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Mission-critical engineering systems include aerospace vehicles, nuclear
power plants, space exploration modules, and autonomous defense
platforms that need to operate with very high degrees of reliability,
because any failure that does occur can have disastrous impact on
safety, economics, and mission success. But the reliability is very much
difficult to guarantee in these systems as they are prone to uncertainty
and extreme changeability in their working environments. Variability
comes in the form of random external loads, varying environmental
conditions, and time-dependent degradation processes and cannot be
adequately described using classical deterministic models of reliability.
In filling this gap, the current paper introduces a stochastic differential
equation (SDE)-based framework of reliability modeling and reliability
analysis of mission-critical engineering systems. In contrast to the
traditional deterministic methods, SDE models are able to describe the
deterministic degradation trend as well as the random perturbations
that occur due to uncertainty. The framework proposed takes
advantage of Ito stochastic calculus to mathematically model the
dynamics of the system, combines degradation models to account the
wear, fatigue, or corrosion, and uses Monte Carlo to approximate such
reliability indices as mean-time-to-failure (MTTF), failure probability,
and resilience. Numerical simulations are used to substantiate the
methodology, stochastic degradation paths are plotted and compared to
both traditional Weibull and Markov based models of reliability.
Findings indicate that SDE frameworks are more accurate in elucidating
system lifetime distributions, especially when there is a lot of
uncertainty, which deterministic models tend to overestimate system
reliability. Also sensitivity analysis shows how the diffusion intensity
affects the reliability curves, which can be used to understand the
margins of the system design and operational risk measure. In sum, this
research paper provides a useful addition to a practical and dynamic
reliability analysis instrument that better reflects real-life uncertainty
as opposed to classical models. The results are relevant to reliability-
based design, predictive maintenance scheduling, digital twins
integration and risk reduction measures in mission-critical areas, which
guarantee improved safety, performance, and resilience of next-
generation engineering systems.

1. INTRODUCTION

requirement but a basic need to assure operation.

Aerospace vehicles, nuclear reactors, high-speed
rail networks, and defence platforms are all
mission-critical engineering systems and are
engineered to perform within strict performance
and safety criteria. The stability of such systems is
the key as the slightest breakdown can fuse into
disastrous effects, such as fatalities, extreme
financial losses, and the failure of the mission.
Under these circumstances, the need to attain and
sustain ultra-high reliability is not just a design

Deterministic fault tree analysis, reliability block
diagrams and mean-time-to-failure (MTTF)
models are traditional reliability techniques that
have become common in engineering practice.
Although useful in some areas, these methods
tend to presuppose constant parameters and
constant operating conditions. As a result, they do
not model the stochastic variations that are
present in the real-world, e.g. changing external
loads, environmental perturbations, random
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material degradation, and unmodeled
uncertainties in component behavior.
Consequently, deterministic models are more
likely to give too positive values of the system life
and also underestimate failure likelihood in the
presence of uncertain operating conditions.
Probabilistic and stochastic methods of reliability
engineering in the past few years have taken over,
explicitly representing uncertainty in
mathematical models. Poisson and Markov
models have been used as a stochastic process to
model discrete event failures and repair
dynamics. Nevertheless, the methods usually
model state transitions at discrete levels and tend
to be ill-posed to represent continuous processes
of degradation. By contrast, stochastic differential
equations (SDEs) offer a strong mathematical
basis of deterministic trends of degradation and
stochastic perturbations of random effects. SDEs
can provide a realistic and versatile description of
system dynamics with respect to time by
including drift terms to describe overall averaged
degradation rates and diffusion terms to describe
variability.

This study has been motivated by the need to
design a framework of SDE-based reliability
analysis of mission-critical engineering system.
The suggested method reduces the shortcomings
of the traditional models, as it allows dynamic and
time-dependent estimations of reliability. The
framework incorporates Ito calculus, degradation
modeling and simulation-based reliability
assessment to be able to give a full methodology
in the assessment of system lifetime distributions
and failure probabilities and the resilience under
uncertain operating conditions. Besides, the
possibility to generate real-time estimates of
reliability precondition the framework to be used
especially by predictive maintenance, digital
twins, and adaptive control of mission-critical
platforms. By making the applications of the SDEs
applicable to a complicated engineering field, the
paper is relevant to the increasing literature in the
stochastic reliability analysis. Besides improving
the theoretical modeling of uncertainty, the study
offers practical solutions to the engineers and
decision-makers charged with the responsibility
of designing, monitoring and maintaining high-
stakes systems in which reliability must be
maintained at all costs.

