$EXAASR

ACADEMY FOR ADVAMCED

RESEARCH ARTICLE

Advances in Cognitive and Neural Studies, ISSN: 3107-9059, Vol. 1, No. 3, 2025 (pp. 21-28)
AASRRESEARCH.COM

Spiking Neural Network-Based Modeling of Human
Motor Cortex for Robotic Limb Control

Rajan.C

Professor, Department of Computer Science and Engineering (Artificial Intelligence and Machine Learning),

KEYWORDS:

Spiking Neural Networks (SNNs),
Motor Cortex Modeling,
Brain-Machine Interface,
Robotic Limb Control,
Neuroprosthetics,

STDP,

Computational Neuroscience.

ARTICLE HISTORY:

Submitted : 14.06.2025
Revised : 19.07.2025
Accepted : 24.08.2025

DOI:
https://doi.org/10.17051/ACNS/01.03.04

1. INTRODUCTION

1.1. History and Reasons why the Brain-Machine

K S Rangasamy College of Technology

ABSTRACT

Neural modelling of robotic limb control has become a paradigm shift field of research
in neuroprosthetics, rehabilitation engineering, and brain-machine interfaces (BMIs),
because the ultimate goal is to ensure that individuals with motor impairments regain
natural standard motion. Traditional artificial neural network (ANN)-based of decoding
systems though good at pattern recognition lack the biological accuracy, event-driven
communication and time evolution of the neuronal firing in the cortex. In order to
overcome these shortcomings, this paper introduces a biologically-motivated
computational theory that consists of a biological model of the human motor cortex, a
spiking neural network (SNNs), a types of neural network that is direct simulation of
real neuron-membrane systems and represents their spike-timing behaviour. The
offered architecture incorporates an entire processing pipeline, which receives neural
activity of either electroencephalography (EEG), electrocorticography (ECoG), or
intracortical microelectrode records, encodes neural activity to spike trains using
sophisticated encoding algorithms, and maps the encodings into high-level movement
intentions. Such notions are then converted into smooth and accurate motor
trajectories to execute robotic limbs through an hierarchical motor cortex model based
on an SNN that comprises of premotor, primary motor and corticospinal modules. By
combining Spike-Timing-Dependent Plasticity (STDP), reward-modulated Spike-Timing-
Dependent Plasticity (R-STDP), and surrogate-gradient backpropagation, a hybrid
learning strategy can be used in order to achieve both unsupervised, reinforcement-
based and supervised adaptation, providing biologically-plausible and computationally-
efficient learning. Simulations performed on artificial intracortical spike data as well as
real EEG data of motor imagery targeting movements evidenced that the SNN model is
more accurate in movement prediction than ANN baselines, has a much lower latency
to generate motor commands, and is less susceptible to neural noise and signal
distortions. Moreover, the model is highly energy effective thus would be applicable in
future neuromorphic hardware realisations. All in all, the results suggest the
tremendous potential of the SNN -based motor cortex emulation to the next-generation
intelligent prostheticics, and provides the new avenues towards adaptive, low-power,
and high-fidelity BMIs that would support intuitive robotic limb control.
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external devices, and provide an interface with
intuitive control of assistive technologies. New
developments in computational neuroscience and

Interfaces take place

Brain machine interface (BMI) has become an
important area of momentum in view of the possibility
to restore motor functions of those victims of
paralysis, loss of limbs or neurodegenerative diseases.
BMIs bypass broken functional circuits by directly co-
ordinating neural activity into control signals to
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neural signal processing have increased the potential
of more sophisticated prosthetic systems that are able
to work out complex tasks with high accuracy.
Nevertheless, among the significant issues of BMI
development is the possible error in the modelling of
the human brain encoding of voluntary motor
intentions not only in the motor cortex, which is a
brain region involved in movement planning, initiation,
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and coordination, but also in the brain stem, the brain
region that controls motor coordination. It is in light of
this difficulty that a computational framework can be
developed where the insight and structure of
biological neural behavior can be replicated.

