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The talk argues and demonstrates that spiking neural networks (SNN),

named as the third generation of artificial neural networks, can be used to build

brain-inspired SNN systems (BI-SNN) that are capable of deep, incremental

learning of temporal or spatio/spectro -temporal data and for cognitive human-

machine interaction systems. Similarly, to how the brain learns, these BI-SNN

models do not need to be restricted in number of layers, neurons in each layer,

etc. as they adopt self-organising learning principles of the brain. This is

different from the traditional deep learning neural networks that usually have

fixed structures and are difficult to adapt to new data.

The talk explains some basic notions and methods of SNN and BI-SNN,

illustrated on an exemplar BI-SNN architecture NeuCube that is built according

to a 3D brain spatial template (free software and open source along with a

cloud-based version available from www.kedri.aut.ac.nz/neucube). NeuCube-

based machines can learn brain signals when humans perform certain tasks, so

that the machine can perform these tasks in a similar way using their “brain”

signals. Such models can learn also audio-, visual- and tactile information

simultaneously, similar to how the brain does it. Through learning, a BI-SNN

model creates knowledge in the form of spatio-temporal trajectories that can be

represented as rules. Similar tasks can be learned in a transfer learning mode.

Applications are discussed for neuro-rehabilitation, human-robot interaction,

human-VR/AR interaction, hype-scanning.

http://www.kedri.aut.ac.nz/neucube
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The brain (80bln neurons, 100 trillions of connections, 200 mln

years of evolution) is the ultimate learning machine

Three, mutually interacting, memory types: 

- short term (membrane potential); 

- long term (synaptic weights);

- genetic (genes in the nuclei).

Temporal data at different time scales:

- Nanoseconds: quantum processes; 

- Milliseconds: spiking activity;

- Minutes: gene expressions;

- Hours:  learning in synapses;

- Many years: evolution of genes.

1. Why brain-inspired cognitive human-machine 

interaction?

The human brain,  the most sophisticated product of the evolution, is a live-long learning 

system for knowledge representation and knowledge transfer.     

Cognition and knowledge are represented as deep spatio-temporal patterns that 

evolve/adapt over time and that can be transferred from one subject to another and 

from humans to machines. 

The challenge is : HOW to implement this into a CHMI!  



Knowledge in the brain is both spatial and temporal:  Spatial areas, allocated for 

certain functions containing millions of neurons are connected through millions of 

synaptic connections as a result of learning in time.  
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(Brodmann areas)

http://en.wikipedia.org/wiki/File:Brodmann_areas_3D.png


Knowledge of seeing an object and grasping it is learned 

incrementally as a deep spatio-temporal trajectory of connections 

between clusters of neurons in the  brain  

Deep serial processing of visual stimuli in humans for image classification and action. 

Location of cortical areas: V1 = primary visual cortex, V2 = secondary visual cortex, V4 = quartiary visual cortex, 

IT = inferotemporal cortex, PFC = prefrontal cortex, PMC = premotor cortex, MC = motor cortex. 

(from L.Benuskova, N.Kasabov, Computational neurogenetic modelling, Springer, 2007)
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The basic model of language processing during the simple task of repeating the word that has been heard is the 

Wernicke-Geschwind model (Mayeux and Kandel 1991). A language task involves transfer of information from the 

inner ear through the auditory nucleus in thalamus to the primary auditory cortex (Brodmann’s area 41), then to the 

higher-order auditory cortex (area 42), before it is relayed to the angular gyrus (area 39). From here, the information is 

projected to Wernicke’s area (area 22) and then, by means of the arcuate fasciculus, to Broca’s area (44, 45), where the 

perception of language is translated into the grammatical structure of a phrase and where the memory for word 

articulation is stored. This information about the sound pattern of the phrase is then relayed to the facial area of the 

motor cortex that controls articulation so that the word can be spoken. 
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Language learning and processing 
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How is knowledge represented in the brain?   

(1) Knowledge is spatio-temporal, in time and in space

(2) Represents informative patterns of multimodal data.

