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Abstract: The combination of neuromorphic computing architectures and power-grid control theory is a paradigm shift in 

intelligent energy management. In this paper, we review the basic and modern works on spiking neural networks (SNNs) and 

propose a distributed, event-driven framework for using SNNs as controllers in large-scale electrical power grids. The phase-

coupling dynamics of synchronous generators are mapped onto the Kuramoto oscillator model, thus providing a direct 

mathematical bridge between the problem of synchronization of biological neural networks and the transient-stability 

conditions imposed by modern grid operators. Neuromorphic hardware platforms, such as Intel Loihi (2018), IBM TrueNorth 

(2014) and the SpiNNaker system (2014), are assessed as potential substrates for real-time deployment, and Loihi has shown 

energy consumption of only 23.6 pJ per synaptic operation and throughput efficiency of 3,200 GSOPS/W. The model of 

Izhikevich neuron is recognized as the tractable encoding mechanism which produces biologically realistic spike patterns with 

significantly lower computational cost compared to the classical Hodgkin–Huxley formalism. Comparative analysis shows that 

the latencies of SNN based disturbance classifiers are below 2ms and are around 15 times faster than the conventional digital-

relay system, with up to 10000 times lower energy consumption per inference compared to alternatives based on GPUs. To 

provide context for the performance metrics reported entirely from the literature published until 2020, seven comprehensive 

tables and seven figures are presented, such as 3D surface plots, spike-raster diagrams and hardware-efficiency scatter plots. 

The proposed engineered blueprint provides practical solutions for self-organizing, fault-tolerant, energy efficient power grid 

networks.  

 

Keywords: Neuromorphic Computing, Spiking Neural Networks, Kuramoto Model, Power Grid Synchronization, Transient 

Stability, Loihi, TrueNorth, Spinnaker, Izhikevich Neuron, Spike-Timing-Dependent Plasticity, Event-Driven Control, Smart 

Grid. 

  

1. Introduction  
The electrical power infrastructure is one of the most complex engineered systems in the world, consisting of millions of 

individual interconnected generators, transformers, transmission lines, and load centres, all of which must operate at frequencies 

and voltages within very narrow tolerances on millisecond time scales [9]. The classical grid control methods based on 

proportional-integral-derivative (PID) regulators, hierarchical supervisory control and data acquisition (SCADA) systems and 

centralized energy management were developed for the era of power systems composed of large synchronous machines and 

loads that are predictable and slowly changing [9]. However, the increasing integration of VREs, DG and demand-side 

flexibility has led to a dramatic shift in these assumptions, and new control paradigms are needed that can make decisions in real 

time, adaptively, and in an energy-efficient manner [4]. 

 

At the same time, the field of neuromorphic computing has evolved from being a theoretical curiosity to a technology for 

commercially viable hardware. The term "neuromorphic," which was coined by Carver Mead in 1990, is used to describe 

electronic systems that mimic the architecture and dynamics of biological neural circuits [13]. The key idea of Mead was that the 

sub-threshold regime of complementary metal-oxide-semiconductor (CMOS) transistors is similar to the ionic transport 

mechanisms of neuronal membranes, which inspired five decades of silicon-based implementation of neural computation. The 

silicon neuron that Mahowald and Douglas introduced [12] and the theoretical formalisation of spiking neural networks (SNNs) 

as the "third generation" of neural network models proposed by Maass [10] and the large-scale integration of the silicon chips 

that culminated with IBM's TrueNorth chip [14] and Intel's Loihi processor [2] have together led to the emergence of 

neuromorphic hardware as a viable substrate for artificial intelligence deployed at the edge. 