1.2. Weaknesses of Traditional Deep Learning
Methods

Even though conventional artificial neural networks
(ANNs) and deep learning systems have shown good
performance in neural signal decoding, their nature
lacked temporal accuracy and biological features
necessary to emulate real motor cortex functions.
ANNs learn by continuous-valued activations and
necessitate static mathematical transformations
instead of event-based and dynamic communication
that involves spiking of biological neurons. Such
models can be very large in terms of computation
power, which means that they cannot be used in real
time low-power applications of BMI, especially
wearable or implantable devices. Also, ANNs have
difficulties to model the fine-times dependencies and
to the spike-based encoding methods that the motor
cortex uses to encode movement direction, speed and
force. These shortcomings expose the inadequacy of
traditional methods of having neurobiologically
consistent BMI systems.

1.3. Benefits of the Spiking Neural Networks in
Motor Cortex Modelling

It is interesting to mention that spiking neural
networks (SNNs) provide an alternative approach, by
implementing the discrete signalling mechanisms
(spike), and the membrane potential dynamics similar
to those of biological neurons. Examples of models
that represent synaptic integration, refractory

behaviour and temporal coding include the Leaky
Integrate-and-Fire (LIF) and the Izhikevich neurons.
The nature of SNNs is sparse activity distributions and
time-varying processing that allows them to easily
identify the relationship between spike timing and
motor intent. Besides, they can be readily integrated
with neuromorphic hardware platforms, including the
Intel Loihi, SpiNNaker or BrainScaleS, and allow real-
time processing with comparatively low power
consumption. The characteristics render SNNs specially
applicable in BMIs that must be responsive in a short
amount of time, use less energy, and be biologically
interpretive.

1.4. Purview and Implication of the Intended Study

This work presents a biologically inspired SNN-based
model of computations that imitates the hierarchies
and pathways of control of robotic limbs by biological
mechanisms in the human motor cortex. The system
proposed combines the neural signal capture, the
spike encoding, the cortical area modelling, the
synaptic plasticity mechanism and the robotic
actuation into a complete closed-loop design Figure 1.
The model uses an unsupervised mixture of Spike-
Timing-Dependent Plasticity (STDP), reward-
modulated STDP (R-STDP), and supervised supervised
surrogate-gradient learning to learn movement-
relevant neural input patterns and by doing so
optimises achieved movement accuracy. The structure
superimposes EEG or intracortical recordings on to
high-level motor goals and eventually produces
continuous smooth robot limb behaviours which
resemble natural voluntary movement. The research
will pursue the next generation in building adaptable,
robust and energy saving BMI-based prosthetic systems
using this hybrid neurocomputational design.
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Fig. 1. SNN-Based Motor Cortex Modeling Framework for Robotic Limb Control
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2. LITERATURE REVIEW

2.1 Motor cortex Neural Modeling

Voluntary movement generation takes place on the
basis of the human motor cortex, which comprises
coordinated interactions of the primary motor cortex
(M1), premotor cortex (PMC), and supplementary
motor area (SMA). Early computational models This
early group of computations mainly dealt with rate-
based neural models in which neuronal firing rates
were time-averaged to deduce motor intentions;
however none of this kind of model had the temporal
shouldy-ness to reproduce biologically realistic spike
dynamics [15], [2]. To overcome these shortcomings,
it has been suggested in recent research that spike-
based modelling be done with Neuron models like the
Leaky Integrate-and-Fire (LIF) and Izhikevich
formulation which simulates the behaviour of
membrane potential variations and spike-timing
dynamics more realistically [3], [4]. Also, it has been
found that motor cortical neurons are able to code
population vectors, rhythmically synchronise and
precisely spike-time patterns that are important in
encoding the movement pathways during reaching
tasks [5]. Although these developments have been
made, several cortical modelling systems do not offer
adaptability and the ability to neuromorphically
integrate in real-time, making them difficult to apply
in closed-loop robotic limb control systems.