(3) Adaptable in an incremental, theoretically ‘life-long’ way.

(4) Self-organised, not restricted by fixed structures.

(5) Obtained in supervised-, unsupervised or semi-supervised modes.

(6) Robust to neuronal faults

Deep knowledge is what the human brain learns and manifests all the time,

exemplified by: Listening or/and playing musical pieces; Playing a game; Visual

perception; Predicting the movement of a predator; All sorts of cognition; Decision

making; Consciousness and sub-consciousness; ...and everything else the brain does.

The brain is universal machine for life-long learning and knowledge

evolution.

The challenge:

Can we use these principles to build AI systems that can learn incrementally

and possibly in a life-long learning mode, interpreted as knowledge at any

phase of their learning, in order to create BI-CHMI systems?



Understanding how humans synchronize and transfer knowledge between each other through  

hyper-scanning. Can we model it through BI-CHMI? 

LAstolfi, J Toppi, FDe Vico Fallani, G Vecchiato, F Cincotti, C. Wilke, HYuan, D Mattia, S Salinari, B He, and F Babiloni, I, Imaging 

the Social Brain by Simultaneous Hyperscanning During Subject Interaction, EEE Intell Syst. 2011 Oct; 26 (5): 38–45. 
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Studies on hyper-scanning 

• Social neuroscience and hyperscanning techniques: Past, present and 

future, FabioBabiloni, LauraAstolfi, 

https://doi.org/10.1016/j.neubiorev.2012.07.006

• Front Psychol. 2018; 9: 1862, Published online 2018 Oct 8,  

doi: 10.3389/fpsyg.2018.01862, Interactive Brain Activity: Review and 

Progress on EEG-Based Hyperscanning in Social Interactions

• Difei Liu, Shen Liu, Xiaoming Liu, Chong Zhang, Aosika Li, Chenggong Jin, 

Yijun Chen, Hangwei Wang, and Xiaochu Zhang

• http://qims.amegroups.com/article/view/21624/21139, Concurrent mapping 

of brain activation from multiple subjects during social interaction by 

hyperscanning: a mini-review, Meng-Yun Wang, Ping Luan, Juan Zhang, 

Yu-Tao Xiang, Haijing Niu, Zhen Yuan, 

http://labs.vtc.vt.edu/hnl/hyperScan.html

• https://www.frontiersin.org/articles/10.3389/fpsyg.2018.01862/full

• https://www.google.com/search?q=hyperscanning&sxsrf=ACYBGNSVkLjb5

YK9nNy6_JKU8oH-

dxWGww:1571035304305&tbm=isch&source=iu&ictx=1&fir=TUxYnxeM-

M_7kM%253A%252CAOaCe2SS_loZVM%252C_&vet=1&usg=AI4_-

kSHoILiC-

6DJ3XARsCKxpqFdrhMsA&sa=X&ved=2ahUKEwjQjvjJkpvlAhUO8HMBHcL

uCp0Q9QEwBnoECAcQBg#imgrc=TjDApU4i7ocvMM:&vet=1
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2. SNN and Brain-inspired SNN architectures (BI-SNN). 

NeuCube.     
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What is a BI-SNN architecture?  

- Input data is encoded into spatio-temporal events as spike trains;

- A 3D SNN has spatially located  neurons following a brain 

template, e.g Talairach, MNI etc. . 

- Inputs are mapped spatially (brain-like) into the SNN, a 3D 

structure organised as a brain template.  

