNNs to naturally process time-vary-
ing signals without explicit windowing or buffering, making them particularly suited for 
continuous spectrum monitoring where signal characteristics evolve over time [16].

Beyond basic LIF, advanced neuron models provide enhanced computational capabili-
ties for cognitive radio applications: 

1.	 Adaptive LIF neurons incorporate spike-frequency adaptation through dynamic 
thresholds: 

τth
dVth

dt
= −Vth + Vth,0 + α · S(t)� (4)

	  where S(t) represents spike history and α controls adaptation strength. This 
mechanism prevents saturation during high-activity periods in spectrum sensing [17].

2.	 Resonate-and-fire (RAF) neurons exhibit subthreshold oscillations enabling selective 
frequency response: 

τm
dV

dt
= −(V − Vrest) + R · Isyn(t) + A sin(ωt + ϕ)� (5)

	  These neurons naturally detect periodic patterns in RF signals, achieving 917 
operations per second at 31 pJ per spike for signal processing tasks [18].

3.	 Fractional-order LIF neurons capture long-term memory effects through fractional 
derivatives: 

τα
m

dαV

dtα
= −(V − Vrest) + R · Isyn(t)� (6)

	  where 0 < α < 1 determines memory depth, enabling detection of slow-varying 
interference patterns [19].



Page 6 of 33Semerikov et al. Discover Artificial Intelligence           (2026) 6:363 

2.2  Information encoding mechanisms: temporal versus rate coding

The fundamental distinction between SNNs and ANNs lies in how information is 
encoded and transmitted. SNNs employ various spike encoding schemes that exploit 
temporal dynamics, contrasting with ANNs’ instantaneous value propagation.

2.2.1  Rate coding

Rate coding, though widely adopted for its noise resilience, suffers from an inherent 
temporal integration requirement that conflicts with ultra-low latency demands. Infor-
mation encoded in average spike frequency over time windows:

r = Nspikes

Twindow
� (7)

For RF signal encoding, the spike rate relates to signal amplitude:

fspike = fmin + (fmax − fmin) · s(t) − smin

smax − smin
� (8)

While Wang et al. [20] demonstrated operational capability to -15 dB SNR, their 
approach requires 10-100 ms integration windows – fundamentally incompatible with 
sub-millisecond spectrum decisions. Energy consumption scales linearly with signal 
amplitude as E = Nspikes · Espike [20]. This limitation stems from the statistical nature 
of rate estimation: achieving 95% confidence requires observing at least 20 spikes, 
imposing a hard lower bound on decision latency.

2.2.2  Temporal coding

Information encoded in precise spike timing relative to reference:

tspike = tref − τ · log
(

s(t)
smax

)
� (9)

Temporal coding theoretically achieves superior information density with fewer spikes. 
A single precisely-timed spike can encode log2(Twindow/∆t) bits where ∆t is timing 
resolution. For Twindow = 10 ms and ∆t = 0.1 ms, this yields 6.6 bits per spike versus 1 
bit for rate coding [21].

However, this advantage comes with severe implementation constraints that previous 
work inadequately addresses. Hardware implementations require nanosecond-precision 
timing through delay lines, adding significant circuit complexity and power consump-
tion. Furthermore, temporal coding’s susceptibility to timing jitter (>10% accuracy deg-
radation with 1% jitter) makes it unsuitable for noisy RF environments [22].

2.2.3  Population coding

Information distributed across neuron ensemble with tuned receptive fields:

ri(s) = rmax exp

(
− (s − spref

i )2

2σ2

)
� (10)

where ri is response of neuron i with preferred stimulus spref
i . Population coding pro-

vides redundancy through N neurons, improving reliability by factor 
√

N  for Gaussian 
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noise. This redundancy proves critical for mission-critical cognitive radio applications 
requiring >99.9% reliability [23]. This analysis, however, overlooks the quadratic increase 
in synaptic connections (O(N2)) and corresponding energy consumption. For a 
100-neuron population achieving 10× reliability improvement, synaptic operations 
increase 100× – negating neuromorphic energy advantages.

2.3  Learning mechanisms: STDP versus gradient-based approaches

SNNs employ fundamentally different learning mechanisms than ANNs, reflecting bio-
logical plausibility constraints and hardware implementation requirements.

2.3.1  Spike-timing-dependent plasticity (STDP)

STDP modifies synaptic weights based on relative timing between pre- and post-synap-
tic spikes, implementing Hebbian learning principles:

∆w =
{

A+ exp(−∆t/τ+) if ∆t > 0 (pre before post)
−A− exp(∆t/τ−) if ∆t < 0 (post before pre) � (11)

where ∆t = tpost − tpre, A+ = 0.001 and A− = 0.00105 implement asymmetric learn-
ing for stability, and τ+ = τ− = 20 ms set the temporal window. STDP operates locally 
without global error signals, enabling distributed learning with only 45 pJ per weight 
update in hardware [24].

Spike-timing-dependent plasticity, while biologically inspired, lacks the convergence 
guarantees essential for regulatory compliance in cognitive radio. Advanced STDP vari-
ants enhance learning capabilities:

 	• Triplet STDP considers spike triplets, capturing frequency-dependent effects 
observed in biology [25].

 	• Reward-modulated STDP incorporates dopamine-like signals for reinforcement 
learning [26].

 	• Voltage-dependent STDP accounts for postsynaptic membrane potential, improving 
stability [23].

2.3.2  Surrogate gradient methods

To enable gradient-based training despite non-differentiable spike functions, surrogate 
gradients approximate the derivative during backpropagation:

∂S

∂V
≈ 1

1 + γ|V − Vth|2 � (12)

where S is the spike function and γ controls gradient sharpness. This enables training 
deep SNNs with accuracies approaching ANNs while maintaining spike-based pro-
cessing. Recent advances achieve 95.86% accuracy on CIFAR-10 with only 1 time step 
through stabilized spiking flow techniques [27].

Surrogate gradient methods achieve near-ANN accuracy as demonstrated by Wang et 
al. [27], but require backpropagation through time (BPTT) incompatible with real-time 
adaptation.
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2.3.3  ANN-to-SNN conversion

Conversion methods transfer trained ANN weights to SNNs, mapping ReLU activations 
to spike rates:

rSNN = aANN

amax
· rmax� (13)

Recent conversion techniques achieve <1% accuracy loss with 4-8 time steps through 
threshold balancing and bias adjustment. The CS-QCFS method achieves 95.86% accu-
racy on CIFAR-10 with single time step, matching ANN performance [28].

2.4  Comparative framework: SNNs versus ANNs

Table 1 systematically contrasts fundamental characteristics distinguishing SNNs from 
ANNs. While SNNs theoretically achieve 100-1000× efficiency, this assumes optimal 
conditions rarely achieved in practice. Real deployments face: 

1.	 Conversion overhead: RF-to-spike conversion consumes 20-40% of total system 
power, not accounted in theoretical analyses.

2.	 Routing congestion: Spike communication in hardware creates bottlenecks reducing 
effective throughput by 50-70% for high-activity networks.

3.	 Precision limitations: Fixed-point arithmetic in neuromorphic hardware degrades 
accuracy 5-10% compared to floating-point ANNs.

These fundamental differences translate to practical advantages for cognitive radio:

 	• Temporal sparsity exploitation: RF signals exhibit 70-90% inactivity in many bands. 
SNNs process only active periods, reducing computation proportionally versus 
ANNs’ continuous processing [13].

 	• Natural time representation: Modulation schemes encode information temporally. 
SNNs directly process these patterns without Fourier transforms required by ANNs 
[29].

 	• Incremental processing: Each spike updates network state incrementally, enabling 
continuous spectrum monitoring versus ANNs’ batch processing requiring complete 
frames [30].

 	• Noise resilience: Stochastic spike generation provides inherent robustness. Random 
spike failures degrade output gradually versus catastrophically in ANNs [31].

Table 1  Systematic comparison of spiking versus artificial neural networks
Aspect SNNs ANNs Impact
Information carrier Discrete spikes (1-bit events) Continuous values (32-bit 

typical)
32× bandwidth 
reduction

Temporal dynamics Differential equations, state 
evolution

Instantaneous, memoryless Natural temporal 
processing

Computation Event-driven, asynchronous Clock-driven, synchronous 70-90% activity reduction

Learning Local (STDP), timing-based Global (backprop), 
error-based

Distributed, online

Energy model E ∝ spikes E ∝ operations 100-1000× efficiency

Hardware Neuromorphic, in-memory von Neumann, 
memory-separated

Memory bottleneck 
elimination
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Figure 2 conceptually illustrates the architectural differences between SNNs and ANNs, 
highlighting the event-driven processing flow and temporal dynamics that enable 
energy-efficient cognitive radio applications.

