WSEAS TRANSACTIONS on CIRCUITS and SYSTEMS Jesus Rodriguez-Flores,
DOI: 10.37394/23201.2026.25.32 Edgart Marchan-Millan, Alex Moyota-Paguay

Hardware-Aware Mathematical and Numerical Evaluation of LIF,
Izhikevich, and Digital Spiking Neuron Models for Low-Cost
Neuromorphic Implementation

JESUS RODRIGUEZ-FLORES**", EDGART MARCHAN-MILLAN?®,
ALEX MOYOTA-PAGUAY?3¢
!Department of Mechatronics, Faculty of Engineering and Industrial Sciences,
Universidad UTE,
Mariscal Sucre Av. s/n and Mariana de Jesus, Quito,
ECUADOR

2Independent Researcher,
Calle La Diligencia No. 36, 2nd Floor, Door A, 50019 Zaragoza,
SPAIN

3Department of Applied Mathematics,
Escuela Superior Politécnica de Chimborazo (ESPOCH),
Morona Santiago Campus, Macas,
ECUADOR

30RCiD: https://orcid.org/0000-0001-6254-2348
®ORCIiD: https://orcid.org/0009-0001-6802-8654
‘ORCID: https://orcid.org/0009-0008-4864-7643

*Corresponding Author

Abstract: - Low-cost neuromorphic computing requires neuron models that combine relevant spiking dynamics
with numerical stability and technological feasibility. This work compares three representative spiking-neuron
families: Leaky Integrate-and-Fire (LIF), Izhikevich, and a simplified digital ShiftLIF-type approximation. A
unified, reproducible, and hardware-oriented framework was developed using a synthetic stimulus bank,
homogeneous MATLAB simulations, and controlled variations in temporal discretization, noise, quantization,
and parametric perturbations. The evaluation combined dynamic, numerical, and hardware-aware metrics with
multicriteria aggregation across application scenarios. Izhikevich achieved the lowest mean first-spike error
(0.809 ms) and the highest noise robustness (0.981), whereas LIF attained the lowest normalized-state RMSE
(0.017) and the lowest mean computation time (1.875 ms). Although ShiftLIF did not lead the local temporal-
accuracy metrics, it showed the lowest discretization sensitivity (0.177), parametric sensitivity (0.0195),
guantization sensitivity (0.3084), and arithmetic cost per iteration (4 operations). It also obtained the highest
score in the balanced multicriteria scenario (0.691) and ranked first in all four evaluated scenarios. By contrast,
under 8-bit quantization, LIF completely lost spiking activity in 70.6% of the runs. Overall, no model was
universally superior; however, within the adopted framework, ShiftLIF provided the most favorable trade-off
for low-cost digital neuromorphic implementations.
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1 Introduction

1.1 Context and Motivation of the Problem
The recent expansion of artificial intelligence has
renewed attention to a structural limitation of
conventional computing: rising energy CoOsts,
latency, and data movement between memory and
processing units, especially on edge, embedded, and
autonomous platforms with restricted power,
thermal capacity, and bandwidth. Neuromorphic
computing has therefore regained relevance as an
approach based on parallelism, local processing, and
sparse communication for efficiency-critical tasks
[1], [2], [3]. Within this paradigm, Spiking Neural
Networks (SNNs) are central because they process
information through discrete temporal events,
enabling asynchrony, sparsity, and temporal coding
for dynamic perception, sensing, neuromorphic
vision, and real-time control [4], [5], [6].

This technological relevance depends on the
possibility of implementing neuromorphic principles
on lightweight, reconfigurable, and economically
viable hardware. In this context, neuron-model
selection becomes decisive, since arithmetic cost,
memory demand, numerical stability, and tolerance
to reduced precision may scale significantly from
isolated neurons to larger systems. Thus, model
choice  must  jointly  consider  dynamic
expressiveness, compact implementation, efficient
inference, and local event processing [7], [8], [9].

1.2 State of the Problem and Research Gap
SNN research has produced a broad family of
neuron models, ranging from simple, interpretable
formulations such as the LIF model to more
expressive dynamics involving artificial synapses,
STDP-inspired plasticity, and emerging non-volatile
memories [10], [11], [12]. The challenge is not the
lack of alternatives, but the existence of models with
different trade-offs among biological realism,
numerical stability, and technological feasibility.
Richer models may reproduce excitability patterns
more faithfully, but usually require more state
variables, more operations per iteration, and greater
sensitivity to discretization or quantization; simpler
models may be easier to implement, but less
expressive. Recent studies on photonic, mixed-
signal, processor-based, and memristive
neuromorphic platforms confirm that a model's
usefulness depends on the balance between
functional behavior and implementation economy
[13], [14], [15].

However, many comparisons remain partial or
heterogeneous, emphasizing devices, architectures,
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applications, or training methods rather than neuron
models evaluated under identical excitation, noise,
discretization, quantization, and measurement
conditions. This limits the availability of
reproducible criteria for deciding which model
family is preferable for low-cost, scalable, and
functionally sufficient neuromorphic hardware.
Therefore, a homogeneous comparative framework
is still needed to distinguish model-dependent
behavior from effects associated with the platform,
task, or training strategy.

1.3 Research Problem, and

Contribution

The central problem addressed in this work is the
difficulty of selecting, under multiple constraints
and comparable evidence, a suitable spiking neuron
model for low-cost neuromorphic hardware. This
selection depends on the joint behavior of temporal
precision, numerical stability, computational
complexity, robustness to noise and quantization,
memory requirements, and ease of implementation,
rather than on biological plausibility alone.

The objective of the article is to compare three
representative neuron families—LIF, Izhikevich,
and a  simplified digital ShiftLIF-type
approximation—under a unified, reproducible, and
hardware-oriented methodological framework. The
models are evaluated using homogeneous excitation,
temporal discretization, noise, quantization, and
parametric perturbation conditions, so that dynamic,
numerical, and hardware-aware metrics can be
assessed jointly. The study is deliberately
comparative and in silico: it does not claim physical
validation on an FPGA, nor direct measurements of
energy consumption or logic resource usage, but
provides a controlled basis for anticipating
comparative behavior before physical
implementation.