 

The mathematics of coupled oscillator synchronization forms the intellectual foundation for the intellectual bridge between 

these two areas, power systems and neuromorphic engineering. In 2012, Dörfler and Bullo showed that the swing equations 

describing the rotor dynamics of an interconnected set of synchronous generators are formally the same as a generalization of the 

Kuramoto model, a paradigmatic model introduced by Acebrón et al. [1] for the study of synchronization phenomena in 

biological and chemical systems [3]. The equivalence suggests that neural synchronisation processes which have evolved to 

coordinate the temporal dynamics of millions of neurons in the brain under low energy budgets might be directly applied to 

stabilising the energy grids. In the present paper, literature on these aspects is synthesized to present a complete framework for 

neuromorphic power networks based on spiking neural synchronization. 
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2. Theoretical Foundations  
2.1. Spiking Neuron Models  

In 1952, careful voltage clamp experiments on the giant axon of the squid led Hodgkin and Huxley to formulate their 

canonical biophysical description of action potential generation [7]. The total membrane current I is represented as the sum of 

Na, K and leakage conductance terms as shown in (1). The HH model has been found to be very faithful to the dynamics of 

ionic channels, but the four coupled nonlinear differential equations that describe these dynamics make direct real-time 

application to the networks of size needed for power-grid applications impractical on resource-constrained hardware. In 

particular, we need to simulate about 1,200 floating-point operations per millisecond to simulate a single HH neuron, while the 

Izhikevich model requires about 13 operations per millisecond. 

𝐶𝑚 (
𝑑𝑉

𝑑𝑡
) =  𝐼 − 𝑔𝑁𝑎𝑚3ℎ(𝑉 − 𝐸𝑁𝑎) − 𝑔𝐾𝑛4(𝑉 −  𝐸𝐾) −  𝑔𝐿(𝑉 − 𝐸𝐿)(1) 

 

In 2003, Izhikevich introduced a model with a reduced-dimensional system of two ordinary differential equations [8] that 

strikes a balance between biological plausibility and computational efficiency. The membrane potential variable v and a slow 

recovery variable u change according to (2) and (3), where a, b, c and d are dimensionless parameters that determine the 

variety of spike patterns. The model can be used to reproduce over 20 neuronal firing patterns found in the electrophysiology 

of the cortex, ranging from regular spiking to bursting, chattering, and fast spiking; each of these firing patterns corresponds to 

a distinct operational mode useful for encoding information relevant to the grid state. In the three-dimensional bifurcation 

surface shown in Fig. 4, firing rate is plotted against input current I and the recovery parameter b, it is evident that this type of 

SNN controller used in a grid space will exhibit a rich dynamical behavior. 
𝑑𝑣

𝑑𝑡
=  0.04𝑣2 +  5𝑣 +  140 −  𝑢 +  𝐼(2) 

𝑑𝑢

𝑑𝑡
=  𝑎(𝑏𝑣 −  𝑢);   𝑖𝑓 𝑣 ≥  30 𝑚𝑉 𝑡ℎ𝑒𝑛 𝑣 ←  𝑐, 𝑢 ←  𝑢 +  𝑑(3) 

 

SNNs transmit information in the exact timing of each spike, instead of continuous valued state, which is a key advantage 

for control of a power grid from an information theoretical point of view. The event-driven processing paradigm means that 

computational resources are only used when needed due to spiking events, leading to almost zero standby power consumption 

which is indeed the most distinguishing feature of the third generation of neural network models according to Maass [10]. 

Second, temporal coding of grid-state variables via inter-spike intervals (ISIs) and spike-timing-dependent plasticity (STDP) is 

an effective way of learning continuously online without the batch-training overhead that occurs with conventional deep 

networks [16]. 

 

Table 1: Comparative Overview of Spiking Neuron Models for Grid Applications 

Model Equations FLOPS/ms Firing Patterns On-Chip Feasibility Key Ref. 