- Unsupervised learning is spatio-temporal, adaptive and incremental  

resulting in evolved connectivity 

- The structure is self-organising 

- Supervised learning is evolving creating new output neurons 

- Allows for knowledge representation as  spatio-temporal patterns,  

interpreted as rules, graphs, associations, ….   

mailto:nkasabov@aut.ac.nz
http://www.kedri.aut.ac.nz/


The NeuCube Architecture  

nkasabov@aut.ac.nz www.kedri.aut.ac.nz/neucube

Kasabov, N., NeuCube: A Spiking Neural Network Architecture for Mapping, Learning and 

Understanding of Spatio-Temporal Brain Data, Neural Networks,  vol.52, 2014. 

mailto:nkasabov@aut.ac.nz
http://www.kedri.aut.ac.nz/neucube
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Further development of ideas from SOM (Kohonen) and ART (Grossberg)  

E. Tu, N. Kasabov, J. Yang, Mapping Temporal Variables into the NeuCube Spiking 

Neural Network Architecture for Improved Pattern Recognition and Predictive 

Modelling, IEEE Trans. on Neural Networks and Learning Systems, 28 (6), 1305-

1317,, 2017 DOI: 10.1109/TNNLS.2016.2536742, 2017.

mailto:nkasabov@aut.ac.nz
http://www.kedri.aut.ac.nz/neucube
http://dx.doi.org/10.1109/TNNLS.2016.2536742


Spike encoding methods  

A spike is generated only if a change in the input data occurs beyond a threshold  

Silicon Retina (Tobi Delbruck, INI, ETH/UZH, Zurich ), DVS128: Retinotopic 

Silicon Cochlea ( Shih-Chii Liu, INI, ETH/UZH, Zurich): Tonotopic 

nkasabov@aut.ac.nz www.kedri.aut.ac.nz/neucube

Threshold-based encoding – retinotopic                   Tonotopic organization of the cochlea for spectro-temporal data           

mapping for spatio-temporal data                           
https://sites.google.com/site/jayanthinyswebite

mailto:nkasabov@aut.ac.nz
http://www.kedri.aut.ac.nz/neucube


Spiking neuron models for BI-SNN    

Models of a spiking neurons and SNN

– Hodgkin- Huxley

– Spike response model

– Integrate-and-fire       ---------------->

– Leaky integrator

– Izhikevich model

– Probabilistic and neurogenetic models
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Methods for unsupervised learning in SNN 
Spike-Time Dependent Plasticity (STDP) 

(Abbott and Nelson, 2000).

• Hebbian form of plasticity in the form 

of long-term potentiation (LTP) and 

depression (LTD)

• Effect of synapses are strengthened 

or weakened based on the timing of 

pre-synaptic spikes and post-synaptic 

action potential.

• Through STDP connected neurons 

learn consecutive temporal 

associations from data.

• Variations of the STDP 

Pre-synaptic activity that precedes post-

synaptic firing can induce LTP, reversing 

this temporal order causes LTD: 

∆t=tpre -tpost

nkasabov@aut.ac.nz www.kedri.aut.ac.nz
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Methods for supervised learning in SNN
Rank order (RO) learning rule (Thorpe et al, 1998)
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PSP max (T) = SUM [(m order (j(t)) wj,i(t)], for j=1,2.., k;  t=1,2,...,T;                                        

PSPTh=C. PSPmax (T)

- Earlier coming spikes are more important (carry more information)

- Early spiking can be achieved, depending on the parameter C.  



Dynamic Evolving  SNN (deSNN)

(Kasabov, N., Dhoble, K., Nuntalid, N., G. Indiveri, Dynamic Evolving Spiking Neural Networks for On-

line Spatio- and Spectro-Temporal Pattern Recognition, Neural Networks, v.41, 188-201, 2013)

Combine:     (a)  RO learning for weight initialisation based on the first spikes:

(b)   Learning further input spikes at a synapse through a drift – positive and negative.

wj,i(t) = ej(t)・Drift

- A new output neuron may be added to a respective output repository for every new -input 

pattern. 

- Two types of output neuron activation: 

- deSNNm (spiking is based on the membrane potential) 

- deSNNs (spiking is based on synaptic similarity between the newly created 

output neuron and the existing ones) 

- Neurons may merge.

