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Why is Autonomy Shifting from Centralized to Distributed ? 

ÅCentralized vs. distributed 

autonomy

ÅLimitations of cloud-centric AI

ÅReal-world examples where 

distributed autonomy is essential

ÅMulti-robot systems

ÅSmart mobility

ÅEnvironmental sensing networks
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Architectural Principles of Distributed Autonomous Systems

ÅLocal perception and 

decision-making

ÅPeer-to-peer coordination

ÅEmergent collective 

behavior

ÅRobustness and scalability
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Å SNN: synaptic weights 

and neuron behaviors 

usually are not fixed 

but evolve with 

timing-dependent 

dynamics.

Å ANN:  The synaptic 

weights and neuron 

functions are static 

after training

Neuromorphic Computing

Serial computing, separated memory and 
computing unit, and digital information 
processing

In-memory computing, analog computing,
and parallel computing/

Transistors switch in nanoseconds Neurons switch in  milliseconds



Neuromorphic Computing
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SNNs operate only when events occurðspecifically, when a neuron receives a spike, and 

its membrane potential crosses a threshold. This is fundamentally different from traditional 

neural networks, which process data continuously across all neurons.

Neuromorphic Computing
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ANNs process data in fixed time steps across all neurons, regardless of 

whether meaningful input is present.

SNNs only activate neurons when an input spike occursðcomputation 

is triggered by events, not time.

Č SNNs avoid unnecessary computation, saving energy.

Neuromorphic Computing
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Sparsity in Neural Networks

12/01/2022
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Illustration of sparsity in neural network

Å Only 0.5% to 2% of neurons in the neocortex are 

active at any time [Lennie 2003] 

Å Only 1% to 5% of connections exist between two 

connected layers in the neocortex and 30% of those 

connections change every few days [Holmgren 

2003]  
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¸ Learning rules based on STDP specify changes in synaptic strength depending on the 

time interval between each pair of presynaptic and postsynaptic events.

¸ If the presynaptic neuron fire before  
the postsynaptic neuron within a 
preceding 20ms, LTP occurs

¸ If the presynaptic neuron fire after  the 
postsynaptic neuron within the 
following 20ms, LTD occurs 

Neuron Learning & AER

Address-event 

representation (AER) 

protocol
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Low-power 3D-NoC-Baded Neuromorphic SoC 

Evaluation Result

Area analysis of a 

NASH node

Design complexity comparison of NASH and Baseline nodes
https://web-ext.u-aizu.ac.jp/misc/neuro-eng/nash.htm

Deployment on Aizu Hand and Anthropomorphic Robot
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Distributed Autonomy + Neuromorphic Intelligence
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Distributed Autonomy + Neuromorphic Intelligence

How neuromorphic principles enhance distributed agents

VEvent-Driven Computation

VSpiking Neural Networks 

(SNNs

VLocal Learning and 

Adaptation)

V Low-Power Hardware Integrator

V Scalable Decentralized 

Intelligence
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Applications and Case Studies

ÅRobotics and swarm 

intelligence

ÅRobotics and swarm 

intelligence

ÅEnvironmental monitoring

ÅSpace and planetary 

exploration

ÅDefense and security 

systems
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Real-World Deployment 1:  
Intelligent Off -Grid 

Energy Storage Powered 
by Distributed EV 

Autonomy
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Smart Solar Carport: Off-Grid Energy Storage with AI and EV

Vision and Motivation/РЅдрρ Ṑ

PVχ /PV 

power generation 

forecast

SOC /SOCof 
charge forecast

ІГ˔Єдрṑ /Station 
return prediction

/Charge/discharge

χ
С˔ϼ Ⱳ/When 
peak demand occurs

PV /PV 
Surplus

ϸ˔ЄϴϯзрϽ
/Car sharing demand forecast

ϸ˔ЄϴϯзрϽ
/Car sharing demand 

forecast

Renewable Energy
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Solar panels
Average efficiency: 
20ς22% efficient.

Store  & Record  harvested 

energy  amount

Cloud server

Battery management system

Upload data  to 

the cloud 

Inference server

Weather API
Transmit a) weather information in the 

past (used for model training) and b) 

future weather forecast (used for model 

inference)

Software tool for solar power 

generation prediction 

Read and transmit data

Predict the solar energy generation and 

display the result on the UI. 

System Overview 

Smart Solar Carport: Off-Grid Energy Storage with AI and EV

18benab@u-aizu.ac.jp



1. PVχ /PV power generation forecast

Workflow of solar energy generation prediction using cloud maps and numerical weather data. 

System Overview 

Smart Solar Carport: Off-Grid Energy Storage with AI and EV
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Workflow of solar energy generation prediction using cloud maps and numerical weather data. 