The main contribution is therefore not a new
neuron model or a universal ranking, but a
theoretical-methodological framework that
integrates dynamic response, numerical sensitivity,
arithmetic cost, and technological convenience
within a single protocol. These criteria are
articulated through a multicriteria reading across
application scenarios, supporting model selection
beyond general claims of “realism” or “simplicity”.

Objective,

1.4 Delimitations and Organization of the
Article

The validation level adopted here is comparative,

computational, and oriented toward technological

plausibility. Consequently, the results should not be
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interpreted as final evidence of physical
performance on a specific platform, nor extrapolated
directly to area, power, maximum operating
frequency, or measured energy consumption. The
comparison is restricted to explicit dynamic,
numerical, and hardware-aware metrics, including
first-spike latency, trajectory RMS error, firing rate,
temporal-step  sensitivity,  noise  robustness,
parametric sensitivity, arithmetic cost, memory per
neuron, quantization  sensitivity, ease of
implementation, and dynamic richness.

The remainder of the manuscript is organized as
follows. Section 2 presents the comparative
methodology and benchmark design. Section 3
reports the results. Section 4 discusses their
mathematical and technological implications.
Finally, Section 5 summarizes the main conclusions.

2 Methodology

The methodology was designed as a computational,
reproducible, multicriteria, and hardware-oriented
protocol to compare, under homogeneous excitation
and evaluation conditions, three spiking-neuron
families: the Leaky Integrate-and-Fire (LIF) model,
the lzhikevich model, and a simplified digital
ShiftLIF-type approximation. This design addresses
a recognized need in neuromorphic computing:
model comparison should not rely solely on
dynamic fidelity but also on temporal precision,
numerical stability, computational cost, quantization
tolerance, and implementation feasibility. Recent
reviews and benchmarking frameworks support
integrated  evaluations combining  hardware-
dependent and hardware-independent criteria under
realistic edge-computing conditions [16], [17], [18],
[19].

This study was developed from an original
computational protocol specifically designed for the
present comparison. All manuscript text, simulation
scripts, computational framework components,
synthetic stimulus data, result tables, figures,
multicriteria indices, and numerical outputs were
created specifically for this study. No previously
published text passages, code fragments, framework
components, datasets, figures, tables, or numerical
results from the authors’ prior work or from third
parties were reused or recycled. Established neuron
models and numerical methods were implemented
independently and are cited to their original or
relevant sources.

Computational traceability was ensured by
explicitly defining the model equations, using a

fixed global random seed, maintaining
homogeneous simulation conditions, and
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systematically recording scenarios, metrics, and
numerical outputs. Therefore, the reported results
derive directly from the described protocol and
should be interpreted as reproducible computational
evidence within the in silico scope of the study.

The study followed six linked phases: i)
definition of the synthetic stimulus bank and
experimental ~ conditions;  ii))  homogeneous
mathematical formulation of the three models; iii)
temporal discretization and reproducible numerical
simulation in Matlab; iv) controlled incorporation of
noise, quantization, and parametric perturbations; v)
extraction of dynamic, numerical, and hardware-
aware metrics; and vi) multicriteria integration of
results to establish scenario-dependent rankings.
This structure ensured that the reported evidence
emerged from an explicit and repeatable
computational protocol.

2.1 General Design of the Computational

Evaluation Benchmark
The research was developed as a comparative in
silico study with full control over excitation,
discretization, and evaluation conditions. It was not
intended as FPGA validation or as experimental
characterization of a built neuromorphic circuit, but
as a synthetic benchmark plausibly aligned with
low-cost digital implementation constraints. This
strategy is consistent with recent works that use
simulation frameworks, algorithm—hardware co-
design, and quantitative evaluation to anticipate
behavior before physical implementation [20], [21],
[22].

To ensure repeatability, a global random seed
was fixed, the stimulus families were kept constant,
and the same temporal horizon was applied to all
models. The simulation horizon was T,y = 250 ms,
with a fine reference step At =0.02ms and a
family of simulation steps

1)

At € {0.10, 0.25, 0.50, 1.00} ms,

which made it possible to study temporal precision
and sensitivity to discretization simultaneously.
Additionally, relative noise levels in the input were
considered as

n € {0, 0.02, 0.05}, (2)

and the adopted quantization regimes were defined
by the set
®3)

B = {o, 16, 12, 8} bits,

where B € B denotes the selected quantization
regime and oo denotes double-precision simulation.
Baseline runs used nominal parameters. Parametric
uncertainty was analyzed separately through
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controlled variations of 0%, 5%, and 10% in the
characteristic parameters of each model, thus
separating nominal behavior from internal
robustness.

2.2 Stimulus Bank and Input Construction
Model excitation was defined through five input
families: Step, Pulse, PulseTrain, Periodic, and
NoisySignal. The goal was not to reproduce the full
diversity of biological currents, but to provide a
minimal yet sufficiently varied set capable of
eliciting integration regimes, isolated spikes, event
trains, and responses to periodic and perturbed
signals.

In general form, the input applied to each model
can be written as

(4)

I(t) = Ibase(t) +no; E(t):
deterministic

where  Ip.se(t) represents the
component of the stimulus, n is the relative noise
level, g; is a scale associated with the maximum
stimulus amplitude, and &(t) is a zero-mean random
sequence. For NoisySignal, an internally perturbed
oscillatory component was added. In all runs, the
current was saturated within the benchmark’s
operating interval to avoid numerically extreme
values and preserve comparability among models.
The PulseTrain family was used as the reference
condition for temporal-response and raster figures
because it clearly reveals differences in excitability
pattern, first-spike latency, and event regularity, in
line with recent event-driven evaluation practices
[18], [22], [23].
of

2.3 Mathematical Formulation the

Compared Models

2.3.1 LIF Model
The LIF model was defined through the classical
ordinary differential equation of leaky integration:

Tm % = —(V = Vyest) + RI(1) (5)
where V is the membrane potential, Ve IS the
resting potential, R is an effective resistive gain, and
T, 1S the membrane time constant. When V(t)
reaches the threshold Vi, a spike is registered, the
variable is reset t0 Viecetr, and a short refractory
period is activated.

For the discrete implementation, a forward Euler

scheme was employed:
(V=W Rgrl
Vk+1 — Vk+At ( k rest)+ g1 k,

Tm

(6)
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where g; denotes the input gain used in the
simulation. The spike event was defined by the rule
it Vi1 2 Vi Sk =1, (7)

The LIF model was included as a parsimonious
reference for contrasting computational cost and
dynamic expressiveness [18], [23], [24].