)(order j

ji mw =

nkasabov@aut.ac.nz www.kedri.aut.c.nz
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Deep learning in NeuCube 

Spike Trains 

Entered to the 

SNNc

Neuron Spiking 

Activity During the 

STDP Learning

Creation of Neuron 

Connections During 

The Learning

The More Spike 

Transmission, The 

More Connections 

Created

nkasabov@aut.ac.nz             www.kedri.aut.ac.nz/neucube/



Example

A SNNcube that learns EEG data from 14 EEG channels when a person is moving a wrist. The

sequence of connections of the trained SNNcube can be interpreted as TSR. The figure is

showing only few aggregated events (out of 1000, one at each millisecond EEG data).

TSR representation of time and space aggregated events:  

IF (a person is moving a hand up)

THEN (the following brain functions are activated in space and time):

E1: Planning, in the Motor Planning functional brain area, time T1, 

AND E2:  Sensorimotor integration, in the Sensorimotor integration brain area, at time T2

AND E3: Perception, in the Perception Cognitive brain area, time T3

AND E4: Attention, in the Logical Attention brain area, time T4.   
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Example: Transfer learning of three class problem of EEG data of moving a wrist: 

Up, Flat, Down  

nkasabov@aut.ac.nz

(a) (b) (c) (d)

(a) Connectivity of the SNN cube  trained with first two classes – model M1; 

(b) SNN after the  third class data is learned incrementally as model M2;  

(c) The shared connections between the two  models; 

(d) New connections in model M2 for classification of class 3 data (threshold 0.8). 

Experiments and figures are created by Dr Enmei Tu (SJTU).  Data from www.kedri.aut.ac.nz/neucube/

Incremental and transfer  learning and knowledge evolution in BI-SNN
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Time-Space Rule (TSR) representation in BI-SNN – “opening the cube” 

Time-Space Rules (TSR) represent ordered sequences of discrete events E={E1, E2,..., En} in time/space:

Ei =(Fi, Si, Ti, Pi),

where: Ei is event; Fi is a function; Si is the location where the function takes place;

Ti is the time of the function activation; Pi is probability of the function operation

Example:

IF (event E1: function F1, location around S1, time about T1, probability about P1)

AND (strength W1,2 between event E1 and event E2)

(event E2: function F2, location around S2, time about T2, probability about P2)

AND (strength W2,3,)

(event E3: function F3, location around S3, time about T3, probability about P3)

AND ...

. ...................

(event En : function Fn, location around Sn, time about Tn, probability about Pn)

THEN (An informative cognitive/action pattern is recognized and classified).

Such TSR representation can be as deep as needed (e.g. from tens to millions of linked events

in time-space) depending on the granularity of discretization.



Capturing time-space knowledge as information exchange between clusters 

- Clusters of highly connected neurons to input neurons;

- Clusters of spiking activity spread from input neurons ;

- A dynamic graph of information exchange between spatially distributed clusters around the 

inputs 
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Capturing knowledge representation in a BI-SNN through 

supervised learning with deSNN

Example of TSR representation in a trained SNN classifier 

IF (area (Xi,Yi,Zi) in the Cube with a cluster radius Ri is activated at time about T1) AND

(area (Xj,Yj,Zj) with a cluster radius Rj is activated at time about T2) AND 

(area (Xk,Yk,Zk) with a cluster radius Rk is activated at time about T3) AND 

(no other areas of the SNNcube are activated)

THEN  (The output class prototype is number 4 from class 1).         

nkasabov@aut.ac.nz



3. From von Neuman  Machines to Neuromorphic Platforms

- The computer architecture of John von

Neumann separates data and programmes

(kept in the memory unit) from the

computation (ALU); uses bits. First machine

ABC by Atanassov and Berry.

- A Neuromorphic architecture integrates the

data, the programme and the computation in a

SNN structure, similar to how the brain works;

uses spikes (bits at times).

- A quantum computer uses q-bits (bits in a

superposition) .

A SNN application system can be

implemented using either of:

- von Neumann architecture;

- Neuromorphic architecture;

- Neuromorphic/Memristor architecture;

- Quantum computer (not available yet).

nkasabov@aut.ac.nz

N. Sengupta et al, (2018), From von Neumann architecture and Atanasoffs ABC to Neuromorphic Computation and Kasabov’s NeuCube:

Principles and Implementations, Chapter 1 in: Advances in Computational intelligence, Jotzov et al (eds) Springer 2018.