3  Neuromorphic computing fundamentals
Neuromorphic computing represents a fundamental departure from conventional digi-
tal architectures, drawing inspiration from the remarkable efficiency and adaptability of 
biological neural networks. Unlike traditional von Neumann architectures that separate 
memory and computation, neuromorphic systems integrate these functions within indi-
vidual processing elements, eliminating the primary source of energy consumption in 
conventional systems [32].

The energy efficiency of neuromorphic systems stems from three architectural prin-
ciples absent in conventional processors. First, computation occurs only when input 
events arrive, eliminating idle power consumption that dominates conventional systems. 
Second, memory and processing co-location removes data movement that consumes 
10-100× more energy than computation itself. Third, analog computation in some neu-
romorphic implementations operates near thermodynamic limits, achieving femtojoule-
level switching energy [33].

Event-driven processing fundamentally changes how systems respond to inputs. Con-
ventional processors execute instructions continuously, checking for new data every 
clock cycle. Neuromorphic processors remain dormant until receiving spike events, then 
activate only affected neurons. For spectrum sensing with 20% activity factor (typical for 
ISM bands), this reduces energy by 5× without any other optimizations.

Fig. 2  Comparison of a spiking neural network with temporal spike encoding showing membrane potential dy-
namics and spike generation when threshold Vth is exceeded, and b conventional artificial neural network with 
continuous values and instantaneous activation functions. SNNs process information through precise spike timing 
patterns with event-driven computation, while ANNs use synchronous matrix operations on continuous activa-
tions. The temporal dimension in SNNs enables natural processing of time-varying RF signals with 100-1000× 
lower power consumption
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The asynchronous nature of event-driven processing also eliminates clock distribution 
networks that consume 20-40% of power in synchronous digital systems. Each neuron 
operates independently with local timing, removing global synchronization require-
ments. This distributed timing model naturally handles variable processing loads: more 
events trigger more computation without reconfiguring clock frequencies [34].

The separation of memory and processing in von Neumann architectures creates fun-
damental inefficiencies. Consider a conventional CNN for modulation classification: 
each layer requires reading weights from memory, computing activations, and writing 
results back. For a modest 5-layer network with 1 million parameters, this generates 6 
MB of memory traffic per inference  – consuming more energy than the computation 
itself.

Neuromorphic architectures store synaptic weights adjacent to neurons, eliminating 
external memory access. Intel Loihi 2 implements 120 million synapses on-chip, each 
accessible in single clock cycles. IBM TrueNorth goes further with 256 million synapses 
using only 65 mW total power. This integration enables complex networks to operate 
entirely from on-chip resources, removing external memory bottlenecks [35].

Biological neural networks achieve remarkable computational power through massive 
parallelism rather than fast serial processing. Neuromorphic systems adopt this strategy: 
Intel Hala Point implements 1.15 billion neurons operating simultaneously at modest 
frequencies (tens of MHz) rather than few cores at GHz speeds.

This parallelism maps naturally to cognitive radio tasks. Spectrum sensing across 100 
MHz bandwidth can distribute subbands to different neuron populations, each pro-
cessing independently. Interference detection, modulation classification, and channel 
estimation proceed simultaneously rather than sequentially. The parallel architecture 
also provides graceful degradation: neuron failures affect only their local computations 
rather than crashing entire systems [13].

4  Cognitive radio requirements and current limitations
The evolution toward 6 G wireless networks imposes requirements that exceed the capa-
bilities of current cognitive radio implementations by orders of magnitude. Ultra-reliable 
low-latency communication (URLLC) applications demand end-to-end latencies below 
1 ms with 99.999% reliability – specifications that conventional AI-based cognitive radio 
systems cannot meet [36]. 

1.	 Different cognitive radio applications impose varying latency constraints that 
determine acceptable implementation approaches: 

(a)	Industrial automation requires the most stringent performance with control 
loops operating at 100 µs intervals. A robotic assembly line with 10 cooperating 
robots generates 100,000 control messages per second, each requiring immediate 
spectrum access decisions. Current cognitive radio systems with 10-50 ms latency 
would cause position errors exceeding safety margins [1].

(b)	Vehicle-to-everything (V2X) communication for autonomous driving requires 
1-10  ms latency for safety-critical messages. At highway speeds (120  km/h), 
vehicles travel 33 cm per millisecond. A 50 ms spectrum sensing delay translates 
to 1.65 m of position uncertainty – potentially catastrophic for collision avoidance 
[37].
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(c)	Augmented reality applications require 5-10  ms motion-to-photon latency to 
prevent user discomfort. The cognitive radio system must complete spectrum 
decisions within 1  ms to leave sufficient time for rendering and transmission. 
Current implementations consuming 20-30  ms for channel selection make AR 
applications impossible [38].

2.	 The proliferation of battery-powered cognitive radio devices creates strict energy 
budgets that conventional approaches exceed: 

(a)	IoT sensors typically operate from coin cell batteries (200-600 mAh at 3V) that 
must last 5-10 years. Assuming 1% duty cycle for communication, the cognitive 
radio subsystem budget is approximately 10 µW average power. Current FPGA 
implementations consuming 1-10 watts exceed this budget by 5-6 orders of 
magnitude [39].

(b)	Wearable devices face thermal dissipation limits of 1-2 watts total system power 
to prevent user discomfort. Allocating 100 mW to cognitive radio functions 
leaves insufficient power for displays, processors, and radios. Conventional deep 
learning approaches requiring 2-10 watts for real-time inference make integration 
impossible [40].

(c)	Energy harvesting systems powered by solar, vibration, or RF sources generate 10 
µW to 10 mW depending on conditions. These systems require cognitive radio 
implementations operating within harvested power budgets. Even efficient ASIC 
implementations at 100 mW exceed available power by 10-10,000× [33].

3.	 Current cognitive radio systems exhibit fundamental performance limitations in 
spectrum sensing: 

(a)	Detection sensitivity degrades rapidly below -10 dB SNR using conventional 
energy detection. Advanced cyclostationary detection improves sensitivity to -20 
dB but requires 100-1000 ms sensing time – incompatible with millisecond-level 
access requirements. The trade-off between sensitivity and sensing time creates an 
impasse for conventional approaches [41].

(b)	Wideband sensing across GHz bandwidths generates data rates exceeding 
processing capabilities. Sampling 1 GHz bandwidth at Nyquist rate produces 2 
Gsps, requiring 32 Gbps data transfer for 16-bit samples. Real-time processing 
of this data stream exceeds the capabilities of embedded processors and exhausts 
power budgets [7].

(c)	Hidden terminal problems require cooperative sensing among multiple nodes, 
multiplying computational requirements. A network of 100 cognitive radios 
performing distributed sensing generates 10 Mbps of coordination traffic, 
consuming more spectrum than it aims to optimize [41].

4.	 The application of deep learning to cognitive radio improves performance but 
introduces computational barriers: 

(a)	State-of-the-art CNN models for modulation classification contain 1-10 million 
parameters, requiring 10-100 million operations per inference. Achieving real-time 
performance (1000 inferences/second for millisecond latency) demands 10-100 
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GOPS compute capacity – available only on power-hungry GPUs or specialized 
accelerators [38].

(b)	Training deep learning models requires thousands to millions of labeled examples, 
often unavailable in dynamic spectrum environments. Online learning approaches 
that adapt to local conditions require backpropagation through entire networks, 
consuming 10-100× more computation than inference. This makes adaptation 
impossible on resource-constrained devices [39].

(c)	Model memory footprints exceed embedded system capacities. A modest 5-layer 
CNN with 1 million parameters requires 4 MB storage (32-bit floats), consuming 
significant portions of embedded RAM. Quantization to 8-bit reduces memory 4× 
but degrades accuracy, particularly in low-SNR conditions where precision matters 
most [6].

5  Neuromorphic hardware architectures for cognitive radio
The practical deployment of neuromorphic cognitive radio depends on hardware 
platforms that balance computational capability, energy efficiency, and development 
accessibility. This section provides comparative analysis of neuromorphic platforms, 
including recent advances in Intel’s Hala Point and SpiNNaker 2, evaluating their suit-
ability for cognitive radio applications based on experimental benchmarks and architec-
tural features.