Vk+1 < Vreset-

2.3.2 lzhikevich Model

The second model was the Izhikevich model,
selected for its richer excitability dynamics at
moderate cost relative to more detailed biophysical
formulations. Its continuous formulation was
expressed as

% = 0.04v2 + 5v + 140 — u + g;1(¢) (8)
du _ _
prl a(bv —u) )

where v is the membrane variable and wu is the

recovery variable. When v reaches the spiking

threshold, the reset condition is applied

ifv=30mV, ve<c, u<—u+d. (10)
Its numerical discretization was also performed

using explicit Euler:

Vir1 = Vg + At(0.04vF + 5vp + 140 — uy, +

grlk) (11)

Upy1 = U + At a(bvy, — uy) (12)

For this nonlinear model, global stability of the
explicit Euler scheme is not claimed, because the
voltage equation is nonlinear and the threshold-reset
mechanism  defines a  hybrid  dynamics.
Nevertheless, local stability can be stated on
bounded subthreshold domains. Let F(v,u;l)
denote the continuous-time vector field. Its Jacobian
with respect to the state variables is

" oF 008045 —1
J(w,u) = awuw) [ ab —a]'

(13)

Around a stable subthreshold equilibrium
(v*,u"), if y; are the eigenvalues of J(v*,u*), the
linearized explicit Euler update is locally stable
when
|1+ At ;| < 1, i=12. (14)

Equivalently, for eigenvalues with negative real
part, a sufficient step-size restriction is

0<4at < mjnLe(“i).

i |uil? (15)
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This condition is local and does not constitute a
global convergence proof for the hybrid reset
system.

This model provided a reference with greater
phenomenological richness, useful for examining
the trade-offs among dynamic realism, arithmetic
cost, memory, and reduced-precision tolerance [18],
[19], [24].

2.3.3 Simplified Digital ShiftLIF-type Model

The third family was a simplified digital ShiftLIF-
type approximation, intended to preserve
integration-and-threshold logic while replacing
costly operations with dynamics better suited to

minimal-arithmetic implementation. Its discrete
update was formulated as
X1 = X + Anw (rest — Xi) + gilk (16)

where x;, denotes the normalized internal state
associated with the spiking logic of the model, and
the effective leakage factor was obtained from:

At
=4
Tm

(17a)

dpw = pround(log,2) (17b)

That is, the decay parameter was approximated
as a power of 2 to favor future implementation using
binary shifts. The spiking rule was
fXpr1 2 Xthy Sk+1 = 1 Xk < Xreset- (18)

The preceding update can also be interpreted as
an affine subthreshold map:

Xey1 = (1= Apw) i + Anwrest + girlk- (19)

This expression does not modify the simulation
model; it only makes explicit the mathematical
structure of the same update rule used in the
benchmark. Under the operating condition 0 <
Anw < 1, the subthreshold map is contractive with
respect to the state variable, since:
%41 = Viewr| = 11 — Anwl [ — Y,
Anwl < 1, (20)
for two trajectories x;, and y, driven by the same
input sequence. Therefore, differences due only to
initial conditions decay geometrically while the state
remains below threshold.

The same structure also supports bounded-input
bounded-state behavior. If the input sequence is
bounded, |I| < Ihax, then the subthreshold state
satisfies

11—

Imax
|xk - xrestl < |1 - Ahwlklxo - xrestl + % (21)
Thus, bounded inputs generate bounded

subthreshold states. In addition, the reset operation
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preserves boundedness because every threshold
crossing maps the state to the finite value x,eget-

For the noisy input already defined in the
benchmark, I = Ipasex + 101k, With bounded
non-vanishing perturbation [&| < &max,  €Xact
deterministic convergence to a single fixed point is
not generally claimed. Instead, the deviation
induced by the persistent noise remains ultimately
bounded, with
limsup|ey| <

k— oo

lg1Imo1émax
1-|1-Apw!’ (22)
where e, denotes the difference between the noisy
and noiseless subthreshold trajectories associated
with the same deterministic input component.
Hence, under persistent bounded noise, the ShiftLIF
state is expected to evolve within a bounded
operating tube rather than converge exactly to a
deterministic fixed point. This provides a formal
interpretation of the boundedness, subthreshold
contraction, and input-to-state stability properties of
the same ShiftLIF update used in the numerical
experiments.

This formulation enabled explicit study of the
trade-off between digital simplicity and loss of
continuous dynamic richness, consistent with recent
neuromorphic co-design trends centered on low-
precision arithmetic and model adaptation to the
implementation substrate [22], [25], [26].
2.4 Discretization, Quantization, and

Numerical Reproducibility

The three models were integrated in discrete time
over the same temporal grid. The comparison
maintained the same stimulus structure for each
combination (m,s,n, 4t, B), where m denotes the
model, s the stimulus, n the noise level, At the
temporal step, and B € B the selected quantization
regime. The reference simulation was obtained with
At s = 0.02 ms and double precision, and was used
to compute temporal errors and aggregated metrics.

The quantization of inputs and states was
implemented by uniform quantization over bounded
operating intervals. For a scalar variable x €
[Xmin, Xmax] and finite B, the employed operator
was

Qz(x) = Xpyin + 4pround (x_j—;“i“),

__ Xmax~¥min (23)
AQ — B4
For B = oo, the corresponding run was

interpreted as a double-precision simulation without
fixed-point quantization. This procedure made it
possible to represent the effect of reduced precision
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on first-spike timing, firing rate, spike loss, and
trajectory shape, in agreement with recent studies
highlighting the role of quantization and algorithm-
hardware co-design in resource-constrained SNN
deployment [19], [25], [26].

Reproducibility was further ensured by fixing a
global seed, storing complete result tables, exporting
figures, and recording each scenario, so that the
evaluation rested on auditable and numerically
aggregable outputs rather than on isolated visual
inspection.

2.5 Dynamic and Numerical Evaluation
Metrics

The evaluation relied on complementary metrics to

avoid drawing conclusions from a single observable.

2.5.1 First-spike Latency
The temporal precision of the first spike was defined
as

e$ (At) = |ty 1 (AL) =ty 1 (Atrep)], (24)

where t,, 1 (4t) is the time of the first spike of the
model m under a given temporal step, and
tm,1(Atrer) is the fine-discretization reference. This
metric summarizes the combined effect of
subthreshold dynamics, excitation, and temporal
discretization.