2.2 spiking Neural Networks of Brain-Machine
Interfaces (BMIs)

The Spiking Neural Networks (SNNs) have become
highly efficient models of computation that can
simulate neural behaviour through discrete spikes,
which is becoming highly realistic biological modelling,
as compared to the classical nervous system models.
Some of these studies have proven that the SNNs have
the capacity to decode the motor imagery via EEG and
ECoG signals and has high resistance to noise and
temporal variations [6], [7]. Spike timing dependent
plasticity systems (or STDP) and Reward-Modulated
STDP (R-STDP) have been demonstrated to be
effective in terms of mapping neural activity to motor
output in reinforcement based BMI systems [8]. In
addition, neuromorphic hardware systems including
the Intel Loihi, SpiNNaker and BrainScaleS have
allowed low-latency, efficient spike-based computing,
which has also promoted the incorporation of SNNs
into real-time prosthetic systems [9]. However, the
majority of done SNN-based BMI research concentrates
on classification and next to little tries to recreate the
hierarchical structure of a PMC-M1-corticospinal
pathway involved in the inhibitory-stimulatory
generation of continuous robotic limbs movement.
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2.3 Coproximal Neural Model Of Robotic Limbs
Control

Kalman philtres, convolutional neural networks
(CNNs), and recurrent neural networks (RNNs) are
some of the computational models used in controlling
the robotic limbs that have shown good performance
in trajectory predictions. Nevertheless, such methods
have no biological interpretation and do not have a
spike-timing resolution required to implement a
neuromorphic simulation [10]. Moreover, members of
the ANN-based approach typically demand significant
computational resources and have latency which is too
slow to be used in real-time prosthetic systems.
Neuromorphic processors have opened up fresh
possibilities in the context of the implementation of
spike-based robotic control models that work
effectively on limited power consumption and yet have
continuous  adaptive  decoding. Amidst these
encouraging facts, there has been little research to
present an integrated spike-based hierarchical motor
cortex model which can convert neural activity into
real time trajectories of robotic limbs. As such,
defining an SNN architecture that exactly models what
is computed by motor cortex and is stable and
efficient in driving robots remains a question to be
answered by this study.

3. METHODOLOGY

3.1 General Introduction to the Proposed SNN Motor
Cortex Model

Neural acquiring data and encoding spikes

The suggested SNN motor cortex model starts with
neural signals which have been received via a modality
like EEG, ECoG or intracortical recording of
microelectrodes. They are preprocessed by such
neural signals as continuous analog waveforms, which
are processed to isolate the motor related neural
rhythms by means of band-pass filtering, high-noise
activity and feature extraction. Because spiking neural
networks act on discrete spikes, instead of continuous
signals, a spike encoding scheme is used to convert the
cleaned neural activity into spike trains by means of
temporal encoding, rate encoding, or population-
based encoding scheme Figure 2. The critical temporal
dynamics component and motor intention-associated
variations are retained by this transformation which
has been observed to render a biologically realistic
entry which closely resembles the cortical spike
patterns found within the human motor system.

Selecting a ISNN-Based Cortical Area Modelling and
Learning

After the spike-encoded neural signals have been
created they are inputted into the hierarchical SNN
network to simulate the functional structure of the
human motor cortex, the premotor cortex (PMC), the
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primary motor cortex (M1), and the corticospinal tract
(CSL) layers. High level motor intentions are
interpreted by the PMC layer, direction-specific
patterns of spiking are created by the M1 layer, and
these patterns are then translated into muscle-
equivalent activation patterns by the CSL layer.
Biologically inspired mechanisms used to learn in the
network include: Spike-Timing-Dependent Plasticity
(STDP) and reward-modulated STDP, which modulate
the weight of the synaptic between post-synaptic and
pre-synaptic spikes and feedback signals of movement
performance. This allows the network to self-organise,
adapt and modify motor representations in a similar
way to those of biological motor learning.

