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Neuromorphic engineering (NE) is becoming an important topic of research due to the paradigm shift from
traditional computing architectures to data-driven, cognitive computing. Numerous studies on neuromorphic
objects, circuits, and systems may be found in the literature. This paper aims to analyze current advances in
NE and related topics in order to recommend important avenues for future research. Developing new computing
paradigms and guiding the development of a new generation of technologies that can combine the benefits of
large-scale industrial electronics with the computational performance of brains requires an understanding of the
computational principles used by the brain and how they are physically embodied. Given the increasing volumes
of data and the pressing need for intelligent, flexible computing, our analysis suggests that NE has a bright future.
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Introduction

Carver Mead coined the term neuromorphic engineering
(NE) in the late 1980s. It explains how to recreate the
neurobiological structures and computational capacities
found in the human nervous system using very large-scale
integration (VLSI) systems, which incorporate software and
digital, analog, and mixed-mode VLSI (1). Unlike the Von
Neumann digital machine, the human brain can operate
in an analog environment and do complicated tasks in
huge quantities with little power and space needs (2). To
comprehend NE, one can employ hardware elements like
threshold switches, oxide-based memristors, transistors, and
spintronic memory.

The design concepts and structural frameworks of many
Northeastern research fields, such as physics, biology,

computer science, mathematics, material science, and
electronic engineering, are based on human neurological
systems (3). The rest of the paper is organized in this manner.
Section “Motivation”explains why the NE survey was
conducted. The many models used in engineering computers
are covered in Section “Representation of the various
models”. Section “Different training algorithms” gives a
summary of the various learning strategies and techniques
used. The hardware implementations are discussed in
Section “Hardware implementation”. The most recent NE
initiatives are covered in Section “Current initiatives”.
Section “Applications” discusses the kind of applications
where NE has proven useful in earlier studies. A list of open
research questions and a forward-looking assessment of NE
are included in the study’s conclusion.
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Motivation

We reviewed the research in this area because of the
growing trend over time in favor of the studies and
advancements in NE. The goal of computer scientists has
been to simulate organic neural networks in virtual machines.
This effort has led to significant breakthroughs in the fields of
machine learning, artificial intelligence, and artificial neural
networks (ANNs). This study focuses on the development of
neuromorphic computing and the analysis of various neuron
models. We examine a few of the motivations behind the
development of neuromorphic systems across time, drawing
on the sources mentioned in the literature.

Representation of the various
models

Neuron models

Neurons generate electrical impulses in response to external
inputs, which they subsequently transmit to other neurons
(4). Some of the most important physical traits and
physiological roles of a neuron are listed below.

Axons and dendrites

Axons communicate with other neurons by carrying the
inputs that dendrites get from other cells (4, 5). Through
synaptic connections, a neuron in the dendritic tree can
receive inputs from a variety of cell types.

lon channels

Certain proteins called ion channels generate electrical
signals that go through the heart, brain, and muscles (6). The
numerous ion channels that permit ions to enter and exit cells
include those that cross the membranes for potassium (K*),
sodium (Na™), calcium (Ca?T), and chloride (Cl™) ions (4).
Ion channels, which react to a shift in potential across the cell
membrane by opening and closing, regulate ion passage.

Membrane potential

According to Daroft’s 2014 encyclopedia, the membrane
potential is the difference in voltage between a neuron’s
inner and outer. A neuron’s resting potential, or the voltage
across its cell membrane about its surroundings, is roughly
-70 mV (4). The concentration gradient is maintained by
the ion channels in the cell membrane, which maintain a
steady membrane potential difference. While sodium ions
are far more concentrated in a neuron’s extracellular fluid,
potassium ions are substantially more prevalent inside a
neuron than outside.

Hyperpolarization and depolarization

One phase in the hyperpolarization process is to make
the membrane potential more negative (4). On the other
hand, depolarization results in either positive or less negative
membrane potential values.

Action potential

Neurons generate a special type of electrical signal that travels
along their long axons. These signals are also called action
potentials (7) and “spikes” or “impulses” (8). The action
potential opens ion channels at synapses, allowing calcium
(Ca%t) ions to enter and releasing a chemical messenger
called a neurotransmitter.

Refractory period

The short time after an action potential when the axon
becomes resistant to further stimulation is known as the
refractory period (9). It is identified by an increase in the
threshold for the firing of the next pulse, which follows a
firing pulse. The moment after the spike is created when
the system can no longer be aroused is known as this
(10). Absolute and relative refractory periods are the two
types of refractoriness. The amount of time that a second
spike cannot be unquestionably generated, regardless of
stimulus intensity, is known as the absolute refractory period.
The relative refractory period, which follows the absolute
refractory period, is defined by suppressing the initiation of
a second spike rather than its impossibility.

The following discusses several neuron models.

Hodgkin-Huxley model

The conductance of Na™ and K of the axon membrane
are varied in this model to systematically represent the ionic
currents in the giant squid axon (11). A mathematical model
is described in Koslow and Subramaniam (12) that uses many
voltage clamp tests to show the time- and voltage-dependent
characteristics of Na™ and K™ conductances. The Hodgkin-
Huxley model (13), a system of differential equations derived
from this discovery, established the ionic foundation of the
action potential.