(1) Using past sequence of 
cloud maps to forecast future 
cloud maps (30 min, up to 2 
hours)

A sequence 
of cloud 
maps

(2) The predicted cloud map is an image, which 
needs to be converted to a vector. We use principle 
component analysis to extract key information from 
the cloud map and convert it into a vector.

(3) We collect weather data in 
numerical format, to be 
integrated with cloud map 
(already converted into 
vectors rather than image)

For cloud map: Japan Meteorological Agency, ñWeather Satellite Himawari,ò accessed Nov. 25, 2025, https://www.jma.go.jp/bosai/map.html

For weather data: Japan Meteorological Agency, ñHistorical weather data,ò accessed Nov. 25, 2025, https://www.data.jma.go.jp/risk/obsdl/index.php

Smart Solar Carport: Off-Grid Energy Storage with AI and EV
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2. EV Power Consumption Prediction

EV Power Consumption Prediction

System Overview 

EV discharge period

Smart Solar Carport: Off-Grid Energy Storage with AI and EV
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Smart Solar Carport: Off-Grid Energy Storage with AI and EV

22benab@u-aizu.ac.jp



Software Tool ςEV 

Charge/Discharge Status 

Display

Hardware 

Experiments

Smart Solar Carport: Off-Grid Energy Storage with AI and EV
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The multi-stage prediction method achieves better performance, 
increasing EV power consumption prediction accuracy by 5.5% 
across all scenarios compared to the baseline method.

Solar Energy 
Generation 
Prediction

Table 2. Evaluation of the cloud prediction method using Fukushima 
cloud maps (comparative image pairs) [1].

Cloud Map Prediction

Table 3. Evaluation of the super-resolution-based cloud prediction 
method using Fukushima cloud maps (comparative image pairs) [1].

Robust performance of the cloud map prediction 
with high accuracy and structural similarity. The 
cloud map prediction benefits from super-resolution. 
Combining the cloud map with numerical 
meteorological data maintains the accuracy

[Japan Meteorological Agency, ñWeather Satellite Himawari,ò accessed Nov. 25, 2025, https://www.jma.go.jp/bosai/map.html

Smart Solar Carport: Off-Grid Energy Storage with AI and EV
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AI Enabled Energy Trading in Distributed Ve2G Network

25

Figure 2. Illustration of Smart and Secure 

Energy Trading Method and System Project. 

(Source: https://web-ext.u-

aizu.ac.jp/misc/neuro-eng/aebis.html)

Parking Lot 1

Parking Lot 2

Full Supply

Campus Grid System

V2GNet System

Control System

Parking Lot 

A distributed power system updated with a VPP 
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centralized decentralized

Centralized and decentralized energy trading system networks.
Its objective is to optimize efficiency, security, privacy, and scalability. 

V2G Energy Trading: Building Trust in the Grid 
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centralized decentralized

Complete collapse 

Centralized and decentralized energy trading system 
networks. Its objective is to optimize efficiency, security, 
privacy, and scalability. 

V2G Energy Trading: Building Trust in the Grid 
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Illustration of a distributed power system updated with a VPP and energy storage departments. 
The grid turns from the center of the system to a necessary ancillary part. 
The VPP now serves as an information processing center, integrating the power grid, energy market, 
renewable and non-renewable resources, energy storage systems, and energy consumers.

V2G Energy Trading: Building Trust in the Grid 

28



ü9ŀŎƘ ŎŀƳǇǳǎΩ ±нD ŎƻƴǘǊƻƭ ǎȅǎǘŜƳ ό/{ύ 
works as an information mediator 
between energy consumers and EV 
suppliers.

üEach consumer connects and submits 
the energy request to the energy 
exchange.

ü In BoEV, the offer lists (EVs to CS) and 
notification of discharge tasks (CS to EVs) 
are transmitted.

üOnly necessary trading data is uploaded 
to keep privacy and shorten the chaining 
latency.

Parking Lot 1

Parking Lot 2

Full Supply

Campus Grid System

V2GNet 
System

Control System

Parking Lot 

Overview of V2GNetfor energy trading in a campus V2G network.

V2G Energy Trading: Building Trust in the Grid 
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Flowchart for V2GNet Trading Algorithm.

EV CS

V2G Energy Trading: Building Trust in the Grid 
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BoCS

É The BoCS is where inter-campus energy trading is planned and recorded, and each CS is a node of the BoCS. Besides, 
ŜŀŎƘ ŎŀƳǇǳǎΩǎ /{ ǎŜǊǾŜǎ ŀǎ ŀ ōƭƻŎƪŎƘŀƛƴ ŎƻƴƴŜŎǘƛƻƴ ōŜǘǿŜŜƴ ǘƘŜ BoEV and the BoE for that campus. 

Overview of the proposed blockchain of campus control systems (BoCS) among campuses based on the CS of each V2GNet. 

V2G Energy Trading: Building Trust in the Grid 
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