Neuromorphic hardware systems

Carver Mead (1989): A hardware model of an IF neuron:

The Axon-Hillock circuit. 

SpiNNaker (Furber, S., To Build a Brain, IEEE Spectrum, 

vol.49, Number 8, 39-41, 2012).

INI Zurich SNN chips (Giacomo Indiveri)

Silicon retina (the DVS) and silicon cochlea (ETH, Zurich, 

Toby Delbruck))

The IBM True North (D.Modha et al, 2016): 1mln neurons 

and 1 billion of synapses

FPGA  SNN realisations (McGinnity, Ulster and NTU) 

High speed and  low power consumption.

nkasabov@aut.ac.nz https://academics.aut.ac.nz/nkasabov
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4. Design and implementation of BI-CHMI 

mailto:nkasabov@aut.ac.nz
http://www.kedri.aut.ac.nz/neucube/


NeuCube Implementations

Software versions:

Hardware-specific versions:

PyN

N

Cloud

www.kedri.aut.ac.nz/neucube/ www.neucube.io

Future development: NeuCube chips for AI applications

http://www.kedri.aut.ac.nz/neucube/
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A BI-SNN application system design procedure

• Analysis of the type of data and possible solutions to the problem   

• SNN reservoir design according to a template (brain template or other) 

• Input data transformation into spike sequences; 

• Mapping input variables into spiking neurons 

• Deep unsupervised learning spatio-temporal spike sequences in a scalable 

3D SNN reservoir; 

• Supervised learning and classification of data over time; 

• Dynamic parameter optimisation; 

• Model visualisation  

• Extracting deep knowledge from a trained SNN    

• Adaptation on new data in an on-line/ real time mode; 

• Extracting of modified knowledge 

• Implementation of a SNN model: von Neumann vs 

neuromorphic hardware systems 



• Learning EEG and fMRI brain data 

• Human - VR  interaction (rehabilitation; entertainment)

• Cybersickness

• Robot control

• Neurorehabilitation 

• BI-CHMI systems allow for an integrated learning of multimodal 

stimulus data, such as: 

– Brain data

– Images 

– Sound 

– Odour

– Touch

– Taste

– Emotional face expression

– Other 

nkasabov@aut.ac.nz

5. BI-CHMI application systems  



EEG Recording

fMRI Recording

Step1:

STBD 

measurement  

Step2: 

Encoding

STBD Encoding 

into Spike Trains

Step3: Variable 

Mapping into 3D SNNc

Talairach Template 

fMRI Voxels

Step4:STDP learning 

& Dynamic clustering

Neuron Connections

Evolving Neuronal Clusters 

Step5: Analysis of the connectivity of the trained 3D SNNc as dynamic spatio-temporal clusters in the STBD, related to brain processes 

nkasabov@aut.ac.nz

Learning brain data in the BI-SNN NeuCube 



Human-VR interactive systems   

A prototype virtual

environment of a hand

attempting to grasp a

glass controlled with

EEG signals.

A virtual environment to
control a quadrotor using
EEG signals.

A virtual environment
(3D) using Oculus rift DK2
to move in an
environment using EEG.



Predicting cybersickness 

Alexander Hui Xiang Yang, Nikola Kasabov and Yusuf Ozgur Cakmak, Machine Learning Methods for 

the Study of Cybersickness: A Systematic Review, Brain Informatics, Springer-Nature, 2022 

VR is becoming increasingly popular and is an important part of current advances in human 

training, therapies, entertainment, and access to the metaverse. Usage of this technology is 

limited by cybersickness, a common debilitating condition experienced upon VR immersion.      

Cybersickness is accompanied by a mix of symptoms including nausea, dizziness, fatigue and 

oculomotor disturbances. 

Machine learning can be used to identify cybersickness and is a step towards overcoming these 

physiological limitations. Practical implementation of this is possible with optimised data 

collection from wearable devices and appropriate algorithms that incorporate advanced 

machine learning approaches. 