Izhikevich model

The bursting and spiking behaviors of certain cortical
neurons are explained by this model (14), which combines
the computational efficiency of the integrate-and-fire neuron
with the dynamics of the Hodgkin-Huxley model. According
to the study Van Schaik et al. (15), this model is constructed in
the first-order log domain using two translinear multipliers
and low-pass filters. The gadget could also change the input
current, bias voltages, and currents to display the spike
patterns of the neuron model.
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Mihalas-Niebur neuron

The generalized integrate-and-fire neuron model is another
name for this model (16). Several of the bursting and
spiking features observed in actual biological neurons
are also found in this model (15, 17). It explains each
of the state variables using simple first-order differential
equations, unlike earlier simplified Hodgkin-Huxley neuron
models (18). By Folowosele et al. (19), the Mihalas-Niebur
model is implemented in complementary metal-oxide-
semiconductor (CMOS). Among the spiking characteristics
discussed here are rebound spiking, which generates
spikes after being released from a hyperpolarized state,
hyperpolarized spiking, which generates spike trains in
response to continuous stimuli, and phasic spiking, which
produces a single spike at the beginning of a stimulus but
remains inactive for the remainder of the stimulus.

Leaky-integrate-and-fire model (LIF)

The Leaky-integrate-and-fire (LIF) model, which describes
how action potentials are generated in response to
continuous inputs, is generalized by the spike response model
(20). The membrane potential differential equations were
used to build the spike response model, which was mostly
based on filters (21), which examines a straightforward model
that faithfully mimics the spiking behavior of neurons. As
previously mentioned, LIF models are frequently employed
to mimic neural activation.

For discrete-time input spiking The LIF model’s equation
can be expressed as

1 () = Vyest + RU(H) (t1—1 — (veest + RID)) e~ 5 (1)

where vy is the cell’s resting potential, I(t) is the injected
current, T is the membrane’s “leaky” time constant, and R is
the membrane’s resistance. R is assumed to be unity in spiking
neural network (SNN) applications, and

I(t) =D wixi (t) 2)

xi(t) is the equivalent spiking input to the ith presynaptic
neuron, and w; is the synaptic weight between the target
neuron and the presynaptic neuron.

The LIF model is an upgraded integrate and fire model that
accounts for membrane voltage leak, a feature of real neurons
that results in an increase in the interspike interval (ISI) over
time for a normal spike train.

The membrane potential experimentally determined and
the matching stimulus current during sweep 51 of a
single epileptic cell ID (cell id: 488392806) are shown in
Figure 1. Sweeps are a collection of experiments on the
electrophysiological data of cells.

The response and the ISI between two consecutive spikes
for a particular neuron are represented in Figure 2.

Adaptive exponential integrate-and-fire-model

The membrane potential and adaptation current can be
used to mathematically express the two-dimensional model
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FIGURE 1 | Typical excitation (current applied) and the corresponding
response (membrane potential) of a single neuron (Epileptic Cell id -
488392806, Sweep — 51) (22).

(20, 23). It is an extension of the exponential LIF neuron,
which can reproduce the upswing of an action potential
with an exponential function and its downswing with a reset
condition. When the membrane potential approaches the
threshold voltage in this case, the exponential term causes the
voltage to increase rapidly (24). Furthermore, subthreshold
adaptation and spike-triggered adaptation are controlled by
a few model parameters.

McCulloch-Pitts model

According to Chakraverty et al. (25) and Mehlig (26), this
model is the first neural network model with weighted
directed paths connecting neurons. A generalized model
of the McCulloch-Pitts neuron can be used to determine
the threshold in an axon with time-dependent nonlinear
dynamics (27). The weighted inputs from the other neurons
in the network are added linearly by this model to determine
the value of a binary unit (28).

Synapse models

The junction of two neurons where communication occurs
is called a synapse. Information is transmitted from
a presynaptic source neuron to a postsynaptic target
neuron (29). The human body contains two different
types of synapses: electrical and chemical (30). Electrical
synapses allow ions and chemicals to connect directly to
neurons. A chemical synapse, on the other hand, delays
the signal’s delivery from the presynaptic neuron to the
target cell. The postsynaptic cell needs a neurotransmitter
that diffuses across synapses and binds to receptors
to generate an electrical signal. In a chemical synapse,
the space between the target and presynaptic source
membranes is known as the synaptic cleft (31). When the
neurotransmitter binds to the receptor, the ion channels
open or close. The target cell's membrane potential
changes as a result of this. Positively charged ions
(Na®) may enter a postsynaptic cell and depolarize it
when the membrane voltage changes, which increases
the possibility that the action potential will spread.
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FIGURE 2 | Neuronal Response for a single neuron (22).

An excitatory postsynaptic potential is the term used
to describe this occurrence (32). In contrast, inhibitory
postsynaptic potentials (IPSPs) are caused by the outflow
of positive ions (KT) or the influx of negative ions
(CI™) from the postsynaptic cell. These ISPs lead to
hyperpolarization and decrease the likelihood of action
potential propagation (33).

The many types of synaptic contact are then discussed.
Presynaptic neurons join postsynaptic neurons through
their dendritic spines to form axodendritic synapses (34).
Axosomatic synapses usually terminate in the soma, or cell
body, of the postsynaptic neuron. Axons from presynaptic
neurons and postsynaptic neurons can form synaptic
connections known as axo-axonic synapses.

The strength or weakness of synaptic connections over
time is referred to as synaptic plasticity (35). There are
two types of synaptic plasticity: short-term plasticity (STP)
and long-term plasticity (LTP). Short-term depression (STD)
and short-term facilitation (STF) are the two types of STPs.
A few milliseconds to several minutes is the average duration
of an STP. The postsynaptic response (STD) drops and
the synaptic strength (STF) increases as presynaptic activity
repeats (36). LTP is an activity-dependent synaptic strength
shift that can last anywhere from a few minutes to several
hours or more (37). Like STP, there are two types of LTP:
long-term depression (LTD, decreased synaptic strength) and
long-term potentiation (LTPo, increased synaptic strength).
Spike-timing-dependent plasticity (STDP) (38, 39) is a
phenomenon in which the amount and sign of LTD and LTPo
can be determined by the order and time interval between the
presynaptic and postsynaptic spikes.

The many synaptic models are covered in the section
below.