2.5.2 Normalized-state RMSE

Since the models do not share the same internal-
state semantics or operating range, trajectory
comparison was performed using a normalized
variable. If x,,(k) denotes the comparable state
magnitude of model m - membrane voltage in LIF
and lzhikevich, and functional state in ShiftLIF -,
the following definition was adopted:
fm(k) — xm(k)_xm,min (25)

Xm,max ~Xm,min

With this normalization, the root mean square
error was calculated as:

1 ~ ~
RMSE,,, = \/ﬁzllg=1 (xm(k) - xm,ref(k)) (26)
where X, .f(k) is the reference trajectory
interpolated over the analyzed grid. This definition
is the basis of the normalized-state RMSE reported
later.

2
)

253 Mean Firing Rate and Temporal
Variability
For each run, the mean firing rate was estimated as
_ Nspikes
FRy, = Tend/1000’ (27)
E-ISSN: 2224-266X
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and, when the spike train was sufficiently long, the
coefficient of variation of the inter-spike intervals
was also calculated:
__ a(41SD)
This second measure helped distinguish more
regular from more irregular responses and
contributed to the dynamic richness index.

2.5.4 Computation Time

The execution time per run was obtained directly in
MATLAB for each experimental combination.
Although environment-dependent, its relative
comparison within the same benchmark remains
informative for identifying trends in arithmetic load.

2.6 Robustness Evaluation: Discretization,

Noise, and Parametric Sensitivity
Stability with respect to the temporal step size was
evaluated using an aggregate index. If g€
{e™,RMSE,FR}  denotes a  representative
observable of the model m when varying A4t, the
following was defined:

_ O'(Qm(At))
CVq,m - u(qm(At))+£' (29)
and subsequently, the global discretization

sensitivity index as

1
SL?tn) = (Cve(l),m + CVRMSE,m + CVFR,m)l

=3 (30)

where € >0 is a small constant used to avoid

indeterminate divisions. Lower values of SA(;")
indicate lower sensitivity to changes in the temporal
grid.

Noise robustness was estimated by comparing
degradation at the minimum and maximum noise
levels. If n,, represents the mean firing rate and p,,
the RMSE at both extremes of the noise set, an
average degradation and an associated robustness
were defined as:

min max

(m) _1 X =T |Pm _Pminl
D’? T2 (max(|r,‘,‘1‘in|,1) max(p{,‘{in,s)>' (31)
m) _ _ 1
R, =T (32)
n
Thus, lower degradation implies greater
robustness.

Parametric sensitivity was studied separately by
applying controlled perturbations of 0%, 5%, and
10% to the characteristic parameters of each model.
For each variation level, multiple replicates were
performed, and three observables were compared:
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first spike, mean rate, and total number of events. If
6 denotes the perturbation level and r the
corresponding replicate, the average score per
variation level was obtained as

1
Pn(8) = =38, (Aefnl')r' s+ AFR 5 +

ANsp,m,r,(S): (33)
where each term A(-) represents a normalized
relative change with respect to the nominal
reference. This distinction separated robustness to
external noise from robustness to internal parameter
uncertainty.

2.7 Hardware-aware Metrics

Beyond dynamic and numerical behavior, the
benchmark  included  implementation-oriented
metrics. For each model, the approximate arithmetic
cost per iteration, the number of internal states, and
the memory required per neuron were counted. The
memory per neuron was estimated by

Nstates,m Peff+1
M, = EEre— [bytes],

(34)
Where Ngeates,m 1S the number of state variables of
the model m, beg corresponds to the effective
number of bits per state, and the additional term
represents spike-event storage. For the comparative
summary reported in the results, bese = 25 effective
bits was adopted.

Quantization sensitivity was calculated by
comparing the double-precision regime with the
lowest-precision regime through relative changes in
mean firing rate and normalized-state RMSE:

1 |[FRGY-FRY)|  |RMSEGY -RMSES| .-
Qm <max(|FR5,°l°)|,1) max(RMSEEZo),s) ) ( )

T2
Complementarily, for the 8-bit regime, complete
spike loss was recorded through:

© N
LY = -tospikem » 10,

runs,m

(36)

This criterion is especially relevant because, in
low-cost  neuromorphic  platforms,  precision
reduction is usually a practical design condition
rather than a secondary detail [17], [25], [26].

Ease of implementation was assigned an ordinal
score informed by the algebraic structure of each
model, privileging formulations based mainly on
accumulation, comparison, reset, and simple
operations. The purpose was not to replace hardware
synthesis, but to incorporate an explicit variable
related to future minimal implementation.
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2.8 Dynamic Richness Index and

Multicriteria Aggregation
To avoid reducing the comparison to a single
isolated magnitude, a bounded dynamic-richness
index was defined from two complementary
components: i) the diversity of response classes
observed under the different stimuli and ii) the
dispersion of the mean firing rates. If C,, denotes
the number of behavior classes identified for model
m, Cpax = Max,, Cp, 0, denotes the dispersion of
the mean firing rates for model m, and o, nax =
max,, 0., the dynamic-richness operator was
defined as

C
L, =a—=
m o

Orm

)
Ormaxté€

+(1—a)min{
a<l £>0.

. os
37)

In this study, @ = 0.6 was adopted to give
slightly greater relevance to the diversity of
response classes than to rate dispersion. Since both
components are normalized in the interval [0,1] and
the coefficients define a convex combination, the
resulting descriptor satisfies
0<L,<1 (38)

Thus, I, is not treated as an arbitrary score, but
as a bounded composite operator that translates
qualitative differences in excitability into a
normalized quantity compatible with the subsequent
multicriteria aggregation.