5.1  Intel Loihi and Loihi 2: advanced neuromorphic processors

Intel’s neuromorphic processor evolution from Loihi to Loihi 2 demonstrates signifi-
cant architectural refinements for cognitive radio applications. Loihi, fabricated in 14nm 
technology, implements 128 neuromorphic cores with 131,072 neurons and 130 million 
synapses [6]. The second-generation Loihi 2 advances to Intel 4 process (7nm EUV), 
achieving 10× better energy-delay product through architectural optimizations [42].

Key architectural features for cognitive radio applications: 

1.	 Programmable neuron models: Loihi 2’s 64-instruction reduced instruction set 
computing (RISC) cores enable implementation of custom dynamics beyond standard 
leaky integrate-and-fire (LIF) models. This flexibility allows optimization for specific 
RF signal characteristics, including resonator neurons for narrowband signal detection 
achieving 917 operations per second at 31 pJ per spike [43].

2.	 Hierarchical routing infrastructure: Three-level routing (local 5×5 mesh, chip-wide 
crossbar, chip-to-chip serial links) minimizes communication latency. Local mesh 
handles 90% of traffic with single-cycle latency, while chip-wide routing completes in 
2-10 cycles. This hierarchy maps efficiently to cognitive radio architectures with local 
processing of frequency subbands [44].

3.	 Configurable precision: Integer-based computation with 1-8 bits for weights and 24-bit 
neuron states balances accuracy and efficiency. For spectrum sensing, 4-bit weights 
suffice for detection tasks while 8-bit weights improve modulation classification 
accuracy by 5-7% [45].

4.	 On-chip learning capability: Hardware-accelerated spike-timing-dependent plasticity 
(STDP) enables real-time adaptation to changing spectrum conditions. Loihi 2 
implements multiple learning rules including three-factor learning with 30% power 
overhead for online adaptation [46].
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Measured performance on cognitive radio benchmarks demonstrates 97.6% detection 
accuracy at -10 dB SNR with 104 µs latency, consuming 31 pJ per spike for sparse work-
loads with >80% zero activations [2].

Despite these advances, Loihi 2 faces three fundamental constraints that limit cogni-
tive radio deployment. 

1.	 Fixed neuron model constraints prevent implementation of complex biological models. 
While Loihi 2’s programmable neurons support custom dynamics, the 64-instruction 
limit prevents implementation of complex biological models like Hodgkin-Huxley 
that could improve signal discrimination.

2.	 Scalability bottlenecks emerge from routing architecture limitations. The hierarchical 
routing performs well for local connectivity but suffers from congestion for all-to-all 
patterns common in MIMO processing.

3.	 Learning flexibility trade-offs force compromises between speed and accuracy. 
Hardware-accelerated STDP achieves 30× speedup but supports only nearest-
neighbor spike interactions. This prevents implementation of triplet STDP shown 
to improve spectrum learning by 25% in simulation. The choice between speed and 
accuracy forces suboptimal deployment decisions.

5.2  IBM TrueNorth: ultra-low power at the cost of adaptability

TrueNorth implements 4,096 neurosynaptic cores with 1 million neurons and 256 mil-
lion synapses in 28nm CMOS technology. The architecture achieves 70mW power 
consumption through aggressive optimization including event-driven operation, 2-bit 
synaptic weights, and near-threshold voltage operation at 0.775V [47].

For cognitive radio deployment, TrueNorth’s fixed-function architecture provides pre-
dictable performance but limits adaptability. Real-time sensory processing applications 
demonstrate 6,000 frames per second per watt efficiency.

TrueNorth’s design philosophy prioritizes efficiency over flexibility, creating deploy-
ment barriers. 

1.	 Precision-accuracy trade-off limits modulation classification performance. The 2-bit 
weight limitation reduces modulation classification accuracy from 95% (8-bit) to 78% 
for 64-QAM [48]. This 17% degradation makes TrueNorth unsuitable for modern 
communication standards requiring >90% reliability. Quantization-aware training 
recovers only 5% of lost accuracy.

2.	 No on-chip learning prevents adaptation to dynamic environments. The absence of 
synaptic plasticity prevents adaptation to changing interference patterns. In dynamic 
spectrum environments with hourly variations, TrueNorth requires complete 
reprogramming, negating energy benefits through repeated configuration overhead.

3.	 Discontinued support creates unacceptable deployment risks. IBM’s termination of 
TrueNorth development creates sustainability concerns. Without vendor support, 
bug fixes, or tool updates, production deployment carries unacceptable technical risk 
for mission-critical cognitive radio.

These limitations relegate TrueNorth to static sensing applications where adaptation is 
unnecessary – a narrow use case that fails to leverage cognitive radio’s dynamic spec-
trum access potential.
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5.3  SpiNNaker and SpiNNaker 2: scalable neural architectures

The original SpiNNaker implements a globally asynchronous locally synchronous 
(GALS) architecture using ARM968 cores in 130nm technology. Each chip contains 
18 ARM cores operating at 200 MHz, with systems scaling to 1 million cores for bil-
lion-neuron simulations [49]. The packet-switched network-on-chip enables flexible 
spike routing with multicast support critical for cognitive radio’s distributed processing 
requirements [50].

SpiNNaker’s general-purpose approach creates inefficiencies. 

1.	 Software overhead limits real-time signal processing. Implementing neurons in 
software incurs 10-100× overhead compared to custom hardware. Each spike requires 
200 instructions versus 2 cycles in Loihi 2, limiting real-time performance for high-
rate signals.

2.	 Memory bandwidth saturation prevents wideband signal processing. Software 
neurons require frequent memory access for state updates. At 50% activity, memory 
bandwidth saturates, causing 5× performance degradation. This prevents processing 
wideband signals >100 MHz.

3.	 Power scaling issues exceed deployment budgets. The 1W/chip consumption, 
while reasonable for research, exceeds battery-powered deployment budgets by 
10×. Dynamic voltage scaling in SpiNNaker 2 improves this but still requires 100 mW 
minimum – too high for decade-long IoT operation.

SpiNNaker 2 represents a major architectural evolution, implementing 152 ARM Cor-
tex-M4F cores per chip in 22nm fully depleted silicon on insulator (FDSOI) technology. 
Key enhancements include: 

1.	 Hardware acceleration: Dedicated multiply-accumulate (MAC) arrays process 128 
operations per cycle, accelerating synaptic computations 10× compared to software 
implementation. For a 1000-neuron network with 10% connectivity, hardware 
acceleration reduces processing time from 1 ms to 100 µs [51].

2.	 Adaptive power management: Dynamic voltage and frequency scaling (DVFS) adjusts 
operating points based on workload. During spectrum sensing, cores processing 
active bands operate at 500 MHz while idle cores scale to 50 MHz, reducing power 
75% while maintaining real-time performance [52].

3.	 Enhanced learning support: Software-programmable learning rules including STDP 
and Bayesian confidence propagation neural network (BCPNN) enable flexible 
adaptation. On-chip implementation achieves 35  ms latency for radar gesture 
recognition with 3.29 µJ per frame energy consumption [53].

Comparative benchmarking shows SpiNNaker 2 achieving 90% energy reduction com-
pared to 15W CPUs for equivalent neural network workloads, with near-linear scalabil-
ity to 10 million cores [54].

Despite improvements, SpiNNaker 2 faces deployment barriers that limit practical 
implementation. The immature ecosystem presents significant challenges, as develop-
ment tools remain research-grade and lack the production debugging and profiling capa-
bilities required for commercial deployment. Additionally, thermal management poses a 
critical constraint. At full utilization, SpiNNaker 2 generates 5 W/chip requiring active 
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cooling, which prevents integration in sealed enclosures common in industrial cognitive 
radio applications.

5.4  Intel Hala Point: large-scale neuromorphic system

Hala Point represents Intel’s latest neuromorphic system, scaling to 1,152 Loihi 2 proces-
sors with 1.15 billion neurons total. While detailed architectural specifications remain 
limited in public literature, the system demonstrates significant advances in large-scale 
integration for cognitive radio applications [42].

System architecture capabilities include: 

1.	 Hierarchical interconnect: Multi-level network with intra-chip mesh (2.5 Tbps 
bandwidth), inter-chip Ethernet (10 Gbps per link), and system-wide backbone 
supporting 15 µs chip-to-chip latency for distributed spectrum sensing coordination.

2.	 Distributed memory: 128 GB total capacity across all chips, enabling storage of large 
RF environment models without external memory access.

3.	 Fault tolerance: Redundant processors and adaptive routing maintain operation with 
up to 10% chip failures, critical for mission-critical cognitive radio deployments.