Although models for cybersickness detection have been developed, literature still lacks a model 

for the prediction of first-instance events. Future research is pointed towards goal-oriented data 

selection and labelling, as well as the use of B I-SNN models to achieve better accuracy and 

understanding of complex spatio-temporal brain processes related to cybersickness.

nkasabov@aut.ac.nz
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Robot control with BI-CBMI

nkasabov@aut.ac.nz

Brain-Computer Interfaces (BCIs)  are systems trained on human brain data (e.g. EEG) for 

humans to  communicate directly with computers or external devices through their brains 

BI-BCI are designed using a brain template.  
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FaNeuRobot: A Brain-Like Motor Controlling Framework for Prosthetic Control using 
Automata Theory, Cognitive Computing & NeuCube 

K. Kumarasinghe, M. Owen, N. Kasabov, D. Taylor, Chi Kit Au, Proc. IEEE Robotics Conference, Sydney, May 
2018.



NeuCube for BCI with neurofeedback for prosthetic hands  

www.kedri.aut.ac.nz/neucube



BI-SNN for neurorehabilitation of lower limbs  
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1. D. Taylor, N.Scott, N. Kasabov, E.Capecci, E. Tu, N. Saywell, Y. Chen, J.Hu and Z.Hou,  Feasibility of NeuCube 

SNN architecture for detecting motor execution and motor intention for use in BCI applications, Proc. WCCI 2014, 

Beijing, 7-13 July 2014, IEEE Press. 

2. Hu, J., Hou, Z., Chen, Y., Kasabov, N., & Scott, N. (2014). EEG-Based Classification of Upper-Limb ADL Using 

SNN for Active Robotic Rehabilitation. In 2014 5th IEEE RAS & EMBS International Conference on Biomedical 

Robotics and Biomechatronics (pp. 409-414). Sao Paolo, Brazil: IEEE. doi:10.1109/BIOROB.2014.6913811

3. N. Kasabov, J.Hu, Y. Chen, N.Scott, and Y. Turkova, Spatio-temporal EEG data classification in the NeuCube 3D

SNN Environment: Methodology and Examples, Proc. ICONIP 2013, Springer LNCS, vol.8228, pp.63-69.

4. Y.Chen, J.Hu, N.Kasabov, Z. Hou and L.Cheng, NeuroCubeRehab: A Pilot Study for EEG Classification in

Rehabilitation Practice Based on Spiking Neural Networks, Proc. ICONIP 2013, Springer LNCS, vol.8228, pp.70-77.

(with CASIA China, Prof. Zeng-Guang Hou )

http://dx.doi.org/10.1109/BIOROB.2014.6913811


K.Kumarasinghe, N.Kasabov, D.Taylor, Deep Learning and Deep Knowledge Representation in Spiking Neural Networks 

for Brain-Computer Interfaces, Neural Networks, vol.121 (2020),169-185, doi: https://doi.org/10.1016/j.neunet.2019.08.029.
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No “black-box” models: 
Extracting spatio–temporal rules from a trained NeuCube using EEG data for the GAL task

IF (event E1) AND (event E2 ) …THEN (Action)   

IF(Ecue-onset : Fcue-

onset, S{cue-onset}, 

tcue-onset, P>0.8) 

AND(Emotor-planning : 

Fmotor-planning, 

Smotor-planning, 

tmotor-planning, P>0.8) 

AND(Emovement-onset : Fmovement-onset, Smovement-onset,tmovement-onset, P>0.8) 

AND(Etouch-object : Ftouch-object, Stouch-object, ttouch-object, P>0.8)  

AND(Ehold-object : Fhold-object, Shold-object, thold-object, P>0.9)  

AND(Erelease-object : Frelease-object, Srelease-object,trelease-object, P>0.8) 

AND(Erest : Frest, Srest, trest, P>0.8) 

THEN(Q   = Qgrasp-and-lift). 