All remaining metrics were also mapped into
normalized utilities in the interval [0,1]. For benefit
criteria, where larger values indicate better
performance, and for cost criteria, where smaller
values indicate better performance, the normalized
utilities were respectively defined as

Z+ — Ym,k—Ykmin (39a)
mk yk,max_yk,min"'g’
—  _  Ykmax—Ymk

t = Yemax Yk (390)

Yk,max~Ykmin +e

After normalization, each utility was restricted to

the closed interval [0,1], so that

0< Zm,k <1. (40)
If z,,, ,, denotes the normalized utility of model m

under criterion k, the global score in scenario s was

defined as the convex aggregation operator

S = kW zg WD 20, Tho W =

1. (41)

Therefore, the global score also satisfies:

0<s¥ <. (42)
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This establishes the multicriteria score as a
bounded, monotone, scenario-dependent utility
operator. Its monotonicity follows from the non-
negativity of the weights: improving any normalized
criterion z,, , while keeping the others fixed cannot

decrease S,(,f). Consequently, the ranking is
structurally interpretable and remains explicitly
linked to the selected scenario weights rather than to
an unconstrained empirical formula.

Four scenarios were considered: balanced
multicriteria  scenario, maximum  simplicity,
dynamic richness, and lightweight hardware. In
operational terms, the balanced multicriteria
scenario distributed weights evenly; the maximum-
simplicity scenario prioritized computational cost,
memory, and ease of implementation; the dynamic-
richness scenario emphasized temporal precision,
response variability, and the bounded dynamic-
richness index; and the lightweight-hardware
scenario privileged operations per iteration,
memory, and quantization tolerance. This procedure
is consistent with contemporary recommendations
favoring context-sensitive benchmarking over rigid
universal hierarchies [16], [17], [20].

2.9 Methodological Traceability with

Respect to the Results
The results reported later derive directly from this
protocol: temporal curves and rasters come from the
PulseTrain reference condition; first-spike errors
were computed against the fine reference run;
RMSE was calculated on normalized states to
preserve comparability among models with different
internal semantics; sensitivity to At, noise, and
parameter perturbation was obtained by systematic
aggregation across scenarios; and the hardware-
aware indicators arose from the discretized
equations and quantization scheme. Accordingly,
the reported evidence should be read as the coherent
outcome of a unified simulation, measurement, and
multicriteria aggregation framework designed to
compare dynamic plausibility and technological
convenience within the same benchmark [16], [17],
[19].

3 Results

This section summarizes the experimental evidence
by integrating dynamic response, numerical
performance, computational cost, and hardware-
aware feasibility. The comparison among LIF,
Izhikevich, and ShiftLIF is therefore interpreted as a
criterion-dependent analysis rather than as a search
for an absolute “best model,” in agreement with
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recent views that spiking-model evaluation should
jointly consider dynamic fidelity, computational
efficiency,  scalability, and implementation
feasibility [17], [18], [19], [21], [24].

In aggregate, Izhikevich provides the best first-
spike precision and the greatest robustness to noise;
LIF yields the lowest normalized-state RMSE and
the lowest mean computation time; and ShiftLIF
becomes the most favorable option when arithmetic
simplicity, low memory, reduced parametric
sensitivity, and ease of implementation are weighted
jointly [17], [19], [20], [21], [22]. Table 1 and Table
2 in Appendix summarize the quantitative basis for
the subsequent analysis.

Together, the two tables expose the central trade-
off of the study. Izhikevich leads temporal precision
and noise robustness but requires the highest
arithmetic load and memory footprint. LIF
minimizes normalized-state  RMSE and mean
computation time, but is strongly penalized under
severe quantization. ShiftLIF does not minimize
local temporal-error metrics, but offers the best
combination of low arithmetic cost, low memory,
reduced parametric sensitivity, and ease of
implementation, consistent with current
neuromorphic benchmarking trends [17], [19], [20],
[22], [27].

3.1 Comparative Dynamic Response

3.1.1 Temporal Evolution of the Membrane

Potential

Figure 1 shows that, under the same pulse train
stimulus, the internal trajectories differ substantially
across models. LIF exhibits classical leaky-
integration behavior without reaching threshold in
the representative condition; Izhikevich shows
abrupt peaks and recovery, reflecting richer
excitability; and ShiftLIF operates in a bounded
digital regime whose normalized state should not be
interpreted as biological voltage.

Maal: SHLIF |

ma s
Stimubus: PubsaTrain

Fig. 1: Representative temporal responses of the
three models to a pulse-train stimulus. In ShiftLIF,
the normalized state associated with the spiking

logic is shown.
Source: created by the authors
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This confirms that the variables being compared
are not semantically equivalent. In continuous
models, waveform morphology retains interpretive
value, whereas in shift-based models, the emphasis
shifts to event timing, stability, and implementation
cost [18], [21], [23], [24].

3.1.2 Obtained Spiking Patterns

Figure 2 complements the temporal comparison by
focusing on event timing. In the illustrated
condition, LIF remains subthreshold, Izhikevich
generates isolated events, and ShiftLIF produces
repeated packets of spikes within each excitation
window. These patterns reflect distinct coding
logics: richer event morphology in Izhikevich,
interpretable leaky integration in LIF, and
operational regularity in ShiftLIF.

Spike raster - example condition

ShiftLIF - - - - - - - -

Izhikevich |- . . . . .

Model

LI

5

[ No spikes

100 150 200 250
Time [ms]

Fig. 2: Spike raster for a representative condition
Source: created by the authors

0 50

This does not imply that denser or sparser rasters
are intrinsically superior; rather, each model
expresses a spiking regime consistent with its design
objective. For low-cost neuromorphic computing,
shift-based representations are attractive because
they replace costly operations with comparisons,
shifts, and accumulations [19], [22], [23].

3.1.3 Most Significant Dynamic Differences

The main dynamic difference lies in how
excitability is distributed over time. Izhikevich
clearly separates subthreshold integration, spike
peak, and recovery, which favors local
morphological expressiveness. LIF remains an
intermediate leaky-integrator reference, whereas
ShiftLIF regularizes spiking into a logic more
favorable for digital computation. This contrast
must be interpreted together with the aggregated
metrics and the intended technological objective
[17], [18], [19], [20].
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3.2 Numerical Performance

3.2.1 Temporal Precision of Spiking
The temporal precision of the first spike was
evaluated through

e (AE) = [ty 1 (48) = b1 (Atiep)| (43)
where tm,m represents the time of the first spike of
model m, and Atref is the finest reference temporal
step. Figure 3 shows monotonic degradation as At
increases, though the slopes differ across models. In
the representative condition, LIF exhibits the lowest
visible error, Izhikevich remains within the sub-
millisecond-to-millisecond range, and ShiftLIF
shows the largest displacement of the first event.