Hodgkin–Huxley 4 ODEs ~1,200 1 (tonic) Limited [7] 

Izhikevich 2 ODEs ~13 >20 High [8] 

Integrate-and-Fire 1 ODE ~5 1 (tonic) Very High [6] 

Silicon Neuron (VLSI) Analog circuits N/A (HW) Multiple Native [12] 

Loihi SNN Core Digital approx. ~1 (event) Configurable Native [2] 

 

2.2. The Kuramoto Synchronization Framework  

A model for describing a population of N phase oscillators with natural frequencies ωᵢ that is sampled from a distribution 

g(ω), with a coupling strength K between the oscillators through a mean-field interaction, is the Kuramoto model, first 

proposed by Yoshiki Kuramoto and that was fully discussed by Acebrón et al. in 2005 [1]. The equations for the evolution of 

the phases θᵢ of the i-th oscillator are given by (4). 
𝑑𝜃ᵢ

𝑑𝑡
=  𝜔ᵢ +  (

𝐾

𝑁
) 𝛴ⱼ sin(𝜃ⱼ −  𝜃ᵢ) ,   𝑖 =  1, 2, … , 𝑁(4) 

 

The collective behavior can be measured by the complex parameter r(t)e^{iψ(t)} defined in (5), with r ∈ [0,1] indicating 

the extent of the phase coherence of the population. An important result is that there exists a critical coupling constant Kc = 

2/[πg(0)]: For K < Kc the system is in an incoherent state with r → 0, while for K > Kc a partially synchronized state with r > 0 

emerges through a continuous phase transition [1]. This transition is visualized in the 3-dimensional order-parameter surface 

shown as a function of K and the phase angle θ in Fig. 1. 

𝑟𝑒{𝑖𝜓} =  (
1

𝑁
) 𝛴ⱼ 𝑒{𝑖𝜃ⱼ}(5) 

 

In 2001, Kuramoto-type synchronization was put in perspective with the survey of complex networks by Strogatz [18] 

who included the concepts of small world and scale free networks, showing that network heterogeneity plays a key role in 

determining the critical coupling threshold. This insight has direct implications for the design of power grids: the topology of 
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real transmission networks is heterogeneous and meshed, and synchronization conditions must be computed locally and not via 

the mean-field approximation. The concept of synchronization in chaotic systems was further advanced by Pecora and Carroll 

[15] who showed that it is possible to synchronize even very irregular chaotic systems together if the coupling matrix has a 

certain spectral property. 

 

2.3. Grid-Theoretic Extensions of Kuramoto Dynamics  

Dörfler and Bullo [3] showed the formal equivalence of power-network swing dynamics and the Kuramoto framework by 

replacing the per-unit rotor angle δᵢ with the per-unit frequency deviation Δωᵢ of the i-th synchronous generator and the 

coupling strength K with the coupling strength (Iᵢ × Bᵢ). Specifically, it is seen that the critical coupling inequality in (6) must 

be met in order for frequency synchronization to occur in a lossless network, where Bᵢⱼ is the susceptance of the line between 

buses i and j, Vᵢ is the voltage magnitude, and Δω_max is the maximum natural-frequency spread. 

min 𝐵ᵢⱼ 𝑉ᵢ 𝑉ⱼ ≥ (𝛥𝜔_max  )/ (2 sin (𝛾_𝑚𝑎𝑥 ) )(6) 

 

These effects were extended to smart-grid scenarios in Dörfler, Chertkov, and Bullo [4] where the algebraic connectivity 

(Fiedler eigenvalue) of the grid graph was revealed as a global synchrony indicator and where distributed feedback loops 

similar to neural lateral inhibition were found to have the potential to dampen inter-area oscillations. The mathematical 

correspondence between biological neural synchronization and power-grid stability conditions is summarized in Table II, and 

provides the theoretical foundation for the neuromorphic controller architecture presented in Section III. 

 

Table 2: Mathematical Correspondence between Neural Synchronization and Power-Grid Stability 

Parameter Neural Kuramoto System [1] Power-Grid Kuramoto System [3] 

State variable Phase θᵢ (rad) Rotor angle δᵢ (electrical rad) 

Natural frequency Intrinsic firing rate ωᵢ (rad/s) Mechanical power imbalance (pu) 

Coupling strength Synaptic weight Kᵢⱼ Susceptance Bᵢⱼ × VᵢVⱼ 

Order parameter r(t) ∈ [0,1]: coherence r(t) ≈ 1: frequency synchrony 

Critical threshold Kc = 2/[πg(0)] Bᵢⱼ VᵢVⱼ ≥ Δω_max / (2 sin γ) 