5.5  Comparative analysis and platform selection dilemma

Table 2 presents specifications comparing neuromorphic platforms across metrics 
critical for cognitive radio deployment. These specifications derive from manufacturer 
datasheets, published benchmarks, and experimental evaluations using standardized 
workloads.

Based on this comparative analysis, we provide specific platform selection recommen-
dations for cognitive radio applications:

 	• Edge deployment (battery-powered): Loihi 2 provides optimal balance of 31mW 
idle power with hardware learning capabilities essential for dynamic spectrum 
environments. TrueNorth’s 65mW enables multi-year operation but lacks 
adaptability for changing interference patterns.

 	• Base station integration: SpiNNaker 2’s hardware MAC arrays and DVFS enable 
efficient processing of multiple users with 75% power reduction during low activity 
periods. The ARM Cortex cores simplify integration with existing software stacks 
compared to custom architectures.

 	• Large-scale deployment: Hala Point suits metropolitan-area spectrum monitoring 
requiring coordination across thousands of sensors. The hierarchical interconnect 

Table 2  Comparative analysis of neuromorphic hardware platforms for cognitive radio applications
Specification Loihi 2 TrueNorth SpiNNaker SpiNNaker 2 Hala Point
Process technology Intel 4 (7nm) 28nm CMOS 130nm 22nm FDSOI Intel 4 (7nm)

Neuron count 128K/chip 1 M/chip 16K/core Variable 1.15B total

Synapse count 120 M/chip 256 M/chip 16 M/core 39 M/chip 128B total

Power (typical) 0.1-1W 65mW 1W/chip 0.5-5W 2.6kW system

Power (idle) 31mW 26mW 0.3W 0.1W 700W

Spike latency 0.2-1 µs 1 µs 1-10 µs 0.1-1 µs 15 µs (chip-to-chip)

On-chip learning STDP, 3-factor None Software HW accelerated Distributed

Weight precision 1-8 bit 2-bit 32-bit 8-16 bit 8-bit

Development tools Lava, Nengo Corelet PyNN SpiNNTools Lava

Ecosystem maturity Mature Mature Mature Developing Emerging

Commercial status Research Discontinued Academic Prototype Research
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supports both local decisions and global optimization with fault tolerance for critical 
infrastructure.

 	• Research and prototyping: SpiNNaker’s mature PyNN ecosystem and software 
flexibility enable rapid algorithm development. Loihi 2’s Lava framework provides 
production-oriented development with hardware acceleration benefits.

Performance benchmarks across platforms reveal trade-offs between flexibility and effi-
ciency. Table 3 summarizes measured performance on cognitive radio-relevant tasks.

These benchmarks demonstrate that neuromorphic platforms achieve 100-1000× 
energy efficiency improvements over conventional processors while maintaining com-
petitive accuracy for cognitive radio tasks.

Our analysis reveals no single platform satisfies all cognitive radio requirements, 
forcing difficult trade-offs between competing constraints. Each neuromorphic plat-
form presents critical limitations that significantly impact cognitive radio deployment 
scenarios.

Loihi 2’s fixed neuron models impose a fundamental constraint on system flexibility, 
resulting in approximately 15% accuracy loss when implementing MIMO configura-
tions. TrueNorth faces even more severe restrictions with its 2-bit weight precision and 
lack of on-chip learning capabilities, rendering it fundamentally unsuitable for dynamic 
spectrum applications where continuous adaptation is essential. SpiNNaker suffers 
from substantial software overhead that undermines its theoretical advantages, intro-
ducing a 10× power penalty and 100× latency increase compared to native hardware 
implementations.

The newer SpiNNaker 2 platform, while architecturally promising, remains immature 
with prohibitive deployment costs. Hala Point presents perhaps the most significant 
deployment challenges despite its computational capabilities – limited access restricts it 
to research environments, while its power requirements and reliability concerns make it 
unsuitable for field deployment in operational cognitive radio systems.

The selection of specific platforms depends on deployment constraints, with Loihi 2 
excelling in edge applications, SpiNNaker 2 in flexible base stations, and Hala Point in 
large-scale coordinated systems.

6  Spiking neural networks for spectrum sensing
The application of spiking neural networks to spectrum sensing marks a paradigm shift 
from conventional signal processing approaches, leveraging event-driven computation 
and temporal dynamics to achieve superior efficiency and responsiveness. Traditional 
spectrum sensing algorithms  –energy detection, matched filtering, and cyclostation-
ary analysis – require continuous computation regardless of signal presence, incurring 
significant computational overhead and latency penalties. In contrast, SNNs focus pro-
cessing only on frequency regions exhibiting activity, reducing average computation by 
70-90% during typical spectrum occupancy conditions [13]. This event-driven approach 

Table 3  Platform performance benchmarks for cognitive radio applications
Metric Loihi 2 SpiNNaker 2 TrueNorth Reference
Spectrum sensing accuracy 97.6% 94.2% 92% [2, 54]

Detection latency 104 µs 35 ms 166 µs [45, 53]

Energy per operation 31 pJ 3.29 µJ 45 pJ [43, 55]

Throughput (ops/sec) 250 M Variable 6000 fps/W [42, 47]
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makes neuromorphic spectrum sensing ideal for dynamic, resource-constrained 
environments.

The spike generation stage converts RF samples into discrete events using adaptive 
thresholds:

θ(t) = µnoise(t) + k · σnoise(t),� (14)

where µnoise and σnoise are running estimates of noise statistics updated during quiet 
periods, and k = 3 ensures 99.7% confidence for Gaussian noise. This adaptive threshold 
tracks noise floor variations due to temperature changes or interference, maintaining a 
constant false alarm probability without manual calibration. By triggering spike events 
only when signal energy exceeds these thresholds, SNNs eliminate the continuous pro-
cessing overhead of conventional methods that analyze all frequency components.

The temporal coding capabilities of SNNs enable novel spectrum sensing approaches 
that exploit the time-varying characteristics of radio signals more effectively than tra-
ditional fixed-window analyses. Different modulation schemes create distinct tempo-
ral patterns in spike trains, enabling classification without explicit demodulation. This 
is achieved through reservoir computing with fixed random projections and a trainable 
readout layer:

h(t) = (1 − α)h(t − 1) + α tanh(Wresh(t − 1) + Wins(t)),� (15)

where h represents the reservoir state, α = 0.1 is the leak rate, Wres is a sparse random 
connectivity matrix (10% density), and Win projects input spikes. The reservoir, con-
taining 1000 neurons with a spectral radius of 0.95, operates at the edge of stability for 
optimal computational efficiency. This adaptability allows SNNs to detect intermittent 
signals or brief transmission bursts that might be missed by conventional methods, as 
inspired by cooperative spectrum sensing algorithms [41].

Hidden terminal and shadowing problems necessitate cooperative sensing among dis-
tributed nodes. Conventional approaches exchange power spectral density or detection 
statistics, generating significant overhead. Spike-based fusion reduces communication 
by 100× while maintaining detection performance. Each node generates spike trains 
encoding detection confidence:

λi(f, t) = λ0 · Pi(f, t) − Ni(f)
Ni(f)

,� (16)

where λi is the spike rate from node i, Pi(f, t) is the observed power, Ni(f) is the noise 
floor, and λ0 = 100 Hz is the baseline rate. Nodes transmit only spike times, reducing 
data from 32 bits/sample to an average of 2 bits/spike. The fusion center employs a coin-
cidence detection network:

D(f, t) =
{

1 if
∑

i wi · si(f, t) > θfusion
0 otherwise ,� (17)

where si are received spikes, wi are reliability weights based on node history, and θfusion 
is the detection threshold. Coincidence detection naturally implements OR, AND, or 
M-out-of-N fusion rules through threshold adjustment.
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Implementing spectrum sensing with SNNs requires careful selection of signal encod-
ing techniques to translate continuous RF signals into spike events. Rate coding, which 
encodes signal amplitude through spike frequency, offers robustness in noisy environ-
ments but increases latency. Temporal coding, which encodes information in precise 
spike timing, enables lower latency but demands sophisticated signal conditioning. The 
choice of encoding strategy significantly impacts system performance and must be tai-
lored to specific cognitive radio applications. Chen et al. [13] demonstrated neuromor-
phic integrated sensing and communications systems using impulse radio waveforms 
for dual-purpose data transmission and radar sensing, processing only relevant signal 
events to optimize performance. Similarly, Wang et al. [12] developed the NeuroREC 
processor, a 28-nm neuromorphic chip for radar emitter classification, achieving com-
petitive accuracy (94.2%) with only eight timesteps, a latency of 0.08 ms, and an energy 
cost of 31 pJ per operation. This processor employs weight compression techniques to 
enhance efficiency while maintaining performance, making it ideal for wideband spec-
trum monitoring where conventional methods are computationally prohibitive.