Single Instructions to Trajectories and Robotic Limb
Movements

The last step in the methodology is the interpretation
of the output spike patterns of the corticospinal layer
and translating them into the continuous motor
commands to perform control of robotic limbs. A burst
frequency, spike timing and population activity to
joint angles, velocities and torques necessary at the
robotic actuators are converted by a spike-to-
trajectory decoder. The commands are implemented
by a real time robotic control system like ROS which
allows the limbs to be moved with precision and
responsiveness. The SNN feeds back on the robot limb
threatening those the robot is locating or moving,
which plays the role of reinforcing the learning process
to the system, and the entire system to keepensions
improving its trajectory forecasting, stability and
control. The proposed model will provide an efficient
and realistic simulation of human motor cortex
processing to be applied in the control of robotic limbs
by combining biologically grounded computation and
real time control.
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Fig. 2. Neural Data Acquisition and Spike Encoding Pipeline

3.2 Neural Signal Acquisition and Spike Encoding
Learning Multiple Multimodal Recording Signals

The stage of acquiring the neural signal starts by
taking the activity of the brain in one of the recording
modalities, depending on the system needs and the
hardware availability. Due to non-invasive nature and
easy accessibility, EEG motor imagery datasets have
been popular in the field of motroneural biomarker
studies as they are able to provide scalp-based
electrical activity linked with creating hand or limb
motions in the mind. Electrocorticography (ECoG)
signals are the choice of signals in situations where
higher spatial resolution and cortex specificity of the
motor cortex are needed because ECoG signals are
able to record cortical surface potentials with low
noise and latency. To achieve very accurate cortical
spike data, simulated intracortical recordings which
are simulations of microelectrode array recordings can
be used to reproduce single neuron or multi- unit firing
behaviour. The various modalities provide a sense of
flexibility in simulating motor cortex activities and

4

make the system adjustable in invasive or non-invasive
BMI.

Preprocessing Preprocessing Via Artefact Removal
and Filtering

After recording, the neural signals are processed to
undergo a crucial pre-processing stage to isolate motor
related neural features in addition to eliminating noise
that is undesired. An offsetting band-passed filter in
830 Hz is used to isolate the most pronounced rhythms
with motor intent e.g., mu (812 Hz) and beta (1330
Hz) bands. Sophisticated artefact removal techniques
like Independent Component Analysis (ICA) are then
used to philtre the filtered signals and remove eye-
blink and muscle artefacts, as well as movement
artefacts, or wavelet-based artefact suppression is
used to remove high-frequency noise without
damaging signal peaks. This preprocessing pipeline
improves the quality and accuracy of the neural
information such that only the patterns that are of
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physiological significance in terms of voluntary or
imaginary movement are retained to convert to spikes.

Fork of Spike Encoding to conversion to Spiking
Neural inputs

The continuous neural signal is converted to discrete
spike trains by postprocessing after preprocessing, and
admits the spike trains to spiking neural networks. This
is converted in several encoding cues like rate coding
which reflects the intensity of neural activity as the
frequency of spikes; temporal contrast encoding which
changes in signal amplitude are converted into spikes;

Acquisition of
Neural Signals

EEG Simulated
intracortical

Preprocessing

Nwdwdipdi: 8 a1

Simulated
intracortical

population encoding in which groups of neurons take
joint  responsibility in representing movement
features; and delta modulation whereby smooth noise
resistant spikes are generated out of noisy signals
Figure 3. The individual EEG or ECoG channels are then
transformed into a biologically realistic spike train
with the specific amount of temporal and amplitude-
dependent response variations typical of motor cortex
responses. These spike-encoded signals are realistic
inputs which enable the SNN to replicate the realistic
cortical firing patterns which relate to motor planning
and execution.
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Fig. 3. Integrated Workflow for Neural Signal Acquisition, Preprocessing, and Spike Encoding

