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A sensory data classification task
Human transport modes estimation 
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Specification of sensory data
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The acceleration can be calculated as:

The angular velocity is computed as:

The movement distance by GPS is: 

application for measurement



Proposed architecture

• Simple Spike Response Model
• Fuzzy Spiking Neural Network
• Evolution Strategy
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Simple Spike Response Model

2018. 11. 
05.

Előláb-szöveg 6



Fuzzy Spiking Neural Networks
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Fuzzy Spiking Neural Networks
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The input to the FSNN is calculated by Gaussian 
membership functions

where ai,j and bi,j are the central value and the width of the
membership function Ai,j; vi,j is the contribution of the jth
input to the estimation of the ith human transport mode.Gaussian Membership 
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Fuzzy Spiking Neural Networks
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Interconnected 
Spiking Neurons

The membrane potential, or internal state hi(t) of the ith
spiking neuron at the discrete time t is given by:

hi
syn(t) indicates the output pulses from other neurons:

The external input, hi
ext(t) is calculated based on the 

fuzzy inference 
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Fuzzy Spiking Neural Networks
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Interconnected 
Spiking Neurons

The membrane potential, or internal state hi(t) of the ith
spiking neuron at the discrete time t is given by:

When the internal action potential of the ith neuron is larger
than the predefined threshold, a pulse is outputted as follows:

R is subtracted from the refractoriness value in the
following:



Fuzzy Spiking Neural Networks
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The membrane potential, or internal state hi(t) of the ith
spiking neuron at the discrete time t is given by:

When the internal action potential of the ith neuron is larger
than the predefined threshold, a pulse is outputted as follows:

The presynaptic spike output is transmitted to the connected 
neuron according to the PSP with the weight connection. The 
PSP is calculated as follows:

Presynaptic 
Potential (PSP)



Fuzzy Spiking Neural Networks
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The membrane potential, or internal state hi(t) of the ith
spiking neuron at the discrete time t is given by:

The external input, hi
ext(t) is calculated based on the 

fuzzy inference 

Evolution Strategy for 
optimization of parameters of 
Gaussian membership functions

Gaussian 
Membership 
Function
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Evolution Strategy
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(µ+λ)-ES
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Individuals

• Coding: Phenotype (real number, integer etc.)
• Selection: Elitist
• Mutation: Gaussian random variable with zero mean

– xi+λ(t+1)=xi(t)+N(0,σ2)

• µ: Population size
• λ: Offspring size
• (μ,λ)-ES: discrete model
• (μ+λ)-ES: continuous model



Various Evolution Strategies
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(µ+λ)-ES

Parents Children

(µ+1)-ES: Steady-state GA

Parents Child

(1,1)-ES: Random Search

Parent Child

(1+1)-ES: Hill-climbing

Parent Child

(1+λ)-ES: Multipoint 
Neighboring Search

Parent Children

(µ+1)-ES: Steady-state GA



ES for FSNN - Genotype
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Gaussian Membership 
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ES for FSNN - Fitness
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ES for FSNN - Operators
(µ+1)-ES: Steady-state GA

Parents Child

fbest,i : the ith rule of the best individuals
fk,i :the ith rule of kth individuals

Elitist Crossover

N(0,1): indicates a normal random value, 
t : the current generation, 
T : the maximum number of generations.

Adaptive Mutation

pi =
1

2
×(1+ fbest ,i - fk ,i ) gk,h ¬ gk,h +ah × (1- t / T ) ×N(0,1)

gk,1 gk,2 gk,3 …    gk,l
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Experimental results
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Experimental results by using the raw data for training dataset

Experimental results by using the raw data for test
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Experimental results
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Experimental results by using the smoothing functions (5) for training 
dataset 

Experimental results by using the smoothing functions (5) for test 



Experimental results
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Experimental results by the smoothing functions (5) and Evolution 
Strategy for parameter optimization for test

Experimental results by the smoothing functions (5) and Evolution 
Strategy for parameter optimization for training dataset



Experimental results

Best fitness values based on ten simulations

SNN: 
the temporal discount rate for refractoriness is 0.68, 
the temporal discount rate for EPSP is 0.72, 
the threshold for firing is 1.0, and R is 1.0.  



Conclusions

• A Fuzzy Spiking Neural Network is applied to 
solve a sensory data classification task

• A Simple Spike Response Model is used in 
order to reduce the computational cost

• Evolution Strategy is applied to optimize the 
parameters of the fuzzy membership 
functions

• Experimental results showed the 
effectiveness of the proposed method
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