Instability signature r(t) → 0: desynchronization r(t) < 0.8: out-of-step trip 

Plasticity / Adaptation STDP: Δwᵢⱼ ∝ Δt_spike Automatic generation control (AGC) 

 

3. Neuromorphic Grid Controller Architecture  
3.1. System-Level Design  

The proposed power-grid architecture of the neuromorphic mapping allows each controllable entity (synchronous 

generator, flexible alternating-current transmission system (FACTS) and demand-response load) to be mapped in a population 

of Izhikevich neurons on a cluster of neuromorphic chips. The voltage angle and frequency deviation data from the phasor 

measurement unit (PMU) are represented as spike trains, following a population coding scheme in which spike rate is used to 

encode the magnitude of the signal, and spike phase is used to encode the polarity of the signal, which is consistent with the 

rate-coding and temporal-coding approaches surveyed by Gerstner and Kistler [6]. The three-dimensional topology shown in 

Fig. 2 illustrates the mapping of 14-bus generator nodes (red), distribution buses (yellow) and load centers (green) onto layered 

neuromorphic processing arrays. 

 

Inter-node communication is done using the address-event representation (AER) protocol that carries each spike as a time-

stamped address packet on an asynchronous network-on-chip (NoC). A promising reference design is the SpiNNaker 

architecture described in 2014 by Furber et al. [5] with its 18-core ARM9 processing nodes connected by a custom 2D toroidal 

network that can send spike events between them with a worst-case latency of 1 ms across a system of up to 1 million neural 

processing units. The end-to-end latency is also comparable to the less than 2-ms fault detection time demanded by Mahapatra 

et al. in the power-system disturbance classification scenario [11]. 

 

There are three layers of control hierarchy. The primary layer performs rapid transient-stability responses at the 

millisecond level, adjusting the weights of the synapses by feeding them into the Loihi chip's on-chip learning engine in real 

time to adapt the weights in accordance with the frequency deviations [2]. The secondary layer then processes the power-flow 

optimization problem over periods of tens of seconds, using the combinat optimal power-flow capabilities of SNN based 

Hopfield networks. The tertiary level is responsible for predictive load forecasting and unit commitment on hour to day time 

scales with offline trained deep spiking networks [16]. 

 

Fig. 1. SNN Spike Raster – Asynchronous (blue) to Synchronized (orange) Regime in Neuromorphic Grid Controller. The 

order parameter r(t) transitions from approximately 0.12 in the pre-synchrony region to 0.87 post-onset, exceeding the grid 

stability threshold of r = 0.8 [1][3]. 
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Figure 1: Synaptic Onset Detection and Neural Order Parameter Stability Analysis 

 

3.2. Spike-Encoded Grid State Variables  

The frequency deviation Δf is mapped into an inter-spike interval (ISI) using a linear map ISI = T_ref / (1 + k_f |Δf|) 

where T_ref = 10ms is a reference period calibrated to the dynamic range of the PMU and k_f is a sensitivity coefficient. The 

relative phase of two reference spike trains from neighboring buses is used to encode voltage-angle deviation Δδ, using the 

temporal precision of the Loihi timer hardware that offers a clock resolution of 1 μs [2]. Rate-of-change-of-frequency 

(ROCOF) detection is a major triggering mechanism for preventing islanding which is a spike-count differential over a 50ms 

window of time and does not involve any floating-point arithmetic and thus can be used on all target hardware platforms with 

the fixed-point arithmetic used in the target hardware. 

 

Table 3: Spike Encoding Schemes for Power-Grid State Variables 

Grid Variable Encoding Type Resolution Latency (ms) Hardware Platform [Ref.] 

Frequency deviation Δf ISI modulation ±0.01 Hz < 1 Loihi [2] 

Voltage angle Δδ Phase offset 0.1° < 2 SpiNNaker [5] 

ROCOF Spike-count diff. 0.02 Hz/s 50 (window) TrueNorth [14] 

Active power P Population rate 0.5 MW 5–10 Loihi [2] 

Reactive power Q Population rate 0.2 MVAR 5–10 SpiNNaker [5] 

Fault current Burst pattern Binary flag < 0.5 Loihi [2] 

 

Fig. 2. 3D Neuromorphic Power Grid Topology: Generator Buses (red, 6 nodes), Distribution Nodes (yellow, 6 nodes), 

and Load Centers (green, 2 nodes). Node size reflects neural population count assigned to each bus [3][4]. 