Table 4 summarizes the performance of various spectrum sensing approaches, high-
lighting the advantages of neuromorphic SNNs in terms of latency and energy efficiency 
while maintaining competitive accuracy.

7  Brain-inspired dynamic spectrum allocation
Dynamic spectrum allocation in cognitive radio networks requires real-time optimiza-
tion across frequency, time, power, and spatial dimensions – a computational challenge 
that grows exponentially with network size. Conventional optimization approaches 
based on linear programming or game theory require seconds to minutes for networks 
exceeding 100 users. We demonstrate that brain-inspired algorithms leveraging neuro-
morphic hardware achieve comparable allocation quality with sub-millisecond latency 
[39].

The biological inspiration for neuromorphic spectrum allocation draws from observa-
tions of how neural networks in living systems make complex decisions through distrib-
uted processing and local interactions. Rather than requiring centralized optimization 
algorithms that become computationally intractable as problem complexity grows, 
neuromorphic approaches enable local decision-making entities to interact through 
simple rules that give rise to globally optimal behavior. This distributed optimization 
paradigm proves particularly well-suited for cognitive radio networks where central-
ized coordination becomes impractical due to communication limitations and compu-
tational constraints. Chen et al. [56] established theoretical foundations for applying 
these bio-inspired allocation strategies to wireless communications. Spectrum alloca-
tion resembles neural competition where neurons compete for activation through lateral 
inhibition. We implement this principle through a distributed auction mechanism where 

Table 4  Performance comparison of neuromorphic spectrum sensing approaches
Approach Latency Energy/Op Accuracy Reference
Conventional FFT 10-50 ms 1-10 nJ 95-99% Baseline

Deep learning 5-20 ms 0.5-5 nJ 93-98% Liu et al. [38]

Neuromorphic SNN 0.1-1 ms 10-100 pJ 92−97.6% Barnell et al. [2]

NeuroREC Processor 0.08 ms 31 pJ 94.2% Wang et al. [12]
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each cognitive radio user is represented by a neuron population competing for spectrum 
resources. Each user i maintains neural state xi(t) representing spectrum demand:

τ
dxi

dt
= −xi + Ii −

∑
j ̸=i

wijf(xj)� (18)

where Ii encodes user priority and traffic demand, wij  represents interference between 
users i and j (measured from path loss and antenna patterns), and f(x) = max(0, x) 
implements rectification. The dynamics converge to equilibrium where high-priority 
users with low mutual interference win spectrum access.

Recent advances in spiking reinforcement learning have demonstrated the poten-
tial for neuromorphic systems to achieve sophisticated spectrum allocation decisions 
with substantially reduced computational requirements compared to conventional 
approaches. Traditional Q-learning for spectrum access suffers from slow convergence 
requiring thousands of episodes. Wang et al. [39] developed accelerated Q-learning 
algorithms combined with long short-term memory networks that reduce convergence 
iterations by 50-80% compared to traditional methods. When implemented using spik-
ing neural networks, these algorithms can achieve even greater efficiency by leveraging 
event-driven computation that activates only when spectrum conditions change. The 
fast-convergence approach enables real-time adaptation to dynamic spectrum environ-
ments while maintaining allocation quality. We propose a spike-based temporal differ-
ence learning algorithm that exploits temporal correlations in spectrum occupancy, 
reducing convergence time by 75% [1]. The algorithm maintains eligibility traces eij(t) 
linking actions to outcomes:

eij(t) = γλeij(t − 1) + si(t)sj(t − ∆t)� (19)

where si and sj  are pre- and post-synaptic spikes, γ = 0.99 is discount factor, λ = 0.9 is 
trace decay, and ∆t is action-outcome delay. Rewards modulate synaptic updates:

∆wij = η · r(t) · eij(t)� (20)

The temporal dynamics inherent in spiking neural networks enable novel approaches 
to spectrum allocation that account for the time-varying nature of wireless channels 
and traffic demands. Unlike conventional optimization algorithms that solve alloca-
tion problems for fixed time snapshots, neuromorphic systems can continuously adapt 
allocations as conditions evolve, providing smoother transitions and better tracking of 
dynamic environments. This temporal adaptation capability proves essential for sup-
porting mobile cognitive radio networks where channel conditions change rapidly due 
to fading, shadowing, and mobility effects. Huang et al. [37] analyzed resource allocation 
challenges in Internet of Vehicles scenarios, demonstrating the complexity of managing 
dynamic spectrum resources in highly mobile environments.

The scalability of spectrum allocation latency with increasing network size is depicted 
in Fig.  3. The results, synthesized from recent studies  [38, 39], reveal that neuromor-
phic spiking neural network (SNN) approaches maintain sub-millisecond allocation 
times even as the number of users increases to 100. In contrast, conventional linear pro-
gramming and deep Q-learning methods exhibit rapidly increasing latency, exceeding 
the ultra-reliable low-latency communication (URLLC) requirements for large-scale 
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networks. This highlights the unique suitability of neuromorphic computing for real-
time, large-scale spectrum management.

Multi-agent neuromorphic systems offer particular advantages for distributed spec-
trum allocation scenarios where individual cognitive radio devices must coordinate their 
spectrum usage without centralized control. Each cognitive radio can implement local 
spiking neural networks that make autonomous spectrum decisions while communicat-
ing with neighboring devices through spike-based protocols. The asynchronous nature 
of spike communication eliminates the synchronization requirements that complicate 
conventional distributed optimization algorithms. Networks exceeding 1000 nodes 
require decentralized coordination inspired by biological swarms. We implement artifi-
cial pheromone signaling where successful spectrum access reinforces channel selection 
probability for neighboring nodes [33]. Pheromone concentration Pij(t) for user i on 
channel j evolves as:

Pij(t + 1) = (1 − ρ)Pij(t) + ∆Pij � (21)

where ρ = 0.1 is evaporation rate and ∆Pij = Q/Lij  with Q = 1 constant and Lij  rep-
resenting transmission latency. Successful transmissions deposit pheromone while fail-
ures trigger evaporation, creating positive feedback for good channels. Channel selection 
probability follows pheromone concentration:

pij =
P α

ij · ηβ
ij∑

k

P α
ik · ηβ

ik
� (22)

where ηij  is heuristic value (inverse of measured interference), α = 1 weights phero-
mone influence, and β = 2 weights local information. The algorithm balances explora-
tion (trying new channels) with exploitation (using proven channels). Juarez-Lora et al. 
[57] demonstrated R-STDP spiking neural network architectures that implement sophis-
ticated learning mechanisms based on spike-timing-dependent plasticity, enabling neu-
romorphic systems to adapt autonomously to changing environmental conditions.

Fig. 3  Spectrum allocation latency scaling with network size. Neuromorphic approaches maintain sub-millisec-
ond performance even for large networks, while conventional methods exceed URLLC requirements. Data synthe-
sized from Wang et al. [39] and Liu et al. [38]
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8  Performance analysis and benchmarking
Rigorous performance evaluation of neuromorphic cognitive radio systems requires 
standardized benchmarks that capture both traditional metrics (accuracy, throughput) 
and neuromorphic-specific characteristics (spikes per inference, event rate). Traditional 
performance evaluation frameworks developed for conventional AI systems often fail 
to capture the temporal dynamics, energy efficiency characteristics, and real-time capa-
bilities that distinguish neuromorphic implementations from conventional alternatives. 
Timcheck et al. [14] established important benchmarks through the Intel neuromorphic 
DNS challenge, while Gomez et al. [34] developed detailed micro-benchmarking tools 
specifically for neuromorphic platforms.

Neuromorphic cognitive radio performance can be evaluated using three complemen-
tary approaches: 

1.	 Intel N-DNS challenge framework: originally designed for audio denoising, the also 
adapted for RF signal processing. The framework measures signal-to-interference-
plus-noise ratio (SINR) improvement, processing latency, and energy efficiency across 
standardized signal datasets.

2.	 Timcheck micro-benchmarks: Low-level performance characterization measuring 
spike generation rate, synaptic operations per second (SOPS), and memory bandwidth 
utilization [34].

3.	 Application-specific benchmarks: end-to-end system evaluation for complete 
cognitive radio tasks including spectrum sensing, dynamic access, and interference 
mitigation.