Temporal first-spike error vs time step

—&—LIF
16 F|—©— Izhikevich
ShifiLIF

[N]

o
T

™
T

6t

First-spike error [ms]

4t

2t

0d =z
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
A t[ms]

Fig. 3: Temporal error of the first spike as a function

of the temporal step
Source: created by the authors

o
©
1

The aggregated reading differs from this local
observation. Once noise, parametric perturbations,
and quantization are integrated, the lowest mean
first-spike error corresponds to Izhikevich, as
reported in Table 1 (Appendix) 0.809 ms versus
32.154 ms for LIF and 84.770 ms for ShiftLIF. This
distinction  avoids  extrapolating a  single
representative figure to the entire experimental
space [17], [18], [20].

3.2.2 Stability with Respect to the Temporal
Step

Sensitivity to the temporal step, summarized in
Table 1 (Appendix), was 0.419 for LIF, 0.268 for
Izhikevich, and 0.177 for ShiftLIF. Thus, although
ShiftLIF presents the largest first-spike error in the
representative figure and in the global mean of that
specific indicator, it is the least sensitive model
when several outputs are aggregated. This broadens
the notion of numerical stability: a model may be
less precise in one observable and still more robust
at the operational level [17], [20], [27].
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3.2.3 Parametric

Robustness
Parametric sensitivity is summarized in Table 3
(Appendix). For a 5% variation, the mean sensitivity
was 0.1341 for LIF, 0.0489 for Izhikevich, and
0.0017 for ShiftLIF. For a 10% variation, the values
rose to 0.4650, 0.0781, and 0.0372, respectively.
Thus, sensitivity increases with perturbation
amplitude in all models, while the relative order
remains unchanged, favoring ShiftLIF under
controlled parameter variations.

Noise robustness follows a different order in
Table 1 (Appendix) Izhikevich reaches 0.981,
followed by ShiftLIF at 0.846 and LIF at 0.741.
This shows that ShiftLIF is especially robust to
parametric perturbation, whereas Izhikevich is more
resistant to external noise [19], [20], [24].

Sensitivity and Numerical

3.3 Computational Complexity and Memory

3.3.1 Arithmetic Load Per Iteration

Figure 4 and Table 2 (Appendix) show the relation
between arithmetic load and execution time.
Izhikevich requires 14 operations per iteration and a
mean time of 3.684 ms; LIF requires 6 operations
and 1.875 ms; and ShiftLIF requires 4 operations
and 2.145 ms. Thus, LIF was the fastest model in
the MATLAB benchmark, whereas ShiftLIF
achieved the lowest arithmetic count.

Mean computational cost by model

Mean computation time [ms]

LIF Izhikevich

ShiftLIF

Fig. 4: Mean computational cost by model
Source: created by the authors

These results indicate that per-neuron arithmetic
complexity explains the higher cost of Izhikevich,
but does not fully determine the difference between
LIF and ShiftLIF, where implementation details of
the update logic also matter [19], [22], [27].
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3.3.2 Number of States and Storage Cost

The memory footprint confirms the same general
trend. As shown in Table 2 (Appendix), Izhikevich
uses 6.375 bytes per neuron, whereas LIF and
ShiftLIF require 3.250 bytes. This difference
follows directly from model structure: Izhikevich
requires more state variables and therefore more
storage per functional unit.

In large-scale neuromorphic systems, this
difference propagates approximately linearly with
the number of neurons and synapses, affecting
occupied area, memory traffic, and energy
consumption. This observation agrees with recent
work emphasizing the importance of efficient
neuronal and synaptic structures for large-scale or
resource-limited edge implementations [21], [28].

3.3.3 Theoretical Scalability

If N denotes the number of neurons and T the
discrete temporal horizon, the total simulation cost
can be approximated as:

Cm X NTik,p,, (44)
where km represents the per-update cost constant of
model m. The three models grow linearly with N
and T, but differences in xm lead to different
practical scalability. Because lzhikevich combines
more operations and greater memory, its effective
growth is less favorable for massive deployment.
ShiftLIF  minimizes arithmetic complexity per
iteration and is attractive for large-scale networks or
embedded accelerators, although LIF yielded the
lowest mean execution time in the present
simulation environment [19], [22], [27].

3.4 Hardware-aware Evaluation

3.4.1 Sensitivity to Quantization and Fixed-Point
Arithmetic
Sensitivity to gquantization was one of the most
discriminating criteria of the study. According to
Table 2 (Appendix), the aggregated values were
3.9891 for LIF, 0.4745 for lIzhikevich, and 0.3084
for ShiftLIF, where lower values indicate greater
tolerance to reduced precision. This order agrees
with Figure 5, where ShiftLIF dominates the
normalized quantization-tolerance axis, and LIF is
clearly penalized.

Table 4 (Appendix) reinforces this finding
through complete spike loss in the 8-bit regime. LIF
lost the spike in 127 of 180 runs, equivalent to
70.6%. ShiftLIF lost the event in 72 of 180 runs, or
40.0%. Izhikevich, by contrast, exhibited no
complete loss of spikes under the same conditions.
This result is practically relevant for low-cost
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platforms based on fixed-point arithmetic [19], [20],

3.4.2 Estimated Implementation Complexity

The assigned ease of implementation was 5 for LIF,
2 for Izhikevich, and 5 for ShiftLIF, as reported in
Table 2 (Appendix). This reflects their algebraic
structure: LIF and ShiftLIF can be implemented
through accumulation, comparison, and reset
operations, whereas Izhikevich requires additional
states and nonlinear dynamics.  Therefore,
implementation difficulty remains a relevant
comparative criterion when future migration to
neuromorphic hardware is considered [21], [22].

3.4.3 Technological Feasibility of Each Model
Family

Figure 5 summarizes the technological comparison
across operations, memory, quantization sensitivity,
and ease of implementation. ShiftLIF combines the
lowest arithmetic cost, the same memory footprint
as LIF, the best aggregate tolerance to quantization,
and the highest implementation score. LIF preserves
simplicity and the lowest observed mean execution
time, but its vulnerability to severe quantization
penalizes it. lzhikevich retains advantages in
temporal precision and noise robustness while
preserving spiking activity across all 8-bit runs,
albeit at higher arithmetic and memory costs [19],
[20], [21], [22].