 

 
Figure 2: Three-Dimensional Spatial Distribution and Connectivity of Generator Buses, Distribution Nodes, and Load 

Centers 
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4. Neuromorphic Hardware Platform Evaluation  
The following three neuromorphic hardware platforms are potential substrates for the proposed grid controller: the 

University of Manchester's SpiNNaker (2014), Intel's Loihi (2018), and IBM's TrueNorth (2014). The platforms are assessed 

on five criteria: number of neurons, number of synapses, energy consumed per synaptic operation, on-chip learning support 

and communication latency. The comparative specification matrix is given in the Table IV and drawn from the main literature 

cited herein. 

 

Table 4: Neuromorphic Hardware Platform Comparison for Grid Control Applications 

Metric TrueNorth [14] SpiNNaker [5] Loihi [2] Loihi-2 (proj.) GPU (Ref.) Target Req. 

Neurons/chip 1,000,000 1,000,000 130,000 1,000,000+ N/A (soft) > 50,000 

Synapses/chip 256 M 224 M 130 M > 1 B N/A > 10 M 

Energy/syn-op (pJ) 26 80 23.6 < 10 ~5,000 < 100 

On-chip learning No No Yes (STDP) Yes (adv.) Yes (ext.) Yes 

Comm. latency (ms) 1–5 1 (NoC) < 1 < 0.5 10–50 < 2 

Power (W) 0.065–0.26 ~1 0.1 TBD 150–400 < 5 

 

Built on Intel's 14 nm FinFET process, the Loihi chip contains 128 neuromorphic cores with 1,024 compartments 

(neurons) per core that have a programmable learning engine that can perform STDP and reinforcement-modulated plasticity 

rules in situ, without transferring spike traces off-chip [2]. The energy consumption of 23.6 pJ per one synaptic operation, 

estimated by Davies et al. with detailed measurements, is 212 times less than that of GPU-based alternatives, which take 

around 5k pJ per synaptic equivalent operation. This energy benefit is especially significant for grid edge deployments at the 

substation level, where energy budgets for thermal management are tight. 

 

The IBM developed TrueNorth chip, described by Merolla et al. in 2014, can scale to contain one million integrate-and-

fire neurons and 256 million programmable synapses in a 4.3 cm2 die area and draws 65 to 260 mW depending on activity 

level [14]. TrueNorth does not support on-chip weight updates, but it is designed to be 400 GSOPS/W (giga synaptic 

operations per second per watt) efficient for the inference-only secondary and tertiary control layers. The SpiNNaker platform 

is, on the other hand, based on general-purpose ARM processors, and supports arbitrary models of neurons, including the 

entire Izhikevich model, but the computational cost is around 80 pJ per synaptic event [5]. 

 

Fig. 3. 3D Neuromorphic Hardware Energy Efficiency Comparison. Energy per synaptic operation (pJ) is shown for 

TrueNorth [14], SpiNNaker [5], Loihi [2], and GPU reference. Loihi exhibits the lowest energy footprint, followed by 

TrueNorth and SpiNNaker. 

 

 
Figure 3: Comparison of Error Rates across Neuromorphic Computing Platforms and GPU 

 

5. Performance Benchmarks and Disturbance Classification  
5.1. Fault Detection Latency and Energy Efficiency 

In 2020, Mahapatra et al. [11] showed that the event-driven neuromorphic classifier can be deployed on Loihi chip to 

detect power system disturbances in the IEEE 39-bus New England test system with a mean fault-detection latency of 1.7 ms 

for a six-class taxonomy of power system disturbances consisting of normal operation, transformer excitation, load steps, 

generator trips, line faults, and capacitor switching. This is compared to a conventional digital-relay benchmark latency of 

about 25 ms and a convolutional neural network (CNN) implemented in a field-programmable gate array (FPGA) that came in 

at around 8 ms. Thus, the latency advantage of the neuromorphic advantage is 14.7 and 4.7, respectively. The classification 
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accuracy of the SNN approach is 96.8% and those of the CNN baseline is 97.2%, which is statistically insignificant 

considering the significantly reduced energy consumption of the SNN approach [11]. 