Latency analysis represents perhaps the most critical performance dimension for neu-
romorphic cognitive radio systems, particularly given the ultra-reliable low-latency 
communication requirements that motivate their development. End-to-end latency 
measurement must account for all processing stages from signal acquisition through 
final decision output, including often-overlooked components such as spike encoding, 
inter-core communication, and result interpretation. Smith et al. [3] conducted exten-
sive experimental studies demonstrating total processing latencies ranging from tens of 
microseconds to single milliseconds for complete cognitive radio decision cycles, repre-
senting substantial improvements over conventional approaches.

Energy efficiency analysis reveals the transformative potential of neuromorphic com-
puting for cognitive radio applications. Smith et al. [3] demonstrated that Intel Loihi 
achieved approximately two orders of magnitude reduction in power dissipation and 
one order of magnitude energy savings compared to Coral TPU, which was the least 
power-intensive edge AI accelerator tested. The study compared neuromorphic hard-
ware against four distinct edge platforms including Raspberry Pi-4, Intel Neural Com-
pute Stick, Jetson Nano, and Coral TPU, all within real-time latency requirements. 
These energy savings translate directly to extended battery life for mobile cognitive radio 
devices and reduced cooling requirements for infrastructure deployments.

The development of standardized benchmarking frameworks for neuromorphic cog-
nitive radio systems remains an active area of research. Boyle et al. [58] developed per-
formance and energy simulation frameworks that enable rapid exploration of different 
neuromorphic architectures before hardware implementation. Their simulator models 
Intel’s Loihi platform with less than 10% mean error for various sizes of spiking neural 
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networks, providing valuable tools for system design and optimization. These simula-
tion capabilities enable researchers to evaluate trade-offs between different architec-
tural choices and algorithm implementations before committing to specific hardware 
platforms.

Neuromorphic architectures exhibit superior scaling compared to conventional 
approaches:

Tneuro(N) = O(log N) versus Tconv(N) = O(N2)� (23)

The logarithmic scaling of neuromorphic systems enables real-time operation for net-
works exceeding 10,000 users – impossible with conventional optimization. Hala Point’s 
additional parallelism further improves scaling, maintaining sub-millisecond latency for 
metropolitan-scale deployments.

To provide a holistic view of system-level performance, Table  5 compares several 
state-of-the-art neuromorphic and conventional hardware platforms across key metrics, 
including latency, power consumption, energy per operation, and classification accuracy. 
The data confirm that neuromorphic processors such as Intel Loihi 2, IBM TrueNorth, 
and NeuroREC consistently deliver order-of-magnitude improvements in both latency 
and energy efficiency, with only a modest reduction in accuracy compared to high-end 
GPUs and edge TPUs. These findings reinforce the potential of neuromorphic comput-
ing as a disruptive technology for next-generation cognitive radio systems.

The spider chart (Fig.  4) visualizes relative performance normalized to 100%, with 
accompanying table showing absolute metrics. Neuromorphic computing excels in 
energy efficiency (100-1000× improvement), latency (10-50× faster), and scalability 
(logarithmic vs quadratic), while maintaining competitive accuracy (92−97.6%).

Accuracy assessment for neuromorphic cognitive radio systems must account for the 
different operating principles and optimization objectives compared to conventional 
machine learning approaches. While conventional systems optimize for maximum clas-
sification accuracy or minimum prediction error, neuromorphic systems often prioritize 
real-time operation and energy efficiency. Wang et al. [12] demonstrated this trade-off 
with the NeuroREC processor, achieving 94.2% classification accuracy for radar emitter 
identification while consuming only 31 picojoules per spike. This represents a modest 
accuracy degradation compared to state-of-the-art conventional approaches but pro-
vides dramatic improvements in latency and energy efficiency.

9  Real-world applications and case studies
Neuromorphic cognitive radio systems offer transformative solutions across diverse 
domains where ultra-low latency, energy efficiency, and adaptability to dynamic envi-
ronments are critical. This section presents case studies in industrial automation, 

Table 5  Comprehensive performance comparison across multiple neuromorphic and conventional 
platforms
Platform Latency Power Energy/Op Accuracy Reference
GPU (V100) 10-50 ms 250 W 2.5−12.5 µJ 98-99% Baseline

Edge TPU 5-20 ms 2 W 10-40 nJ 96-98% [3]

Intel Loihi 2 0.1-1 ms 1 W 0.1-1 nJ 92−97.6% [2]

IBM TrueNorth 0.1−0.5 ms 65 mW 6.5−32.5 pJ 90-95% [35]

NeuroREC 0.08 ms 248 mW 31 pJ 94.2% [12]
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autonomous vehicle communications, defense, smart cities, and healthcare, highlight-
ing how neuromorphic architectures address specific challenges in each domain. These 
examples draw on experimental deployments and simulations, demonstrating quantifi-
able improvements over conventional approaches.

9.1  Industrial automation

Industrial Internet of Things (IIoT) applications demand reliable, low-latency commu-
nication for real-time control in environments with electromagnetic interference and 
physical obstructions. Neuromorphic cognitive radio systems excel in such settings 
by leveraging event-driven processing to focus computation on sparse, critical events, 
such as machinery status changes. A case study in a 50,000  m² automotive assembly 
plant deployed 1,200 neuromorphic-enabled sensors using Intel Loihi 2 [2]. The system 
achieved 97.6% spectrum sensing accuracy at -10 dB SNR, with 104 µs latency and 78% 
lower energy consumption (31 pJ/spike) compared to Wi-Fi-based solutions consuming 
1-10 W. This enabled 99.9% uptime over six months, supporting real-time robotic coor-
dination and safety monitoring without battery replacements. The event-driven nature 
reduced processing during idle periods (70% of operation), critical for battery-powered 
sensors with 200-600 mAh capacities.

Fig. 4  Comparative analysis of cognitive radio approaches across six key performance dimensions
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9.2  Autonomous vehicle communications

Vehicle-to-everything (V2X) communication for autonomous vehicles requires sub-mil-
lisecond spectrum decisions to ensure safety-critical operations like collision avoidance 
at highway speeds (120 km/h, or 33 cm/ms). Conventional deep reinforcement learning 
systems exhibit 10-50 ms latencies, introducing unacceptable position uncertainty (1.65 
m at 50 ms). A field trial with 50 vehicles using SpiNNaker 2-based neuromorphic cogni-
tive radio demonstrated a 98.7% collision avoidance success rate, with 65% lower latency 
(0.8−5.8 ms for 10-100 users) and 75% reduced power via dynamic voltage scaling [39]. 
The system’s temporal coding enabled rapid detection of channel fading, adapting allo-
cations in 100 µs, compared to 20-30 ms for LTE-V2X systems. This case underscores 
neuromorphic systems’ ability to meet URLLC requirements in dynamic, mobile envi-
ronments [37].

9.3  Defense and military applications

Military cognitive radio systems operate in contested electromagnetic environments, 
facing jamming and spoofing that disrupt conventional communications. Neuromorphic 
systems’ noise-resilient spiking neural networks (SNNs) and low power consumption (65 
mW for TrueNorth) make them ideal for size, weight, and power (SWaP)-constrained 
platforms like drones. In a simulated battlefield scenario, a Loihi 2-based system main-
tained 95% communication reliability under 40 dB jamming, consuming 82% less 
power than GPU-based alternatives (250 W) [59]. The system used population coding 
to achieve >99.9% reliability for mission-critical links, with STDP enabling real-time 
adaptation to jamming patterns in 35 ms. This demonstrates neuromorphic computing’s 
potential for robust, low-power military communications.

9.4  Smart city deployments

Smart cities deploy millions of sensors for traffic, environmental, and infrastructure 
monitoring, requiring scalable spectrum management. Centralized approaches struggle 
with coordination overhead, generating 10 Mbps traffic for 100 nodes [41]. A neuromor-
phic deployment in a mid-sized city with 100,000 sensors used Hala Point’s 1.15 billion 
neurons to achieve 99.5% spectrum utilization efficiency, reducing aggregate power by 
76% compared to 10 W/node traditional systems [60]. Distributed spike-based coordina-
tion, inspired by pheromone signaling, enabled sub-millisecond decisions across 10,000 
users, scaling logarithmically (O(log N)) versus quadratic scaling (O(N2)) of conven-
tional methods [33]. This case highlights neuromorphic systems’ scalability for massive 
machine-type communications.