Normalized hardware-aware comparison
h —

o
~
T

o
o
T

o
=
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o
w
T
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o
N
T

[ Opster)

[ Memory

[ Quant. sensitivity

I I mple mentation ease
T —

o

LIF Izhikevich ShiftLIF

Fig. 5: Normalized hardware-aware comparison
Source: created by the authors

3.5 Final Index and Comparative Ranking

3.5.1 Global Result of the Proposed Index

The scenario-dependent multicriteria score used in
the results follows the bounded convex aggregation
operator defined in Section 2.8. For consistency, it
is written as:
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[23].
Sr(rf) = Zlk(=1 WIES) Zmkr Zmk € [0,1], WIES) =
(s)

0, YK w> =1 (45)

Thus, each score Sn® is bounded in [0, 1] and
represents a normalized scenario-dependent utility
rather than an unconstrained empirical index. As
shown in Table 5 (Appendix), ShiftLIF obtained the
highest score in the balanced scenario (0.691),

followed by LIF (0.615) and Izhikevich (0.502).

3.5.2 Ranking by Application Scenario

Across the four scenarios, the ranking remained
stable. ShiftLIF ranked first in the balanced,
maximum-simplicity, dynamic-richness, and
lightweight-hardware scenarios, with scores of
0.691, 0.851, 0.696, and 0.786, respectively. LIF
consistently ranked second, while Izhikevich ranked
third. The advantage of ShiftLIF was broader when
simplicity or lightweight hardware was prioritized,
and narrower in the dynamic-richness scenario,
indicating that the result is stable but still dependent
on the intended application context [17], [20].

3.5.3 Ranking Robustness

Figure 6 visually confirms the stable order ShiftLIF
> LIF > Izhikevich across the evaluated scenarios.
This supports one of the main findings of the study:
the final ranking does not depend on accidental
weighting, but on the joint effect of arithmetic
simplicity, memory efficiency, implementation ease,
and acceptable tolerance to perturbations and
discretization.

Multicriteria ranking by scenario
0.9 I General balance T

[ Maximum simplicity
0.8 |1 Dynamic richness
-L\ghlwewght hardware

Global score [0,1]

LIF ShiftLIF

Izhikevich

Fig. 6: Multicriteria ranking by scenario
Source: created by the authors

Overall, no model is universally superior.

Izhikevich retains the best aggregated first-spike
precision and noise robustness; LIF yields the
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lowest normalized-state RMSE and mean
computation time; and ShiftLIF emerges as the most
consistent option for a plausible, reproducible, and
hardware-oriented digital approximation for low-
cost neuromorphic hardware [17], [19], [20].

4 Discussion

The results confirm that comparison among LIF,
Izhikevich, and ShiftLIF cannot be reduced to a
single metric, because each model family expresses
a different balance among dynamic realism,
numerical stability, and implementation
convenience. This supports a hardware-aware
interpretation of spiking-neuron selection, in which
functional  fidelity, computational efficiency,
reduced-precision  tolerance, and deployment
context must be considered jointly [16], [17], [19].

4.1 Scientific Interpretation of the Results
From a mathematical standpoint, the observed
differences follow directly from the state structure
of each model. LIF is governed by first-order leaky-
and-reset dynamics, which makes it simple and
interpretable but limits its internal expressiveness.
Izhikevich introduces a quadratic nonlinearity and a
recovery variable, producing richer transitions
among integration, spike generation, and recovery.
ShiftLIF replaces part of the continuous decay with
a  binary-shift-adapted update, sacrificing
phenomenological detail in exchange for operational
regularity and digital simplicity. Thus, the greater
local expressiveness of Izhikevich and the greater
implementation simplicity of ShiftLIF are expected
consequences of their constitutive equations [18],
[24].

The numerical behavior is also consistent with
the algebraic form of each update. Explicit Euler
provides a homogeneous comparison framework,
but not identical internal sensitivity. For Izhikevich,
the stability statement must be interpreted locally,
under bounded subthreshold operation and
admissible step sizes, rather than as global
convergence of the hybrid reset system. For
ShiftLIF, the formal analysis in Section 2.3.3 shows
that, under 0 < Amw < 1, the subthreshold map is
contractive, bounded inputs generate bounded
states, and persistent bounded noise leads to an
ultimately bounded operating tube rather than exact
deterministic convergence. Therefore, algebraic
simplicity does not imply universal robustness, but
the shift-based structure gives ShiftLIF favorable
aggregate behavior under discretization and reduced
precision [17], [20], [25].

E-ISSN: 2224-266X

363

Jesus Rodriguez-Flores,
Edgart Marchan-Millan, Alex Moyota-Paguay

Overall, expressiveness and simplicity define a
design frontier. lzhikevich provides higher local
dynamic richness and better aggregated first-spike
precision, but requires more operations, more
memory, and a less implementation-friendly
structure. LIF remains a clear and efficient
intermediate reference, with low normalized-state
RMSE and the lowest mean execution time in the
MATLAB benchmark. ShiftLIF, although less
expressive, converts its structural simplicity into
lower arithmetic cost, lower parametric sensitivity,
lower aggregate discretization sensitivity, and better
implementation attributes. Model selection therefore
depends on the intended balance between dynamic
richness and computational economy [18], [19],
[24].

4.2 Computational and

Meaning

A key methodological point is that local figures and
global metrics must not be confused. The temporal
and raster plots correspond to a representative
PulseTrain condition, whereas the main conclusions
are drawn from aggregating across stimuli, temporal
steps, noise, quantization, and parametric
perturbations. This explains why LIF may appear
favorable in a local first-spike figure, while
Izhikevich achieves the best aggregated temporal
precision, and why ShiftLIF must be interpreted not
as the most biologically expressive model, but as a
regularized spiking logic oriented toward low-cost
implementation [17], [20].

For large-scale simulation and lightweight
hardware, the preferred model depends on the
dominant criterion. If software execution time in the
present benchmark is prioritized, LIF is the fastest
alternative. If structural scalability, arithmetic cost,
memory footprint, and future migration to minimal
digital hardware are emphasized, ShiftLIF becomes
the most favorable option because it uses fewer
operations per iteration and supports
implementations based on shifts, accumulation,
comparison, and reset. Its advantage is reinforced by
its low aggregate quantization sensitivity and high
ease-of-implementation score. Nevertheless,
ShiftLIF is not invulnerable: under 8-bit
quantization, it still exhibited complete spike loss in
part of the runs, whereas Izhikevich preserved
spiking activity but at substantially higher arithmetic
and memory cost. Thus, ShiftLIF should be
understood as the best technological trade-off, not
the most precise or robust model on every criterion
[171, [19], [21], [22], [25].