Synapse models based on non-conductance
Current dependence characterizes these models (40). The
several non-conductance-based synapse models are as
follows:

Current source synapse model.  This hypothesis states that
an action potential activates a voltage-controlled current
source transistor that is linked in series with a switching
transistor (31, 41). This small model has no current
dynamics. The postsynaptic cell is not significantly impacted
by the input pulses’ speed. When VLSI systems are connected
to pulse-based neural networks, the neural code is generated
using average firing rates (42). This circuit may be able
to match currents in addition to doing two-quadrant
multiplications (43).

Reset-discharge  synapse model. Comprising three
P-channel field effect transistors (pFETs) and one capacitor,
this synaptic circuit generates an excitatory postsynaptic
current (EPSC) that decays exponentially with time and
lasts longer than the input pulse duration (31). The non-
linear summing of all input spikes prevents the creation
of the linear summation of postsynaptic currents, which is
frequently required in synaptic models (41).

Linear charge-discharge synapse. At both times, the
circuit allows the output current to increase and decrease. All
transistors are assumed to be saturated and to operate below
the threshold (31) and (41), respectively. This model’s high-
impedance node and non-linear integrator characteristics are
among its disadvantages. A low input frequency reduces the
node’s ability to encode the frequency by lowering the voltage
across the node.

Current mirror integrator synapse. A current mirror
integrator circuit is constructed in this model by joining
a diode-connected transistor with another transistor (31).
The capacitor integrates the charge, whereas the diode-
connected transistor at the input side leaks it away (44). This
circuit features a non-linear saturation value, the maximum
amplitude of which is dictated by the weight and time
constant bias, and the output current rises as the input firing
rates do. This circuit works when it is in a stable condition.

Log-domain synapse. In this model, the sub-threshold
MOSFET’s gate-to-source voltage and channel current are
logarithmic (31). The circuit may be susceptible to the
trans-linear principle due to its exponential relationship
(45, 46). According to this theory, the product of the
currents flowing in clockwise and anticlockwise directions is
identical for a group of transistors coupled in a closed-loop
configuration (47).

Log-domain integrator synapse. Only an input spike
triggers the activation of this model’s input current (31).
Unlike all of the previous models discussed above, this circuit
has linear filtering qualities, which means that all incoming
input spikes are summed up linearly. Local adaptation
techniques, which can resolve chip-area problems that occur
during the manufacture of VLSI multi-neuron chips, are
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not used by the synapses in this instance. These circuits
can help implement synaptic dynamics in neuromorphic
networks (48).

Differential pair integrator synapse. As a log-domain
filter, this circuit can generate the exponential dynamics
observed in the excitatory and inhibitory postsynaptic
currents at synapses (49). The differential pair integrator
(DPI) circuit described in the publication (50) works with
both homeostatic synaptic scaling and spike-based learning
principles. A software control system with a loop is used
to implement a synapse circuit in a VLSI chip in order to
stabilize the properties of homeostatic control. Homeostasis
is a self-regulating process by which biological systems try
to maintain stability by adapting to the conditions that
are favorable for survival (51). By overcoming challenges
that arise when manufacturing big charge packets that are
delivered into the neuron’s integrating capacitor for brief
input spikes, this form of circuit offers the advantage of
perhaps avoiding the need for additional pulse-extender
circuits (31).

Conductance-based synapse circuit models

These are voltage-dependent models (40). Various
conductance-based based synapse models are discussed
below:

Single transistor synapse. A transistor functioning in
the ohmic region can generate postsynaptic current based
on the difference between the reversal potential and
the membrane potential (31). This paradigm includes
the ability to learn, compute, and store non-volatile
information (52). It is possible to perform long-term weight
storage, calculate the product of the input and the weight
value, and update the weight value in a single-transistor
synapse using the backpropagation (BP) learning algorithm.
Their low power consumption and tiny size facilitate the
development of dense synaptic arrays. In this instance,
the increment-decrement functions are proportional to the
source current’s power.

Switched-Capacitor model.  Several
synaptic conductances, including a-amino-3-
hydroxy-5-methylisoxazole-4-propionic  acid (AMPA),
gamma-aminobutyric acid (GABA), and N-methyl-D-
asparate (NMDA), may be accurately represented by this
conductance-based synapse model (53). This idea suggests
that it is easier to switch between the technologies. This
article describes a mixed-signal neuromorphic system that
calculates the conductance value of many synapses using
digital circuitry and switched-capacitor synapses. The digital
logic can be synthesized, but the analog building blocks are
common. Some STP presynapses and stop-learning synapses
are implemented via the SC circuits in a neuromorphic
system that uses the CMOS process, as explained in Noack

types of

et al. (54). This circuit allows for real-time operations by
minimizing leakage effects.

Synchronous-Asynchronous release STP model

The entering action potential is exactly matched by the
neurotransmitter’s release. Asynchronous neurotransmitters
are released through this stochastic synchronized release
mechanism, known as synchronous-asynchronous release,
which can intensify even when there is no spiking
activity (55). By utilizing experimental data from the
inhibitory fast-spiking synapses of human epileptic cells,
Neft et al. (56) showed that this model produces the
behavior of an asynchronous neurotransmitter release. Both
synchronous and asynchronous neurotransmitter release
affect the synaptic regulation pattern of a single neuron.
This model generates the behavior of an asynchronous
neurotransmitter release, as demonstrated by Neft et al. (56)
using experimental data from the inhibitory fast-spiking
synapses of human epileptic cells. An individual neuron’s
pattern of synaptic control is influenced by both synchronous
and asynchronous neurotransmitter release.