 

where Si = {Posterior Lobe, Temporal Lobe, Limbic Lobe, Frontal Lobe, Anterior Lobe, 

Occipital Lobe, Midbrain, Parietal Lobe}
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Kumarasinghe, K., Kasabov, N. & Taylor, D. Brain-inspired spiking neural 
networks for decoding and understanding muscle activity and kinematics from 
electroencephalography signals during hand movements. Sci Rep 11, 2486 
(2021). https://doi.org/10.1038/s41598-021-81805-4 (ranked 11 in Nature SR in 
Neuroscience for 2021)

https://doi.org/10.1038/s41598-021-81805-4


IICT- BAS

NEMO-BMI, HORIZON-EIC-2021-PATHFINDERCHALLENGES-01-02, France, Neth., Swiss, Bulgaria



Modelling simultaneously EEG and fMRI data is an open problem:

- different time scales

- different spatial resolution  

nkasabov@aut.ac.nz https://academics.aut.ac.nz/nkasabov

Spatial 

information 

Integrating fMRI and EEG – a challenge 

mailto:nkasabov@aut.ac.nz


BI-CHMI systems allow for an integrated learning of multimodal 

stimulus data: Image learning and recognition 

Two approaches:

- frame-based

- spike based (SNN)

nkasabov@aut.ac.nz www.kedri.aut.ac.nz/neucube

mailto:nkasabov@aut.ac.nz
http://www.kedri.aut.ac.nz/neucube
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(Wysoski, S., L.Benuskova, N.Kasabov, Evolving Spiking Neural Networks for Audio-Visual Information Processing, 

Neural Networks, 23, 7, 819-835, 2013).
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Frame-based using eSNN Image Processing using CSNN and Gabor filter
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NeuCube with 4262 neurons from V1 and V2
30000 moving digits in 8 fonts 

and sizes from DVS MNIST   

Deep learning and knowledge representation of moving objects using DVS 

and retinotopic mapping in NeuCube

nkasabov@aut.ac.nz www.kedri.aut.ac.nz/neucube

L.Paulin, A.Abbott, N.Kasabov,  A retinotopic spiking neural network system for accurate recognition of 

moving objects using NeuCube and dynamic vision sensors, Frontiers of Comp. Neuroscience,  2018, 
doi:10.3389/fncom.2018.00042. 

mailto:nkasabov@aut.ac.nz
http://www.kedri.aut.ac.nz/neucube


Using tonotopic (cochlea like) stereo mapping and deep learning of sound in NeuCube

Mozart Bach Vivaldi

Predicted 1 171 3 1

Predicted 2 9 176 1

Predicted 3 0 1 178

https://kedri.aut.ac.nz/R-and-D-Systems/audio-visual-data-processing-and-concept-formation#auditory
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(Wysoski, S., L.Benuskova, N.Kasabov, Evolving Spiking Neural Networks for Audio-Visual Information Processing, 

Neural Networks, 23, 7, 819-835, 2013).

Frame-based audio-visual processing using eSNN

mailto:nkasabov@aut.ac.nz
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Current research: Brain-inspired integrated learning of auditory and visual 

data in NeuCube 



Odour recognition using NeuCube

nkasabov@aut.ac.nz

Anup Vanarse,  Josafath Israel Espinosa-Ramos, Adam Osseiran, Alexander Rassau, Nikola Kasabov 

Application of a Brain-Inspired Spiking Neural Network Architecture to Odour Data Classification, 

Manuscript ID: Sensors-778506; 2020.