3.3 Development of Cortical Spiking Neural Network

Premotor Cortex (PMC) Layer Movement Intention
Generation

The initial layer of the designed SNN is the Premotor
Cortex (PMC) layer that performs the task of producing
high-level motor intentions, using the neurally
encoded signals in terms of spikes that the brain is
receiving. This layer perceives the neural activity that
relates to the voluntary movement planning and
transfers the important behavioural instructions like
direction of motion and the presence or absence
trigger motions and desired velocity paths. The
Izhikevich spiking neurons are used to make up the
PMC because they can replicate a variety of cortical
firing behaviours with computational efficiency. Cross-
lateral inhibitory loop is added to perfect intent
signals so that various motor objectives are clearly
distinguished. PMC uses a learning mechanism called
Spike-Timing-Dependent Plasticity (STDP) to encode
learning to associate particular patterns of spike input
with movement intention such that the system makes
stable neural representations which replicate
biological premotor processing.
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Primary Motor Cortex (M1) Layer -Directional Motor
Coding and Learning

The mid processing level, the Primary Motor Cortex
(M1) layer which interprets high level PMC instructions
into directional patterns of muscle activation in
robotic limb movement. This layer uses a population of
spiking neurons structured to code motor directions in
2D and 3D space in the style of population vector
coding observed in neural cell populations of motor
cortex. Classical STDP is also applied to enhance the
synaptic pathways that represent commonly recurring
spike patterns, whereas Reward-Modulated STDP (R-
STDP)  incorporates feedback of  performed
movements. The effect of this synaptic tuning (based
on reinforcement) is the ability of M1 neurons to
adjust their spatiotemporal firing (to minimise errors
in the trajectories) and enhance precision with time.
Consequently, the M1 layer is successful to store
abstract motor intentions and convert them into more
detailed directional signals to be further controlled.

Learning consequent Robot Control on the
Corticospinal Layer (CSL)

Corticospinal Layer (CSL) is the final step of cortical
SNN model, which is the pathway of communication of
M1 output spikes to continuous motor commands to
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move robotic limb joints. The CSL then uses weighted
spike summation methods to read burst pattern data
to produce smooth joint angles, velocities, and values
of the torque needed to move the limbs in a
coordinated movement Figure 4. These decoded motor
instructions are sent to the robotic control framework
constructed on ROS to be actuated in real time and
provide feedback information. The entire network will
learn using unsupervised STDP to form simple forms of
neural connectivity, then use R-STDP to optimise

I1zhikevich
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b 3
N NN
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STDP
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Preprocessing
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synaptic strengths in terms of movement accuracy and
stability. Lastly, an additional step of supervised
surrogate-gradient backpropagation optimization is
used to achieve precise trajectory which results to an
integrated learning strategy based on biologically
consistent but computationally efficient strategies.
These systems combined facilitate adaptive, smooth
and accurate control of the robotic limbs by the
cortical SNN.

Spikes

(a) PMC Layer

(b) M1 Layer

(c) CSL Layer

Fig. 4. Cortical SNN Architecture Integrating PMC, M1, and CSL Layers for Robotic Limb Control

4. RESULTS AND DISCUSSION

4.1. Simulation Set up and Experimental framework

The suggested SNN-based model of the motor cortex
was introduced and tested with the help of the
extensive simulation environment which provides the
opportunity to estimate the robotic control accuracy
and the performance of the neural decoding. The
Brian2 implementations were used in spiking neural
computations, whereas the ROS-Gazebo
implementation was used to perform robotic motion
generation and physics-based testing using a 6-DoF
robotic manipulator that was used to perform
reaching, grasping, and lifting actions. The simulated
motor imagery signals in the BCI Competition IV
dataset along with neuromorphic intracortical spike
formats were used as neural data in order to mimic
the state of real world BMI. This multimodal
experimental design was used to make sure the system
was being evaluated in biologically meaningful but
controlled conditions but provided a strong platform to
compare the performance of SNNs to ANN-based
baselines in terms of accuracy, latency as well as
energy consumption.