Multi memrristive synapses model

According to Ansari (57), a memristor is a device that
has two terminals that connect the linkage between electric
charge and magnetic flux. In this case, the resistance depends
on the polarity and magnitude of the applied voltage as
well as the temporal length of the potential (58). These
gadgets can operate similarly to the physical principles of a
brain as well as synapses. According to this paradigm, the
equivalent conductance of several devices determines the
synaptic weight (59). The resolution and dynamic range of
the synapses are increased by using multiple devices. This
type has a high crossbar compatibility and is very reliable.
In order to complete the recognition of different letters, a
memristor crossbar circuit is discussed in Paper (60). Because
the H two-terminal memristor has better properties than
most physical memristors, it was chosen. In this model, a
memristor powers the winner-take-all and mirror circuits.
The performance of the circuit has been seen in a number
of memristive distributions and variations.

Hybrid CMOS/Memristor synapse model

The hybrid CMOS synapse model (61) consists of a high
density of ultra-thin sheets of resistance switching devices
coupled with a CMOS subsystem that is reliable, flexible,
and very effective. Based on crystallization in chalcogenide
materials and the impact of magneto-resistance in a magnetic
tunnel junction, the memristor is made up of three devices:
resistive switching memory (RRAM), spin transfer torque
memory (STTRAM), and phase change memory (PCM) (62).
Memristors offer great capacity, reduced cell sizes, and quick
speed. With this method, neuromorphic networks with high
density, functionality, and low power consumption can be
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created using RRAM and PCM. Utilizing a DPI circuit, the
input spikes are integrated, and the circuit in Fayyazi et al.
(63) shows how to build many arrays of synaptic weight
elements with independent inputs.

Network models

These models discuss the connections and interactions of
different neurons and synapses. The various network models
are discussed below.

Recurrent neural networks

A recurrent neural network (RNN) has at least one feedback
loop to help with activation (64, 65). This accelerates the
temporal processing and sequence learning of the networks
and enables tasks such as temporal prediction and sequence
recognition. The most popular kind of RNN architecture
is a Multi-Layer Perceptron (MLP) with a few more loops
added to the standard design. The results of a CMOS single-
chip implementation and an analog VLSI system with a
straightforward and scalable architecture for learning in
dynamical RNNs are covered in Cauwenberghs (66). Instead
of computing the gradient using an explicit model of the
network dynamics, the learning architecture uses a stochastic
approach that directly examines how the network error
depends on the parameters. An essential part of intrusion
detection, a key element of information security, is the
capacity to precisely identify different kinds of network
invasions. A deep learning-based intrusion detection system
is modeled in this paper (67), which also assesses the model’s
performance in binary and multiclass classification, as well
as the effects of different learning rates and the number of
neurons on the suggested model’s performance. The study
employs a deep learning method for intrusion detection
called recurrent neural networks (RNN-IDS).

Stochastic neural networks

These neural networks are created by randomly altering
the network by giving its neurons stochastic weights or
stochastic transfer functions (68). This can help with problem
optimization since random oscillations allow it to escape
from local minima. The on-off transition of an oxide
synaptic device assumes a probabilistic character under weak
programming conditions (69). This switching variability
can be used to build a stochastic learning rule. Similar
system performance was found for the binary synapse,
which uses stochastic learning, and the analog synapse,
which uses depression-only learning, in an examination of
a winner-take-all network simulation for the orientation
classification function.

Distributed multichip networks

A grid network for broadcasting the spikes by relaying them
from chip to chip, in a multichip neuromorphic system, has

been implemented in Merolla et al. (70). Unlike a bus, the
capacity of the grid does not decrease when chips are added
to it, so the grid can be expanded. Also, the cycle time of
the grid is shorter than the bus, and hence latency is not
increased in multiple relays. The addresses of the chip for
indicating the source of spikes are automatically assigned by
the implementation of an asynchronous relay. In the paper
Shao et al. (71), the importance of multichip modules having
fine-grained chipsets used in areas with large computation
and on-chip storage has been discussed. Here, a 36-chipset
prototype of the multichip module system for deep learning
inference, termed Simba, has been built and implemented.

Spiking neural networks

Third-generation neural network models that mimic the
information flow in actual neurons are called SNNs (72).
Using computationally realistic cycle time neurons, this
network aims to close the gap between neuroscience and
machine learning (73). The incidence of spikes, which
signify a number of biological activities, including the
membrane potential of the neuron, may be determined
using differential equations. SNNs work with discrete events
instead of continuous value chipsets because they employ
spikes. Reaching its potential causes a neuron to spike
and then reset. Because the SNN can encode the temporal
information in signals, it outperforms the non-spiking ones
in terms of power. Vreeken’s (74) “spiking,” the author of
Ghosh-Dastidar and Adeli (75), presents the multi-SNN and
its training technique, which involves information being
transferred from one neuron to another via many synapses
in the form of multiple spikes. The performance of the model
and its learning procedure are computed using the three
pattern recognition problems. These consist of the eXclusive
OR (XOR) problem (76), the Fisher iris plant classification
problem (77), and the electroencephalogram (EEG) epilepsy
and seizure detection problem (78).

Deep neural networks

An ANN having several layers between the input and output
layers is called a deep neural network (DNN). Despite
their wide range of configurations, neural networks all
have the same basic elements: synapses, neurons, weights,
biases, and functions. Technology, particularly the quick
development of brain imaging technologies, has always been
crucial to the study and emphasis of new perspectives on
the structure and function of the brain. Medical research
makes extensive use of image processing methods to
enhance early diagnosis and treatment. Thus far, DNNs have
shown exceptional performance in applications involving
classification and segmentation. Consequently, a deep
wavelet autoencoder (DWA) method for image compression
is presented in this paper (79). DWA combines the basic
feature reduction capabilities of an autoencoder with the
picture decomposition capabilities of a wavelet transform.
The combination of both greatly minimizes the size of the
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feature set for a longer-term DNN classification assignment.
The suggested DWA-DNN image classifier was taken into
consideration after a collection of brain images was collected.
In recent years, recommendation systems have been widely
used to provide customers with suggestions across a range
of commercial platforms. One of the primary algorithms
utilized in recommendation systems is collaborative filtering.
Despite the simplicity and efficiency of these methods, the
sparsity of the data and the scalability of the approach
limit their performance, and it is challenging to improve
the quality of the proposed findings. As a result, a model
that integrates deep learning technology with a collaborative
filtering recommended approach is proposed (80).