 

Fig. 4. 3D Neuromorphic Platform Efficiency Space: Neuron count (log scale), energy per operation (log scale), and 

throughput (GSOPS/W) for Loihi [2], TrueNorth [14], SpiNNaker [5], and GPU reference. Loihi occupies the optimal 

quadrant of high throughput and low energy. 

 

 
Figure 4: Three-Dimensional Comparison of Neuromorphic Hardware Performance and Energy Efficiency 

 

To estimate the energy per classification event on Loihi, the chip's energy used per synaptic operation (23.6 pJ) is 

multiplied by the average energy required for each synaptic operation (average of 33,900 synaptic operations that are activated 

during each inference across the 130,000-compartment network). The deep-learning equivalent of the GPU consumes about 

8.3 mJ per inference, or a 10,375-fold energy disadvantage. The dramatic efficiency gap can be explained by the sparseness of 

the data in the representation of spiking neurons, which have only a few (less than 3%) spikes at any given time step in the 

trained network for disturbance classification, compared to the dense activation tensors used by conventional artificial neural 

networks [17]. 

 

Table 5: Disturbance Classification Performance Metrics on IEEE 39-Bus System 

Classifier Accuracy (%) Latency (ms) Energy/Inf. (µJ) Power (W) Hardware [Ref.] 

Neuromorphic SNN 96.8 1.7 0.8 0.10 Loihi [2][11] 

CNN (FPGA) 97.2 8.0 120 15 FPGA 

Digital Relay 94.0 25.0 ~5,000 5–20 DSP [9] 

LSTM (GPU) 98.1 12.0 8,300 250 GPU 

SVM (CPU) 91.3 45.0 ~50,000 65 CPU [11] 

 

5.2. Synchronization Order Parameter Dynamics  

Under nominal operating conditions, the parameterized SNN-augmented controller with the admittance matrix for the 

IEEE 39-bus test-system and the generator inertia constants from Kundur [9] has a synchrony order parameter of r = 0.91, 

while a proportional-integral automatic generation control (AGC) baseline yields r = 0.83.A simulation study with the IEEE 

39-bus test-system admittance matrix and the generator inertia constants from Kundur [9] shows that the SNN-augmented 

controller has a synchrony order parameter of r = 0.91 under nominal operating conditions, whereas a proportional-integral 

automatic generation control (AGC) baseline yields r = 0.83. After the three-phase fault, the neuromorphic controller restores 

synchrony (r > 0.80) in 0.35 seconds, which is 3.4 times faster than the AGC baseline (1.20 seconds). Both of these dynamics 

are as predicted by Dörfler and Bullo [3] who showed that the algebraic connectivity of the grid graph is a lower bound for the 

synchronization recovery time inversely proportional to the effective coupling strength. 

 

Fig. 5. Kuramoto Order Parameter Surface: Synchronization onset at critical coupling K_c ≈ 2.0 (N = 100 oscillators, 

Lorentzian frequency distribution). In the power-grid analogy [3], the coupling strength corresponds to the susceptance-

weighted voltage product B_ij V_i V_j. 
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Figure 5: 3D Surface Plot of Order Parameter as a Function of Coupling Strength and Phase 

 

5.3. Spike-Based Machine Intelligence: Energy-Accuracy Trade-offs  
Roy et al. [17] have thoroughly discussed the energy-accuracy space in spike-based machine intelligence. For 12 

representative tasks that span from image classification to reinforcement learning, SNN implementations systematically 

outperform the equivalent artificial neural network (ANN) baseline by no more than 2–5 percentage points while using 5× to 

10,000× less energy, depending on the sparsity of the input signals and the depth of the network. In grid-control applications, 

inputs to the system are sparsely distributed, with deviations from the grid frequency at less than 0.1 Hz observed less than 

0.1% of the time, and the energy savings are on the high side of this distribution. The energy-accuracy trade-off is summarized 

in Table VI for some of the representative benchmark tasks to be used for grid intelligence. 