4.2. Classification of Motor Intention and Prediction
of Trajectories

The quantitative analysis showed that the SNN model
achieved a much higher level of success in the cannot

»

possibly motor intention classification as well as
trajectory estimation problems as compared to the
traditional ANN methods. The suggested SNN model
demonstrated a classification accuracy of 92.4 as
compared to LSTM-based ANNs (84.1), CNN-based
hybrids (87.3), and more, so the benefits of spike-
timing preciseness and temporal feature accounts
were noted. The SNN also in trajectory prediction had
a cosine similarity of 0.93 and a mean squared error
(MSE) of 0.07- that of ANN model, which reached a
similar 0.81 and 0.12, respectively. This higher
performance is an indicator that the spike-based
temporal encoding is more efficient in dynamic
movement patterns and the dynamic movement
patterns are better and more accurate translated into
neural activity and converted into robot limb
trajectories.

4.3. Latency, Computational Efficiency and Real-
Time Performance

The applicability of the SNNs in real-time prosthetic
control was further justified by the analysis of the
latency and the cost of the computations. The
synchronous nature of SNNs generated command
generation latencies of 5-10ms, which was much lower
than the 20-40ms command generation latency of
ANN-based systems. Also, the SNNs showed a power
consumption that was 12x less, owing to the sparse
activity of the spiking and the activity of the
computation at the synapses. These advances result in
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the SNNs being very compatible with neuromorphic
hardware and crucial to continuous and low-power
performance in wearable or implantable BMlIs.
Combined with a high processing rate and reduced
power consumption, it is true that the system offers
responsive, stable operation during real-time assistive
applications.

4.4, Operational Advantages, Strength and Practical
Uses

The developed SNN model has a number of useful
features improving the feasibility of robotic limb
control by biological principles. The hierarchical
structure, which has the PMC to M1 to CSL pathway,
further allows realistic neurophysical emulation of
motor cortical information flow and able to decode
noise-robustly because spike-based representations are
smooth despite EEG signals being irregular Figure 5.
Recalibration adjustment through adaptive learning
through reward-modulated STDP hastens error
correction and allows constant recalibration in
response to movement performance resulting in
increased long-term stability in closed-loop operation
Table 1. The systems designed with such properties

are well-suited to neuroprosthetic limbs, being an
exoskeleton which is controlled by the brain, stroke
rehabilitation technologies and teleoperated robotic
platforms. Altogether, the biological realism,
robustness, energy efficiency and adaptive learning
are promising features of the proposed SNN
architecture to become the basis of the future
assistive devices based on BMI.
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Fig. 5. Motor Intention Classification Accuracy Comparison

Table 1. Quantitative Performance Comparison Between SNN and ANN Models

Metric Proposed LSTM (ANN | CNN-BiLSTM Hybrid
Model Baseline)

Motor Intention Classification | 92.4 84.1 87.3

Accuracy (%)

Trajectory Prediction — Cosine | 0.93 0.81 0.86

Similarity

Trajectory Prediction — Mean | 0.07 0.12 0.10

Squared Error (MSE)

Latency (ms) 5-10 20-40 18-35

Power Consumption 12x lower High Moderate

Learning Mechanisms STDP, R-STDP, | Backpropagation Backpropagation + CNN
Surrogate BP features

Robustness to Noise High Moderate Moderate

Real-Time Control Suitability Excellent Limited Good

5. CONCLUSION

This paper describes a biologically relevant spiking
neural network (SNN) architecture that is useful in
simulating the hierarchical organisation and dynamical
processes of the human motor cortex to the control of
robotic limbs. Through the combination of accurate
spike-timing, neuromorphic learning and simulations of
realistic cortical pathways, the proposed system is
shown to be more accurate, lower latency as well as
flexible compared to the traditional ANN-based
systems. The findings point to the capability of SNNs
to decode motor wills solidly, plan smooth robot
walks, and work effectively under a low-power range,
which are the attributes needed in the real-life brain-
machine interface (BMI) uses. More so, this model is
immune to noise and can be incorporated in remote
learning, which allows making it an attractive basis of
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future neuroprosthetic, brain-controlled exoskeleton
and rehabilitation technology applications. In general,
this paper highlights the potential revolutionary
impact of SNN-driven motor cortex emulation in the
future development of intelligent, energy saving, and
biologically based BMI systems.