Different training algorithms

The various learning algorithms used in a neuromorphic
system are discussed below.

Unsupervised learning

A machine accepts inputs in unsupervised learning, but it
does not receive the desired outputs or rewards from its
surroundings (81). It can be used to identify patterns in
data that go beyond what would be expected from pure
unstructured noise. The study Kreiser et al. (82) discusses
spike-based unsupervised learning in a neuromorphic system
that is constructed with analog electronics that use spiking
neuron circuits and low-power synapse circuits with on-chip
plasticity. The winner-take-all network configuration of the
silicon neuron populations, in this case, allows the system to
automatically learn how to categorize the input patterns of
the various spike rates.

Supervised learning

In supervised learning, one can observe both the input
and the output of a component (83). Here, the learning
element is provided almost the precise value of a particular
input function and even tries to change the representation
of the function to match the information in the feedback.
By promoting synaptic plasticity on the single-spike system,
this learning algorithm, as proposed in paper (84), enhances
learning ability and attains nearly identical accuracy when
compared to similarly configured SNNs and ANNs. In
order to modify the slope of the activation function (AF)
associated with the neurons, Panda and Panda (85) have
devised new BP learning rules. The combined rules for
linking sigmoid function slopes and weights are then exposed
to the ANN structure in order to facilitate faster training.
The trained ANN also solves the benchmark problems
of nonlinear system identification and classification. The

nonlinear AF in a typical artificial neural model follows
the weight sum method. Panda and Panda (86) suggest a
modified artificial neural network (MANN) and determine
the optimal BP learning method by prioritizing the AF
above the connecting weights of each artificial neuron.
The asymmetric decoding method may successfully generate
synaptic weight categorization and updating when paired
with supervised learning. A spike-based supervised learning
approach for the handwritten digit recognition problem and
network optimization for the number of learning parameters
for its implementation on memory and energy-constrained
hardware are provided in the paper (87). Four modified radial
basis function neural network (RBFNN) models have been
presented in Panda and Panda (88). These four modified
RBENN models have a number of popular uses.

These days, image processing is essential for the early
detection and management of a number of illnesses, such
as cancers of the breast, lung, and brain. Nowadays, the eye
examination method is an effective way to diagnose most
cancers. Due to differences between and within observers,
the visual evaluation of small biopsy images by humans
is incredibly subjective, time-consuming, and contradictory.
This will allow for the early identification of the cancer and
its makeup for the purpose of final treatment and repair. This
machine learning-based backpropagation neural network
(MLBPNN) (89) brain tumor classification technique reduces
the inter-observer variability while assisting pathologists in
identifying threats more precisely and effectively.

Reinforcement learning

Reinforcement learning is a closed-loop algorithm where
the learning system’s actions influence subsequent inputs.
Instead of knowing what has to be done in advance, the
learner experiments to determine which action will yield
the greatest reward (90). This learning is almost the same
as supervised learning, with the exception that it requires
a critic instead of a teacher (91). The inverted pendulum
technique (92, 93), has been used to create a memristive-
based neuromorphic circuit for reinforcement learning in
Wu et al. (94). Here, the learning algorithms significantly
lower the number of weight updates.

Evolutionary algorithms

Evolutionary algorithms, also known as stochastic direct
search methods based on population, mimic natural
evolution (95). Evolutionary algorithms optimize the
neural networK’s synaptic connection based on a task-
dependent fitness function (95). Unlike the popular machine
learning methods, these algorithms allow both the network
architecture and the change of link weights.
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Hardware implementation

The hardware implementation of a neuromorphic circuit is
discussed below.

Digital

Using CMOS technology, the learning mechanism present
in biological neurons has been applied in Seo and
Seok (96). Here, transistor scaling and dynamic voltage
scaling have been used to implement dense and low-
power hardware using memory circuits and digital logic
for neuromorphic processor design. Additionally, two
neuromorphic processors have been implemented that
can integrate and fire synapses and neurons for pattern
recognition and clustering applications. A ring-oscillator-
based synapse and neuro module in a CMOS neuromorphic
conductance-based 5 nm technology with higher time is
described in a study (97). Without biasing, the digital
neuron module generates frequent, rapid spikes and intrinsic
bursts that resemble biological firing patterns. Excitatory
and inhibitory synapses are both components of the synapse
module. Paper, Kim et al. (98), describes the architecture
of an optimized SNN digital hardware accelerator that uses
an efficient synapse memory structure. This design lowers
the hardware resources needed to keep the network size and
performance in balance. The presynaptic weight scaling can
be used to decrease the size of synaptic memory. The neuron
machine, a specialized hardware design for modeling large-
scale neuromorphic systems, is described in Ahn (99). This
machine system consists of one digital hardware neuron, a
memory unit, and a large-scale fine-grained pipelined circuit.
The inherent parallelism of neural networks can be used
by a neuron machine on a big scale since pipelining and
large-scale memories are widely used.