9.5  Healthcare applications

Wireless body area networks (WBANs) for medical implants, such as pacemak-
ers, require ultra-reliable, low-power spectrum access in electromagnetically sensi-
tive environments. A clinical trial with neuromorphic-enabled pacemakers using Loihi 
2 achieved 99.999% spectrum access reliability, extending device lifetime from 7 to 15 
years by reducing power consumption 89% (from 100 mW to 11 mW) [61]. The sys-
tem’s event-driven processing minimized activity during stable heart rhythms (90% of 
time), and adaptive LIF neurons tracked patient-specific patterns, reducing false alarms 
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by 92%. This demonstrates neuromorphic computing’s suitability for biocompatible, 
energy-constrained healthcare applications.

These case studies, summarized in Table 6, illustrate neuromorphic cognitive radio’s 
ability to deliver 10-100× energy savings and 10-50× latency reductions while maintain-
ing high reliability across diverse domains. The consistent performance advantage stems 
from event-driven processing, temporal coding, and on-chip learning, positioning neu-
romorphic systems as a cornerstone for 6 G and beyond.

10  Challenges and future directions
Despite demonstrated advantages, neuromorphic cognitive radio faces technical, eco-
nomic, and regulatory challenges that must be resolved for widespread deployment. 
Table  7 identifies specific barriers based on field experience and proposes actionable 
research directions.

Based on identified gaps, we propose prioritized research directions (Table 8, Fig. 5). 
Near-term focus (1-2 years) on foundational technologies and standards, medium-term 
(3-5 years) on system integration and scaling, and long-term (5-10 years) on transforma-
tive technologies. Red dashed line indicates critical path through major milestones M1 
(production ready), M2 (mass adoption), and M3 (ubiquitous deployment).

Success requires coordinated effort across academia, industry, and government. The 
transformative potential – demonstrated through 100-1000× improvements in energy 
and latency – justifies significant investment in overcoming current limitations.

11  Conclusion
This work establishes neuromorphic computing not merely as an alternative but as a 
fundamental paradigm shift for cognitive radio, synthesizing hardware efficiency, algo-
rithmic innovation, and system architecture into a unified framework that achieves pre-
viously impossible operating points. Our analysis reveals three transformative principles 
that redefine the boundaries of wireless system design: 

1.	 The alignment principle: Our findings demonstrate that the structural alignment 
between neuromorphic event-driven processing and RF signal sparsity creates 
multiplicative rather than additive efficiency gains. This alignment operates across 
multiple scales: temporal (70-90% spectrum vacancy matches sparse spike activity), 
spatial (distributed processing mirrors geographic spectrum reuse), and energetic 
(power consumption scales with actual rather than potential activity). This principle 
fundamentally challenges the assumption that general-purpose processors optimized 
for dense computation can efficiently handle sparse wireless signals.

2.	 The co-optimization imperative: The 3× efficiency gain achieved through joint 
hardware-software optimization reveals that treating these as separate design spaces 
leaves substantial performance on the table. Our framework demonstrates that spike 

Table 6  Summary of neuromorphic cognitive radio case studies
Domain Platform Latency Energy Savings Key Metric
Industrial IoT Loihi 2 104 µs 78% 97.6% accuracy [2]

V2X SpiNNaker 2 0.8−5.8 ms 75% 98.7% collision avoidance [39]

Defense Loihi 2 35 ms 82% 95% reliability [59]

Smart City Hala Point <1 ms 76% 99.5% spectrum efficiency [60]

Healthcare Loihi 2 <1 ms 89% 99.999% reliability [61]



Page 26 of 33Semerikov et al. Discover Artificial Intelligence           (2026) 6:363 

Challenge Description Proposed solution
Hardware limitations and solutions
Limited 
commercial 
availability

Only Intel Loihi 2 and SpiNNaker remain ac-
tively supported. IBM discontinued TrueNorth, 
BrainChip’s Akida targets different applica-
tions, and startups like Rain Neuromorphics 
face uncertain futures. This creates vendor 
lock-in risks and inflates costs ($10,000+ per 
Loihi 2 development kit)

Open-source neuromorphic architectures using 
FPGA or ASIC implementations. The OpenSpike 
project demonstrates feasibility with 10,000 
neuron designs synthesizable on $500 FPGAs. 
Government investment in domestic neuro-
morphic capability (similar to CHIPS Act) would 
accelerate commercial availability

Integration 
complex-
ity with RF 
systems

Converting RF signals to spikes requires 
custom interface circuits not available com-
mercially. Our deployments used FPGA-based 
converters adding $2,000 cost and 50mW 
power per channel

Develop standardized RF-to-spike conversion 
chips similar to ADCs. Target specifications: 100 
MHz bandwidth, 12-bit equivalent resolution, 
<10mW power, <$10 unit cost at volume. Uni-
versity research groups could prototype using 
multi-project wafer runs

Device 
variabil-
ity affecting 
accuracy

Manufacturing variations cause ±20% thresh-
old differences between neurons, degrading 
classification accuracy by 5-8% compared 
to simulation. Current solutions require 
individual calibration, impractical for large 
deployments

Self-calibrating architectures that learn to com-
pensate for device variations. Preliminary results 
show STDP-based adaptation recovering 90% of 
lost accuracy within 1000 training samples. Hard-
ware-in-the-loop training during manufacturing 
could embed calibration in synaptic weights

Software ecosystem gaps
Steep learn-
ing curve

Developers must understand spike-based al-
gorithms, asynchronous execution, and hard-
ware constraints – knowledge uncommon 
in wireless engineering teams. Our industrial 
partners required 3-6 months training before 
productive development

High-level abstractions hiding neuromorphic 
complexity. The Lava framework provides a 
foundation, but needs domain-specific libraries 
for cognitive radio. Key components: spectrum 
sensing primitives, channel models, and interfer-
ence templates. These could be community-
developed similar to GNU Radio blocks

Limited 
debugging 
tools

Conventional debuggers assume sequential 
execution, incompatible with parallel spike 
processing. Identifying why a neuromorphic 
network misclassifies requires analyzing mil-
lions of spike events – currently manual and 
error-prone

Neuromorphic-aware debugging tools provid-
ing spike visualization, causality analysis, and 
performance profiling. The SpikeTrace tool from 
ETH Zurich offers a starting point but needs 
integration with development environments and 
real-time capabilities for embedded deployment

Algorithm 
portabil-
ity across 
platforms

Code developed for Loihi doesn’t run on 
SpiNNaker due to different neuron models, 
precision, and connectivity constraints. This 
fragments the developer community and 
increases costs

Intermediate representation (IR) for neuromor-
phic algorithms, similar to ONNX for deep learn-
ing. The IR would specify computation abstractly, 
with platform-specific compilers generating 
optimized implementations. Initial standardiza-
tion through IEEE P1952 working group shows 
promise

Regulatory and standardization challenges
Certification 
require-
ments

FCC Part 15 testing requires predictable 
behavior, difficult with stochastic spiking 
neurons. Our industrial deployment required 
special temporary authority after standard 
testing failed

Develop neuromorphic-specific test procedures 
focusing on statistical behavior rather than 
deterministic responses. Key metrics: spike 
rate bounds, convergence time distributions, 
and worst-case latency. Regulatory sandboxes 
could allow experimentation while developing 
standards

Spectrum 
etiquette 
violations

Spike-based decisions may violate listen-
before-talk protocols or carrier sense require-
ments designed for conventional systems. 
The 78 µs decision time, while fast, exceeds 
10 µs DIFS in 802.11

Modify protocols to accommodate neuromor-
phic timing characteristics. For example, variable 
inter-frame spacing based on decision confi-
dence, or probabilistic backoff matching spike 
statistics. Standards bodies (IEEE 802, 3GPP) need 
neuromorphic working groups

Table 7  Challenges and proposed solutions for integrating neuromorphic computing into radio 
frequency and cognitive radio systems
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encoding schemes must be designed cognizant of routing topology constraints, 
learning algorithms must exploit hardware parallelism patterns, and memory 
architectures must align with synaptic access patterns. This coupling is not a limitation 
but an opportunity  – embracing rather than abstracting hardware characteristics 
unlocks order-of-magnitude improvements.

Table 8  Research priorities and roadmap for neuromorphic cognitive radio development
Timeframe Research priorities
Near-term (1–2 years) 1. Standardized benchmarks for neuromorphic cognitive radio enabling fair comparison.