LIF STDP deSNN KNN

Threshold
Refractory 

Time
A+ A− Drift+ Drift− K Accuracy

best 0.03614 6 −0.00072 0.00369 −0.00051 0.01543 1 0.94

min 0.02836 3 −0.00076 0.00313 −0.00103 0.01056 1 0.92

max 0.03799 7 0.00123 0.00554 0.00964 0.03389 1 0.94

average 0.03248 5 0.00054 0.00442 0.00470 0.01764 1 0.93

std 0.00274 0.95 0.00049 0.00070 0.00255 0.00628 0 0.00



Deep learning and classification of spatio-temporal EMG signals for

neurorehabilitation control using NeuCube implemented on SpiNNaker

J.Behrenbeck, Z.Tayeb, C.Bhiri, C.Richter, O.Rhodes, N.Kasabov, S.Furber, G.Cheng, J.Conradt,

Classification and Regression of Spatio-Temporal EMG Signals using NeuCube Spiking Neural Network and its

implementation on SpiNNaker Neuromorphic Hardware", Journal of Neural Engineering, IOP Press, vol.16, No.2

2019, https://iopscience.iop.org/article/10.1088/1741-2552/aafabc

The work investigates the use of the NeuCube
spiking model to directly classify different grasp
movements from raw EMG data as well as the
estimation of the applied finger forces.

A better classification accuracy using the
NeuCube model compared to traditional machine
learning methods, i.e. validation accuracy of
85.5%, a test accuracy of 81% as well as less than
2% of root mean square error (RMSE) when
estimating finger forces, using EMG data collected
from four different human subjects.

This approach can be further investigated to

achieve a smooth, accurate and adaptive

control of prosthetics for complex movements

within a larger time window.

https://iopscience.iop.org/article/10.1088/1741-2552/aafabc



Facial Expression Perception Task

Face Expression Production Task
NeuCube

Angry
Contempt

Disgust

Fear

Happy

Sad

Surprise

Angry Contempt Disgust Fear

Happy Sad Surprise

14ch EEG

14ch EEG

94.3 %

97.1 %

Emotional facial expression recognition and facial expression production     
(H.Kawano, Z.Doborjeh, N.Kasabov, Proc. ICONIP 2016, Kyoto, 2016)    

nkasabov@aut.ac.nz             www.kedri.aut.ac.nz/neucube/



6. The Future: Cognitive human -machine symbiosis 

The goal: Knowledge-based human-machine interaction and symbiosis based on deep 

learning, knowledge representation and knowledge transfer with BI-SNN architectures 

(e.g. www.darpa.mil/program/explainable-artificial-intelligence)

nkasabov@aut.ac.nz



-Session  C 

(after session 

of  training B)

-Left finger

-Participant 1

--Right finger

-Participant 2

Results and findings:

(1) The difference between brain connectivity and brain spiking activity measured as EEG 

between two persons is smaller after a synchronisation/training  (session  B)  measured as 

classification accuracy between the two brain activities (Session C, 60%) when compared with 

the difference between the two brain activities before synchronisation (Session A, 80%). 

(2) The synchronisation is manifested mainly in the frontal and the parietal lobes.  

nkasabov@aut.ac.nz

Example: Modelling brain synchronisation



Advantages of BI-SNN:

1. Self-organised, evolvable  structure (no fixed number of 

layers/neurons, etc.)    

2. Event based (asynchronous), fast, incremental, potentially “life-

long”  learning.

3. Temporal (spatio-temporal) associations learned. 

4. Interpretability, e.g. TSK representation   

5. Low computational power   

6. Fault tolerance

Problems and limitations of BI-SNN

• Sensitive to parameter values

• Large number of parameters to be optimised

• No rigid theory yet.

• Ethical issues: www.mindthegap.ai

nkasabov@aut.ac.nz
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NIBI

CI, 

Mathematics,

Physics, 

Chemistry, 

Engineering

New Data 

Technologies

Transparent AI 

New BI-, and 

hybrid 

computational 

methods and 

systems 

• Modelling emergence of 

symbolic representation

• Multimodal and multi-model 

SNN systems

• Quantum-inspired computation: 

Spikes as q-bits - in a 

superposition of 1/0 

• Real time 

event 

prediction 

systems 

• Embedded 

systems 

• Mental health 

evaluation 

systems 

• Neurological 

prosthetics

• Brain-inspired 

SNN for 

quantum 

computation
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International BI-SNN Community is growing    

mailto:nkasabov@aut.ac.nz
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Thank you!
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