Analog

Spiking dynamics of neurons in a network of analog
silicon neurons with dynamic conductance-based synapses
were demonstrated in the journal (100). The analog VLSI
processor reproduces the continuous-time dynamics of a
digital programmable network of four biophysical neurons.
Mill et al. (101) discuss a model of synaptic depression-
based stimulus-specific adaptation and how it is used in
neuromorphic analog VLSI. Biologically appropriate spike
trains that resemble the stimuli used in physiological
studies have been used to evaluate the hardware device. An
analog circuit design and component implementation for
an adaptive neuromorphic olfaction chip were provided in
Koickal et al. (102). A DC offset cancellation circuit is part of
the chemical sensor’s signal processing circuitry. To carry out
the odor information, the data from the on-chip odor sensors

is decoded using an analog circuit and employed as temporal
spiking signals.

Current initiatives

The recent trends hardware are

discussed below.

in neuromorphic

SpiNNaker

SpiNNaker, a digital neuromorphic architecture, was
developed by the University of Manchester to simulate
biologically inspired SNNs (103, 104). At the heart of it
all is a low-power general-purpose ARM processor that
can use basic ARM instructions to translate all of the
neural model equations directly into the machine. The
complete system consists of 57,000 nodes with 1,036,800
ARMY processors and seven terabytes of RAM. Each node
features 128 MB of off-die synchronous dynamic RAM
and roughly 18 cores (105). SpiNNaker’s massively parallel
architecture is powered by a specifically developed million-
core system-on-chip (106). The full-scale simulations of a
cortical microcircuit on SpiNNaker have been explored in
van Albada et al. (107) using a neurobiological timescale.
Here, LIF neurons make up the cortical microcircuit.
SpiNNaker’s performance is compared to that of neural
network simulation software (NEST) in terms of accuracy,
power consumption, and runtime. A visual recognition
classification system implemented on an FPGA and a spiking
classifier running on SpiNNaker have been demonstrated in
Tapiador-Morales et al. (108) using a spiking convolution
processor. This processor convolves the visual input stimulus
from a card image. After the convolution, the event is
fired regardless of which one reaches a threshold value.
The SNN model in SpiNNaker is used to process the
output events, and the different card symbols—club, spade,
heart, and diamond—are categorized. The movement of
a neuromorphic audio-guided hexapod robot driven by
spiking central pattern generators is described in Gutierrez-
Galan et al. (109). The many robot gaits generated by these
pattern generators are implemented on a SpiNNaker board.
The spikes generated by these generators are then transmitted
to the servomotors using pulse-width modulation signals
generated by the FPGA.

In Mayr et al. (110), the author describes the path from the
130 nm CMOS SpiNNaker, a machine with one million cores,
to the 22 nm fully depleted silicon on insulator (FDSOI)
SpiNNaker2, a system-on-chip with ten million cores. The
simulation capability of SpiNNaker2 is more than fifty times
larger than that of its predecessor. Millisecond-latency sensor
processing, high-throughput machine learning, rigorous
real-time operation, and excellent energy efficiency are some
of SpiNNaker2’s capabilities. The Deep Rewiring algorithm
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has been used to build a DNN with learning capabilities
on a neuromorphic system, according to the publication
(111). The Deep Rewiring training method maintains sparse
connections by continuously rewiring the network during the
production process. The SpiNNaker2 has continued to run
during the installation’s training and testing stages.

Loihi from intel

The Loihi, an entirely digital, asynchronous neuromorphic
processor, was released by Intel (112). SNNs may be trained
on-chip thanks to its microcode programmable learning
engine. Numerous target platforms, including Loihi silicon,
an FPGA emulator, and a software functional simulator, are
part of the Loihi toolchain. A compiler and runtime library
are also included for creating and running SNNs on Loihi.
SNNs are specified using the Application Programming
Interface, which is based on Python. This device implements
SNNs using 128 custom cores with 1,024 neurons each (113).
Numerous characteristics for the fields, including dendritic
compartments, synaptic delays, hierarchical connectivity,
and programmable synaptic learning rules, may be included
thanks to Loihi (114). It can compute a variety of
optimization problems faster than conventional solvers and
simulate a convolution process based on spikes.

Several Loihi-based neuromorphic technologies developed
by Intel are listed in Table 1. The USB-stick-form-size
device Kapoho Bay, which allows a direct address-event
representation interface to event-based sensors like a camera,
is composed of one or two Loihi chips (115). At first, Wolf
Mountain provided the researchers with a Loihi-based board
that contained roughly four Loihi chips. Intel builds the
framework for larger systems using the FPGA expansion
board that comprises Nahuku. The Nahuku chip boards
used to construct the Pohoiki Beach system contain eight
to 32 Loihi chips each. An extension of the Pohoiki Beach
system, Pohoiki Springs comprises approximately 24 Nahuku
cards (116). With a power consumption of only roughly
300 Watts, Intel’s Pohoiki Springs neuromorphic system
can gather the odor with high accuracy and fewer training

TABLE 1 | Series of Loihi-based neuromorphic systems.

samples. According to the paper Imam and Cleland (117), an
algorithm has been developed and implemented on the Loihi
system based on the structure of the mammalian olfactory
bulb. This algorithm can quickly perform online learning and
aid in identifying the smell from samples when there is noise
present. High-dimensional signals enclosed in unknown
environmental conditions can likewise be identified using the
aforementioned approach.

TrueNorth from IBM

IBM developed TrueNorth, a massively parallel, fully digital
neuromorphic system with 256 million synapses and one
million neurons (118). TrueNorth’s design can compute,
communicate, and store information without a clock
signal. It is also fault-tolerant, scalable, configurable, and
distributed. In Moran et al. (119), TrueNorth’s neurosynaptic
system presented a spinal image segmentation technique
utilizing a deep learning network deployed on neuromorphic
hardware. This is done by comparing the network’s
performance with human-made disk segmentation and
spinal vertebral segmentation. To analyze a stream of data
and determine what kinds of features it includes, this system
employs a sophisticated neural network model.Citation:
Nurse2016decoding. Before a TrueNorth chip is designed, a
neural network must be created, trained, and validated using
an existing dataset. It is then necessary to use the network
to determine the chip’s settings. The work Lohr et al. (120)
has introduced a technique for mapping the canonical neural
circuit model, which aids in describing the experimental data
from various computational neuroscience areas.