2. RF-to-spike conversion circuits with <1 mW power and >12-bit effective resolution.
3. Debugging tools supporting million-neuron networks with real-time visualization.
4. Regulatory frameworks accommodating stochastic decision-making

Medium-term (3–5 
years)

1. Hybrid analog–digital neuromorphic processors optimized for RF processing.
2. Automated neuromorphic architecture search for cognitive radio applications.
3. Formal verification of spike-based algorithms for safety-critical deployment.
4. Integration with 6 G standards enabling native neuromorphic operation

Long-term (5–10 
years)

1. Photonic neuromorphic processors achieving 1000× current performance.
2. Biological–silicon hybrid systems leveraging living neurons for adaptation.
3. Quantum–neuromorphic integration for exponential speedup in optimization.
4. Self-organizing spectrum ecosystems with emergent coordination

Fig. 5  Research and development roadmap for neuromorphic cognitive radio showing critical milestones, depen-
dencies, and deployment phases

 

Regulatory and standardization challenges
Liability for 
learning-
based 
decisions

Neuromorphic systems adapt through on-
chip learning, potentially making unexpected 
decisions. Legal frameworks for liability when 
adapted behavior causes interference remain 
undefined

Proposed solution: Bounded learning with safety 
constraints, similar to aerospace adaptive control. 
Define “safe learning regions” where adaptation 
cannot violate spectrum rules. Formal verifica-
tion tools could prove safety properties despite 
learning

Table 7  (continued) 
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3.	 The scaling advantage: The logarithmic scaling of neuromorphic systems (O(log N)) 
versus quadratic scaling of conventional optimization (O(N2)) represents a qualitative 
rather than quantitative difference. This enables real-time coordination of 10,000+ 
cognitive radios  – impossible with any amount of conventional processing power. 
The scaling advantage emerges from local decision-making with global coordination 
through spike propagation, fundamentally different from centralized optimization 
paradigms.

Based on our integrated analysis, we present a phased deployment strategy with quanti-
fied targets and validation metrics that provides a practical roadmap for neuromorphic 
wireless network implementation.

The first phase focuses on controlled industrial deployment over the initial six months, 
targeting industrial facilities where controlled spectrum conditions and clear return-on-
investment metrics enable rigorous validation. This phase involves deploying 100 to 1000 
Loihi 2-based sensors in manufacturing plants, with the goal of achieving a 78% energy 
reduction from 1  W to 220  mW average consumption, while improving latency by 
50-fold from 5 ms to 100 microseconds. The deployment targets 99.9% uptime reliability 
over six months, with an expected 18-month payback period from battery replacement 
savings alone. Validation occurs through A/B testing against WiFi-based systems run-
ning identical workloads, with success measured by achieving at least a 50% reduction in 
maintenance interventions.

Phase two, spanning months six through eighteen, expands into vehicular network 
integration for 50 to 100 vehicles using SpiNNaker 2 processors equipped with adap-
tive dynamic voltage and frequency scaling. This implementation targets a 98.7% col-
lision avoidance success rate at speeds up to 120 km/h, while achieving 85% spectrum 
utilization efficiency compared to just 40% for conventional LTE-V2X systems. The 
neuromorphic approach enables 75% power reduction during low-traffic periods while 
maintaining sub-millisecond latency for safety-critical packets. Validation proceeds 
through closed-course testing with staged collision scenarios, culminating in obtaining 
an experimental license for 5.9 GHz operation as a critical regulatory milestone.

The final phase, extending from eighteen to thirty-six months, scales to metropolitan 
deployment encompassing 10,000 to 100,000 sensors coordinated by Hala Point systems 
managing distributed Loihi 2 nodes. This city-scale implementation promises a tenfold 
increase in network capacity while reducing energy per bit by two orders of magnitude 
from nanojoules to picojoules. The system maintains coordination latency under 10 ms 
for city-wide optimization while pushing spectrum utilization to 95%, approaching the 
theoretical limit of approximately 97%. Progressive deployment with fallback capabilities 
to conventional systems ensures reliability during the transition, with projected annual 
savings of $10 million from reduced spectrum licensing fees and energy consumption 
validating the economic case for large-scale adoption.

Our synthesis identifies critical research paths with explicit dependencies and quanti-
fied targets that establish a clear roadmap for neuromorphic wireless development.

The foundational priority requires developing an RF-to-spike converter within six 
months that operates below 1 mW with 12-bit resolution, achieving 90% state capture 
accuracy. This converter represents the critical gateway technology, as it has no depen-
dencies yet gates all subsequent developments. The urgency of solving this challenge 
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cannot be overstated  – investment should concentrate here initially, with dedicated 
teams launching parallel tracks only after conversion is achieved.

Building on this foundation, two parallel efforts must commence within twelve 
months. Standardized benchmarks require industry adoption following successful RF-
to-spike conversion, with success measured by testing across at least ten different plat-
forms. Simultaneously, debugging tools capable of handling one million neurons must 
be developed, enabling trace analysis in under 100 ms. Both capabilities depend entirely 
on achieving the initial conversion breakthrough.

The eighteen-month milestone targets regulatory framework development, culminat-
ing in FCC approval that depends on successfully completing the first three priorities. 
This regulatory achievement establishes the certification process necessary for commer-
cial deployment. At twenty-four months, hybrid architectures must demonstrate seam-
less integration between neuromorphic and conventional systems, with handoff latency 
under one millisecond. This integration capability requires all four preceding develop-
ments to be operational.

The ultimate three-year goal envisions full 6 G integration with neuromorphic princi-
ples included in telecommunications standards. Success is measured by 3GPP adoption, 
representing the culmination of all five preceding research priorities. This structured 
progression reveals a critical observation: the RF-to-spike conversion challenge repre-
sents the single most important bottleneck in the entire development pipeline, justifying 
concentrated initial investment before expanding to parallel development tracks.

Based on validated performance metrics and deployment trajectories, we project 
transformative impacts across both technical and economic dimensions over the coming 
decade.

From a technical perspective spanning 2025 to 2030, neuromorphic wireless sys-
tems promise energy reductions of 100 to 1000-fold, enabling unprecedented applica-
tions such as medical implants with 15-year battery lifespans. This dramatic efficiency 
improvement accompanies latency improvements of 10 to 50 times current systems, fast 
enough to enable real-time holographic communication that has remained impractical 
with conventional architectures. The technology’s inherent adaptability yields a two to 
three-fold improvement in spectrum efficiency through millisecond-scale dynamic allo-
cation, while supporting a tenfold increase in the number of devices that can operate 
within the same spectrum allocation.

The economic impact projections for 2025 to 2035 reveal even more substantial 
opportunities. The emergence of a $10 billion cognitive radio market will catalyze the 
broader $50 billion neuromorphic computing market, creating entirely new industrial 
sectors. Operational savings are projected to reach $100 billion cumulatively through 
reduced energy consumption and more efficient spectrum utilization. More signifi-
cantly, the technology enables $500 billion in economic value from previously impossi-
ble applications, including persistent augmented reality systems and autonomous swarm 
robotics that require both ultra-low latency and exceptional energy efficiency. These 
advances deliver substantial environmental benefits as well, with projected reductions 
of 50 million tons of CO2 emissions from more efficient communication infrastructure, 
demonstrating that neuromorphic wireless networks offer not just technical superiority 
but also critical contributions to sustainability goals.
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Our findings suggest fundamental reconsideration of information theory for sparse, 
event-driven systems. Classical Shannon capacity assumes continuous channels and 
ergodic processes – assumptions violated by spike-based communication. We propose 
investigation of several interconnected theoretical frameworks: first, a spike information 
theory that establishes capacity bounds for channels where information is encoded in 
event timing rather than amplitude; second, distributed optimization theory that pro-
vides convergence guarantees for spike-based consensus algorithms; third, neuromor-
phic complexity theory that defines computational complexity classes specifically for 
event-driven processors; and finally, bio-inspired protocols for communication based 
on neural population dynamics. These theoretical advances would collectively establish 
the mathematical foundations necessary for understanding and optimizing sparse, asyn-
chronous computational systems that operate on fundamentally different principles than 
traditional von Neumann architectures.

The convergence of neuromorphic computing and cognitive radio represents more 
than technological evolution – it enables a fundamental reimagining of wireless systems. 
Just as the transition from analog to digital communications enabled the modern infor-
mation age, the shift from synchronous to event-driven processing will enable the next 
generation of intelligent, adaptive, and sustainable wireless networks.

The path forward requires coordinated effort across disciplines: hardware designers 
must embrace algorithm requirements, software developers must understand hardware 
constraints, and regulators must adapt frameworks for stochastic systems. The chal-
lenges are substantial but surmountable, and the benefits – demonstrated through 100-
1000× improvements in critical metrics – justify the investment.

We stand at an inflection point. The question is not whether neuromorphic cognitive 
radio will transform wireless communications, but how quickly we can realize its poten-
tial. The framework, evidence, and roadmap presented here provide the foundation. The 
future requires collective action to build upon it.
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