2. RELATED WORK

Reliability has long been studied in a deterministic
manner in mission-critical engineering systems.
Weibull lifetime distributions, exponential failure
rate models, and fault tree analysis are classical
reliability models that have found widespread use
in aerospace, nuclear and defense contexts to
determine component lifetimes, and system
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reliability [1], [2], [12]. Whereas these techniques
provide analytical simplicity, they naturally
presume operating conditions that are fixed and
do not reflect random variations that are due to
environmental perturbations, material
uncertainty, or unexpected operational loads.
Consequently, deterministic models are usually
poor predictors especially in non-stationary and
highly uncertain conditions.

In order to overcome these shortcomings,
stochastic process models have been created, with
Markov chains, Poisson process and semi-Markov
models featuring prominently in the modeling of
random failures and repair behavior [3], [4] ,[13].
These models embrace probabilistic state
transitions and can be used to analyse repairable
systems. Nevertheless, they tend to be based on
discrete event assumptions, and they therefore do
not generalize continuous processes of
degradation which are evident in structural
fatigue, thermal wear, or corrosion. Moreover,
predictions of system-level reliability using such
models normally involve simplification of
assumptions that can undermine precision in the
intricate mission cases. Simultaneously, the
degradation-based models have become very
popular. Representing stochastic degradation at
component level has found extensive use using
the Wiener process and Gamma process, which
provide a more realistic representation of lifetime
evolution than hard-deterministic probability
distributions [5], [6], [11] ,[15]. Applications of
these models have been in rotating machinery,
battery health monitoring, wear of electronic
components. However, they are not easily used at
the system level because of the problems in
modeling coupled interactions of degradation
between subsystems, redundancy control, and
load-sharing mechanisms.

Most recently, stochastic differential equation
(SDE)-based methods have become a useful
instrument in reliability modeling. SDEs give a
mathematical model of the dynamics of
degradation that incorporates deterministic drift
dynamics with stochastic diffusion dynamics. This
has been used with success in structural health
monitoring, fatigue crack growth analysis and
even in financial risk modeling where uncertainty
and noise are at the center of the system evolution
[7] -[10]. Regardless of these developments, there
is a relative lack of studies of the use of SDE-based
techniques in assessing the reliability of mission-
critical engineering systems. The existing studies
have not fully exploited the SDE structures to
capture continuous-time unpredictability,
reliability measures, and combine with predictive
maintenance approach under high-risk
environments. The current study builds on
previous studies by formulating a generalized
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SDE-based reliability framework which combines
the stochastic calculus, system-level modeling of

degradation, as well as numerical reliability
estimates. The proposed structure will increase
predictive accuracy, and offer a sustainable basis
of reliability-focused design, monitoring, and
management in mission critical systems by
bridging the gap amid component-level
degradation models and system-level mission
reliability.

3. METHODOLOGY
3.1 Mathematical Foundation
Stochastic differential equations (SDEs) can be
used to model the reliability of mission-critical
systems in uncertain settings, and include not only
deterministic degradation dynamics but also
stochastic perturbations. In a general form SDE is
expressed as:
dX,
= u(X;, t)dt + o(X,, t)dw, (D
where:

e X, denotes the degradation state of the

system at time t,

Inputs
(Operating Conditions,

SDE Modeling

System Parameters) (Drift + Diffusion)

o u(X,t) represents the drift term,
corresponding to the average degradation
rate,

o od(X,,t) is the diffusion term, representing
the intensity of random fluctuations, and

e W, is a Wiener process (Brownian
motion), which models stochastic noise.

It is presumed that the system will be functioning
normally provided X, <6 which is a critical
failure point that is specified by either design
considerations, safety, or even mission
requirements. The accumulation of X, beyond 6
occurs at the first instance that X, reaches 6
threshold:
T; = inf{t > 0: X, = 6} 2)

In this case Ty is the first-passage time, or the
random time at which the system is destroyed by
cumulative degradation. This expression enables
one to model degradation as a stochastic process
that is continuous. The following are instances: A
drifted (u=constant, o=constant) Wiener process
is linear wear with random errors. Accelerated
degradation under varying stress can be
described by a diffusion term that is time
dependent.