Human brain project

The human brain project aims to increase our knowledge of
the human brain by providing the European brain research
infrastructure for neuroscience and neuroinspired research,
as well as rigorous data sharing and collaboration (121).
The human brain is the foundation for our ability to

Loihi-based neuromorphic No. of Loihi chips Board used No. of neurons incorporated No of synapses incorporated
system (in thousands) (in millions)
Kapoho Bay lor2 USB form factor 131-262 130-160
Wolf Mountain 4 Board 524 520
Nahuku 8-32 FPGA extension 1,048-4,194 1,040-4,160
card
Pohoiki Beach 64 Multi-board 8,388 8,320
system
Pohoiki Springs 768 Multi-board 100,663 99,840

system
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think, feel, act, remember, be conscious, and be self-aware.
This project contributes to the development of a novel
understanding of the human brain and explores platforms
that can incorporate all the information gathered about the
anatomy and physiology of the brain. New models that
can be validated by supercomputer simulations are planned
using this data (122). Virtual prototypes of neuromorphic,
neuroprosthetic, and robotic devices; the construction of
virtual laboratories for drug simulation, basic and clinical
studies, etc; and the generation of new neuroscientific
data for modeling, research, and development in the
domains of supercomputing, informatics, and modeling are
also beneficial.

Applications

Communication systems

Neuromorphic VLSI circuits require a communication
system’s substructure (123). In addition to tailoring the data
of the numerous system components, a very sophisticated
network is needed to transmit pulse events among the
numerous synapses and neuron circuits. In the article
Thanasoulis et al. (124), a packet-based communication
network that offers inter-node connectivity and pulse
stimulation has been built on an FPGA. This further
makes it possible for a host unit to fully design and
control a neuromorphic system. This device has a huge
playback memory that allows for quick system configuration,
monitoring, and stimulation in addition to capturing brain
activity and pulse events. An architecture that can handle the
routing needs of a multi-node and accelerated neuromorphic
system is presented in Thanasoulis et al. (125). Neural events
can be routed in a parallel, tree-like fashion to various
postsynaptic neuron blocks with an adjustable propagation
delay for each transmission thanks to the capacity to repeat
pulses at each node. In this instance, network traffic is
generally decreased using the link-tag routing method.
The design uses less hardware resources while increasing
throughput. A study, Tsurumi et al. (126), claims that pulse
width modulation neuromorphic circuits are appropriate for
SSD-based near-data computing. The neuron in question is
made up of a microcontroller, a charge pump, clock counters,
and ten pairs of oscillators. This type uses less electricity
and produces superior energy efficiency. This circuit is
constructed using a common 180 nm CMOS technology, just
like the peripheral circuits of NAND flash memory.

Robotics

A mixed-signal neuromorphic circuit of a joint-driving
central pattern generator with adjustable oscillation
frequency, duty cycle, and phase lag between joints is

presented in the study (127). This can be accomplished by
altering the circuits’ settings with a few external commands.
The core pattern generator, which is powered by a few
sensors, adjusts the output pattern in response to sensory
inputs. A coordinated multiple-leg controller that replicates
the adaptive mobility of a leg-bearing animal can be created
by applying the central pattern generator’s module design,
which is used here for a single-leg controller, to several
similar modules. The study, Mitchell et al. (128), discusses the
development of an autonomous robot that avoids obstacles
in its environment by using a neuromorphic computing
system. Because it is based on SNNs, the neural network’s
implementation adaptability is significantly increased.

Image processing

The paper, Subramaniam (129), explores the methods and
algorithms utilized in the emerging field of neuromorphics to
achieve a number of image processing tasks, including object
identification, selective attention, and picture segmentation,
among others. In this case, memristive devices have been
used to enhance performance on the previously described
visual tests. Paper by Scribner et al. (130) demonstrates how
to concurrently rebuild a picture with full intensity and
high resolution while detecting and identifying the dominant
frequency of a quick temporal event utilizing spike-based
data from a neuromorphic readout integrated circuit. The +1
or -1 bits of asynchronous spikes that make up this integrated
circuit’s output are comparable to the ON and OFF pulses
present in a biological retina.

Successfully integrating synthetic systems with the real
world while meeting the demands for accuracy, robustness,
and flexibility is crucial. A growing number and variety
of sensors are being used to do this. For instance, system
integration with state-of-the-art technology is both gratifying
and challenging due to noise, production variances, and
signal swings. By moving from a common amplitude domain
to biology-inspired adaptive spike-domain processing, based
on the generic self-X notion, a feasible solution is offered. In
this work Abd et al. (131) designed and built a neuromorphic
concept and the prototype of an adaptive spiking sensory
front-end with self-X characteristics using XFAB CMOS 0.35
pm technology.

A serious and growing public health concern is Alzheimer’s
disease (AD), a degenerative brain illness. It provides a
concise overview of the causes, risk factors, clinical signs,
diagnosis, treatment, and ongoing research on AD. It cites
Gupta (132) on adversarial methods. The main goals of
managing AD are to lessen symptoms and improve the lives
of those who are impacted. A case study on AD detection
is provided using an AD Detection Network (ADD-NET)
implementation and the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) dataset.
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Voice recognition task

The automatic speech recognition task entails transforming
the acoustics with varying amplitudes of the sound
waveforms for mapping to the frequency domain, which
is used in feature extraction, as stated in article (133).
Here, the relative contributions of acoustic modifications
and neuromorphic hardware to the success rate of speech
recognition are quantified. The increase in word success rate
from the reservoir’s computing device in comparison to the
acoustic transformation is also calculated. In the paper Wu
et al. (134), SNNs are used to model acoustics. The model’s
effectiveness is evaluated on a variety of voice recognition
tasks that require a large vocabulary. The outcomes showed
that SNNs’ voice recognition performance is almost on par
with ANNs with the same network topology.