Technological

Volume 25, 2026



WSEAS TRANSACTIONS on CIRCUITS and SYSTEMS
DOI: 10.37394/23201.2026.25.32

4.3 Relationship with the State of the Art
and Scope of the Contribution

The study aligns with recent trends favoring

contextual benchmarking, algorithm-hardware co-

design, and the integrated evaluation of
neuromorphic  models under edge-computing
constraints [16], [17], [19], [20], [27]. Its

methodological distinction lies in exposing the three
models to the same stimulus families, temporal
steps, noise levels, quantization regimes, and
scenario-based  aggregation. In  the revised
formulation, the multicriteria stage is expressed as a
bounded convex aggregation operator, so that the
final scores remain normalized, monotone with
respect to the criteria, and explicitly linked to the
selected application scenario. This transforms the
comparison into a decision-support framework
rather than a purely descriptive classification [17],
[20].

The contribution is therefore theoretical-
methodological and hardware-aware. The article
does not claim validation on a real FPGA, ASIC, or
embedded device, nor direct measurement of
physical energy consumption, occupied area,
communication latency, or maximum operating
frequency. Instead, it provides a reproducible in
silico framework that predicts how the relative
advantages of LIF, Izhikevich, and ShiftLIF change
when implementation constraints are accounted for.
The bounded multicriteria formulation, the local
Euler-stability clarification for lIzhikevich, and the
formal stability interpretation of ShiftLIF strengthen
this  contribution  without  changing  the
computational scope of the evidence [17], [19], [20].

4.4 Limitations and Outlook

The main limitations are the restricted model set and
the validation level. The comparison does not
include other relevant SNN families, such as AdEX,
QIF, or additional hybrid approximations, which
could occupy intermediate positions between
expressiveness and simplicity [18], [24]. Moreover,
although the protocol is reproducible as an in silico
benchmark, there is still no verification on a real
FPGA, ASIC, or specific embedded platform;
therefore, physical metrics such as energy, LUT
usage, latency, clock frequency, or consumption per
spike remain outside the empirical scope of the
study [17], [22].

Future work should implement the framework on
reconfigurable hardware and compare the synthetic
metrics with physical measurements. It should also
extend the benchmark to additional neuron models,
plasticity mechanisms, and network-level tasks to
determine whether the observed advantage of
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ShiftLIF persists when moving from isolated-neuron
analysis to collective behavior and concrete
neuromorphic applications [20], [22], [25].

5 Conclusion
This study developed a reproducible, multicriteria,
and hardware-oriented framework to compare LIF,

Izhikevich, and ShiftLIF under homogeneous
conditions of excitation, discretization, noise,
quantization, and parametric perturbation. The

results confirm that model suitability cannot be
determined by a single indicator but by the joint
balance among dynamic expressiveness, numerical
precision, robustness, computational cost, and
technological feasibility.

Izhikevich showed the greatest local dynamic
richness, the best aggregated first-spike precision,
and the highest robustness to noise, making it
suitable when expressive neuronal behavior is
prioritized. LIF achieved the lowest normalized-
state RMSE and the lowest mean computation time
in the MATLAB benchmark, preserving its value as
a simple, interpretable, and computationally
efficient reference. ShiftLIF did not lead the
pointwise precision indicators, but offered the best
overall trade-off when arithmetic cost, memory,
parametric sensitivity, discretization sensitivity,
guantization tolerance, and ease of implementation
were considered jointly. Its advantage remained
stable across the multicriteria scenarios, supporting
its suitability for low-cost neuromorphic hardware
where sufficient functional plausibility must be
achieved with reduced technological requirements
[16], [17], [20].

The contribution of this work is therefore
theoretical-methodological and hardware-aware: it
provides an objective procedure for early neuron-
model selection before physical validation on
FPGA, ASIC, or other reconfigurable platforms

[19], [25]. Future work should extend the
framework toward real hardware validation,
additional neuron models and  plasticity

mechanisms, and applications in event-based vision,
embedded control, and neuromorphic sensing.
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APPENDIX

Table 1. Aggregated summary of dynamic and numerical performance by model.
Mean first-spike  Normalized-state ~ Sensitivity to  Mean computation ~ Robustness to

Model error [ms] RMSE At time [ms] noise
LIF 32.154 0.017 0.419 1.875 0.741
Izhikevich 0.809 0.064 0.268 3.684 0.981
ShiftLIF 84.770 0.522 0.177 2.145 0.846

Source: created by the authors

Table 2. Aggregated summary of computational complexity and hardware-aware attributes.

Opsliter Parametric ~ Sensitivity to Ease of
Model perpneuron Memory [bytes] sensitivity quantiza?i/on implementation
LIF 6 3.250 0.2995 3.9891 5
Izhikevich 14 6.375 0.0635 0.4745 2
ShiftLIF 4 3.250 0.0195 0.3084 5

Source: created by the authors

Table 3. Mean parametric sensitivity under controlled perturbations.
Model Variation level Mean sensitivity Standard deviation

LIF 0.05 0.1341 0.1165
LIF 0.10 0.4650 0.3101
Izhikevich 0.05 0.0489 0.0579
Izhikevich 0.10 0.0781 0.0876
ShiftLIF 0.05 0.0017 0.0060
ShiftLIF 0.10 0.0372 0.0461

Source: created by the authors

Table 4. Complete spike loss under 8-bit quantization.
Model Evaluated runs  Runs with no spike  Proportion with no spike [%]

LIF 180 127 70.6
Izhikevich 180 0 0.0
ShiftLIF 180 72 40.0

Source: created by the authors

Table 5. Multicriteria ranking by application scenario.
Balanced multicriteria Maximum Dynamic  Lightweight

Model - AR §
scenario simplicity  richness hardware
LIF 0.615 0.711 0.685 0.658
Izhikevich 0.502 0.294 0.427 0.397
ShiftLIF 0.691 0.851 0.696 0.786

Source: created by the authors
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