REFERENCES

1.  Arunkumar, M., Geetha, S., Amudha, K., Suresh, R.,
Ravichandran, V., &Geetha, K. (2022). Genetic
diversity and QTL-marker association analysis of rice
germplasm for grain number per panicle and its
contributing traits. Electronic Journal of Plant
Breeding, 13(2), 558-566.

2. Andersen, R. A., &Buneo, C. A. (2002). Intentional
maps in posterior parietal cortex. Annual Review of
Neuroscience, 25, 189-220.

3. Davies, M., Srinivasa, N., Lin, T. H., Chinya, G., Cao,
Y., Choday, S. H., Dimou, G., Joshi, P., Imam, N., Jain,

I



Rajan.C : Spiking Neural Network-Based Modeling of Human Motor Cortex for Robotic Limb Control

10.

11.

12.

13.

14.

15.

S., Liao, Y., Lin, C. K., Lines, A., Liu, R., Mathaikutty,
D., McCoy, S., Paul, A., Peter, A., Taba, B., ... Wang,
H. (2018). Loihi: A neuromorphicmanycore processor
with on-chip learning. IEEE Micro, 38(1), 82-99.
Gerstner, W., &Kistler, W. (2002). Spiking neuron
models: Single neurons, populations, plasticity.
Cambridge University Press.

Izhikevich, E. M. (2003). Simple model of spiking
neurons. IEEE Transactions on Neural Networks, 14(6),
1569-1572.

Kasabov, N. (2020). Integrating brain signals and spiking
neural network models for BMI applications. Neural
Networks, 122, 200-215.

Lebedev, M. A., &Nicolelis, M. A. (2017). Brain-machine
interfaces: From basic science to neuroprostheses.
Physiological Reviews, 97(2), 767-837.

Legenstein, R., Pecevski, D., &Maass, W. (2008).
Learning of reward-based SNNs with stochastic synaptic
transmission. PLOS Computational Biology, 4(10), 1-13.
Pandarinarath, S., et al. (2015). Neural population
dynamics in motor cortex during reaching. Nature, 538,
515-518.

Ponce, B. A., Menendez, M. E., Oladeji, L. O.,
Fryberger, C. T., Dantuluri, P. K., &Navo, P. (2016).
Robot-assisted and computer-assisted technologies for
reconstructive and orthopaedic surgery. The Journal of
Bone and Joint Surgery, 98(2), 168-177.

Rajan, C., &Shanthi, N. (2013). Swarm optimized
multicasting for wireless network. Life Science Journal,
10(4), 511-516.

Saranya, N., Geetha, K., Sarumathy, C., &Rajan, C.
(2019). Literature survey of data latency reduction
techniques in mobile edge computing-loT. Journal of
Critical Reviews, 7(6), 2020.

Sathya, D. J., &Geetha, K. (2013). Quantitative
comparison of artificial honey bee colony clustering and
enhanced SOM-based K-means clustering algorithms for
extraction of ROl from breast DCE-MR images.
International Journal on Recent Trends in Engineering &
Technology, 8(1), 51-57.

Suganya, E., Aravindhraj, N., Sountharrajan, S., Kumar,
G. S., &Rajan, C. (2020). Automatic classification for
preventing duplication of online multimedia data in
secure cloud infrastructure. International Journal of
Advanced Intelligence Paradigms, 16(3-4), 404-413.
Todorov, E. (2004). Optimality principles in
sensorimotor control. Nature Neuroscience, 7(9), 907-
915.

» I

Advances in Cognitive and Neural Studies| Sep - Dec 2025