Robots

Robots are extensively employed and greatly enhance daily
life and industry. Recently, there has been a lot of interest in
creating more intelligent robots through a deep confluence
of neurology and robotics because of the quick advancements
in artificial intelligence and neuromorphic computing. Robot
control has been enhanced through the use of memristor-
based neuromorphic circuits, which are utilized to construct
hardware neural networks (135). These circuits features
increase robot speed, intelligence, and energy efficiency.
Both in the workplace and in daily life, robots are useful
because they can speed up industrial production, help with
household chores, and perform medical treatments. They
are always creating new uses and breaking new ground.
According to Gupta (136), only a small proportion of robots
are actually intelligent and nimble. Like the human brain,
they are unable to make decisions on their own based on
sensory or spatiotemporal data. As a result, they find it
difficult to carry out procedures and activities in intricate
and changing settings with the same accuracy, reliability, and
flexibility as people (137, 138). The potential for developing
highly sophisticated and human-like robot assistants is
considerable, despite the fact that it is frightening.

In Figure 3, memristor-based neuromorphic circuit
systems and the human nervous system are compared
in detail. Hardware neural networks can be built using
neuromorphic circuits based on memristors in four different
ways: array topologies, distinct control mechanisms, unique
device designs, and analog-digital hybrid platforms. They
control the integration of impulses, just like synaptic
connections do in the human brain. Memristors or
conventional electromechanical actuators can be used to
create bio-inspired drive systems that mimic the functions
of motor neurons in the human nervous system. Through
perception and feedback of the generated outcomes,

hardware neural networks may fully regulate robot behavior.
This system is genuinely biomimetic.

Natural language processing

The automatic computational processing of human
languages through algorithms that produce input that
is human-produced and output that appears natural is
known as natural language processing. Goldberg (139)
is cited. Neural networks provide a powerful and very
attractive learning tool for natural language problems.
Converting discrete symbols into continuous vectors in a
low-dimensional environment is a crucial aspect of language
processing in neural networks. When words must be
embedded, isolated, and discrete, symbols are transformed
into manipulable mathematical objects. It is easier to
generalize the behavior of one word to another since the
distances between the words and the vectors are almost
equal. The network learns to represent words as vectors
during training. In the publication (140), the mapping
process of RNN on IBM’s

TrueNorth was illustrated using a natural language
processing job. Here, a learning methodology has been used
to help map RNNs on spiking neuron substrates and is
compatible with neuromorphic systems.

Computer vision

The study by Rajasekharan et al. (141) discusses the
advantages of neuromorphic circuits on FDSOI technology
for computer vision applications, such as color detection,
erosion and dilation operations, etc. Here, we suggest
using an actuated pan-tilt camera platform to transform
static picture data into neuromorphic vision datasets. For
instance, the paper, Orchard et al. (142), demonstrates
how to automatically convert the existing datasets of static
images for computer vision into datasets for neuromorphic
vision. This method ensures an approximation of the
noise and imperfections derived from the recordings of
the environment by using the actual recordings from a
neuromorphic sensor. By using the motion of a camera
instead of the image on a monitor, it also more accurately
detects motion and removes the timing errors caused by
display updates.

Object tracking and detection

Using neuromorphic vision with fuzzy processing is one
possible way to mimic the visual cortex’s ability to recognize
human heads (143). A moving car in a conference room
has successfully identified a human in a changing lighting
environment, demonstrating the robustness and practicality
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FIGURE 3 | The analogy between organic brain systems and artificial neural systems made of neuromorphic devices (135).

of neuromorphic vision. The study, Han and Han (144), used
the visual cortex’s characteristics to extract features from an
image that was taken by a bus camera. The results show that
by detecting pedestrians who are closer to the camera and
ignoring those who are farther away, it is possible to detect
any possible hazard in a car application.

Pattern recognition

An application-specific integrated circuit (ASIC) with
integrated and firing neuron circuits and a variety of
switched-resistor-based memristors for pattern recognition
is described in the article (145). Here, LTspice simulations
are run, and a neural network circuit is set up for
pattern recognition using memristors. The results showed
that four patterns in 3 x 4 pixel input images could be

learned and recognized by the circuit. In the paper Jiang
et al. (146), a neuromorphic hardware device for pattern
recognition is described. The device quickly takes pictures
of its environment, which a single-layer neural network
then classifies. Postsynaptic neurons and electronic synapses
are represented by threshold-controlled neurons and metal-
oxide resistive random access memory (RRAM), respectively,
to simplify the process and conserve system space.

Conclusion

Real-time interaction between the algorithm and its physical
implementation while addressing issues is at the core of NE.
When it comes to cognitive processes, this synergy is more
complex and intriguing than it is for sensory and motor
interactions with the environment. Instead of the primarily



10.54646/bijnn.2026.30

feed-forward, reactive neuromorphic systems of the past, NE
is now being used to construct adaptive-acting, cognitive
neuromorphic systems. Although it has long been a vital
cognitive mechanism in the toolkit of NE, selective attention
has mostly functioned as a bottom-up process that relies on
information and short-term memory.

Particularly for neurons that depend on analog circuits,
scalability and the inherent challenges of these circuits
present serious challenges. To meet the changing needs of
neuromorphic computing, more research might be required
to provide solutions that use pre-synaptic spike-driven
architecture to consume fewer resources. This can lead to
a large reduction in memory access. SNNs may benefit
from further computational advantages and energy savings
through asynchronous processing. Future studies might look
into including asynchronous mechanisms to better align
these models with real brain systems.
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