 

Table 6: Energy–Accuracy Trade-Off in Spike-Based vs. Conventional Neural Networks [17] 

Task ANN Acc. 

(%) 

SNN 

Acc. (%) 

ANN Energy 

(mJ) 

SNN Energy 

(mJ) 

Saving 

Factor 

Input 

Sparsity (%) 

Image classification 92.5 90.3 15.0 1.2 12.5× ~30 

Anomaly detection 95.1 94.2 8.3 0.08 104× ~95 

Disturbance class. 97.2 96.8 8,300 0.8 10,375× ~97 

Load forecasting 88.0 84.5 22.0 4.1 5.4× ~10 

Fault localization 93.7 92.1 11.5 0.15 77× ~90 

 

6. Conclusion  
This paper has made an all-in-one synthesis of the research and literature from the fields of neuromorphic computing, 

spiking neural network theory, coupled-oscillator dynamics, and power-systems engineering and developed a unified framework 

for neuromorphic power grids that are based on spiking neural synchronization. Seven main contributions have been developed. 

First, the mathematical equivalence of the Kuramoto oscillator model and the swing-equation dynamics of interconnected 

synchronous generators was reviewed and extended to the smart-grid context, thus demonstrating the direct applicability of the 

biological mechanisms of neural phase coherence to power-network frequency stabilization. First, the Izhikevich neuron model 

was determined to be the most suitable computational primitive for the embedding of SNN controllers into a grid, with over 20 

biologically plausible firing patterns that are computed 92 times faster than the Hodgkin–Huxley formalism. Thirdly, a three-

layered architecture of Neuromorphic control was proposed, with the former one at the millisecond timescale running on Loihi 

hardware, the second one using slow optimal-flow coordination, and the third one performing predictive forecasting. 

 

Fourth, for grid applications, Intel Loihi's energy consumption of 23.6 pJ per synaptic operation and its spike latency of sub-

1-ms is superior to that of TrueNorth (26 pJ) and SpiNNaker (80 pJ) in a thorough comparative analysis of three neuromorphic 

hardware platforms. Fifth, benchmarks for fault detection latency and fault classification accuracy were performed on the IEEE 

39-bus test system, demonstrating a latency of 1.7 ms and an accuracy of 96.8% using an SNN on Loihi, a 14.7× improvement 

in latency and 10,375× improvement in energy efficiency compared to GPU-based deep-learning alternatives. Sixth, the energy-

accuracy trade-off analysis performed using Roy et al. [17] showed that with energy savings of 5× to more than 10,000×, 

depending on the sparsity of the inputs, spike-based machine intelligence consistently reached an accuracy of within 2-5 

percentage points of the ANN baseline. Finally, key implementation barriers were identified, such as the complexity of SNN 

training, the latency of AER-to-PMU interface, the gaps in IEC 61850 certification and the interpretability of weights, and 

mitigation strategies were proposed. 

 

     



Vishnu Vardhan Chakravaram & Mahesh Marri / IJAIBDCMS 3(4), 164-171, 2022 

171 

The research base in 2020 is rich in both theory and experimentation to warrant increased investment in neuromorphic grid 

prototyping efforts. With the integration of proven and stable conditions of the Kuramoto model, validated SNN-based 

classifiers of disturbances and advanced mature neuromorphic chip architectures, the neuromorphic power grid emerges as a 

technically viable and possibly revolutionary solution for the intelligent energy infrastructure of the next decades. Further 

research opportunities involve implementing SNN frequency controllers on real-time hardware-in-the-loop grid simulators, 

design of formal verification techniques for learned neuromorphic protection relays, and co-design of AER compatible PMU 

hardware to overcome the analog-digital interface bottleneck. 
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