Simulation /
First-Passage Analysis

Reliability Metrics
(MTTF, B, Probability of Failure)

Fig. 1. SDE-Based Reliability Framework

3.2 Reliability Estimation
Reliability is defined as the probability that the
system survives without failure up to time ¢:

R(t) =P(T; > 1) 3)
Equivalently, thefailure probability function is:
F(t)=1—-R(®) =P(T; <t) (4)

Since closed-form solutions for R(t) are rarely
available, two approaches are widely used for
estimation:

(@) Monte Carlo Simulation

Monte Carlo simulation was used to reproduce
numerous stochastic sample paths of the
degradation process where each path was followed
to the critical failure threshold. The corresponding
paths depict the stochasticity in the first-passage
time, and the failure of the system. Numerically
compute many sample paths of the SDE with
discretion methods, e.g. EulerMaruyama or
Milstein. Calculate the first-passage time Tron each
of the sample paths. Figure 2 illustrates that the
degradation state X; behaves in a different way in
different realizations because of random
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perturbations, and the threshold 0.1 is reached at
different time T;, which demonstrates the
uncertainty in the reliability of the system.
Estimate the reliability function as:

R(®)
N
1
>t) (5

whereNis the number of simulated paths and I(+)
is the indicator function.

(b) First-Passage Time Distribution
For special cases, such as a Wiener process with
drift, the first-passage time distribution is
analytically known. If

X, =Xog +ut+ oW, 6)
then the failure time distribution is given by the
Inverse Gaussian distribution:

(©) = 0 — Xo (6 — Xo — ut)?
fo - '—2n02t3 €xp zo_zt y
>0__ (7D

This allows direct computation of R(t) as:
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Fig. 2. Sample simulated degradation paths under
stochastic thermal stress (threshold line
atf = 1.0).

3.3 System-Level Modeling
Although stochastic degradation models are
commonly formulated on a single-component
basis, mission-critical engineering systems are
typically composed of several interacting
subsystems, rendering system-level analysis of
reliability more complicated. In the case of a single
component system there is an SDE that forms the
degradation of the system:
dX,
=p((X, Odt +o(Xp, W,  ___ (9)
where X, is the degradation state. The formulation
is applicable to wear, fatigue crack propagation or
thermal degradation wherein the system is
considered to have failed when degradation
exceeds a threshold 6.
In case of a multi-component system, the
interactions among subsystems are described by
coupled SDEs, the degradation of one subsystem X/
may be affected not only by its own intrinsic drift
and diffusion, but also by the interaction with
other subsystems:
dxi = (XL, 0)dt + o, (XL, t)dw; + Z yijX!dt, i
Jj#i

=1,2,~n (10)
In this case yij is a capture of load-sharing or
dependency between component i and component
j. This enables the modeling of conditions that
include shared structural strains or thermal
coloring.
Mission critical systems need to include higher-
level features like redundancy, fault tolerance and
load-sharing. An example is that when a system
has parallel redundancy, the reliability of that
system can be defined at the system level as:

Rsys (t) =1- 1_[(1 - Ri(t)) _7(11)
i=1

i=
whereR;(t) is the reliability of individual
component i as estimated by the SDE model of that

component. Likewise, load-sharing may be
modeled where drift and diffusion coefficients are
dynamically updated when one component fails
and the remaining components redistribute stress.
This top-down integration allows the SDE
framework to address the components
degradation as well as system resilience at a
mission level.

3.4 Numerical Implementation

Closed-form solutions for SDE-based reliability
metrics are rare, particularly in multi-component
systems. Therefore, numerical discretization
schemes are used to approximate sample paths of
the degradation process. Two widely used schemes
are:

1. Euler-Maruyama Scheme:

Xt+At
=X, + u(X,, At

+ a(X,, t)AW, (12)
whereAW, ~ N(0,At)The technique is
computationally inexpensive but can have

numerical instabilities on stiff systems.
2. Milstein Scheme:

Xt+At
= X, + u(X,, At + o (X,, AW,

+ %a(xt, t)a'(X,, ) (AW,)?

—At) ___ (13)

which includes an extra correction term to be
more accurate particularly in cases where
diffusion is state-dependent. With these
discretization schemes, one generates thousands
of sample paths and failure times T are recorded
when the degradation reaches the threshold 6. On
the basis of this, reliability statistics are
approximated:
e Mean Time to Failure (MTTF):

MTTF = E[T;] (14)
o Reliability Index () (FORM-based):

p=te (15)

o,
9
whereg(X;) is the limit state function, with mean

g and standard deviation g,.

e Probability of Failure:
Pe(t) =1—-R(t)

= P(T;

<t)y____ (16)
Lastly, proposed SDE-based estimates of reliability
are compared to classical deterministic (e.g.,
Weibull lifetime) and stochastic process (e.g.
Markov chains) models. The current comparative
assessment presents the precision increases of
considering stochastic dynamics and continuous
degradation. Table 1 summarizes that, due to its
simplicity and efficiency, the EulerMaruyama
scheme is appropriate in cases of large Monte
Carlo simulations, and the Milstein scheme is more

39 Journal of Applied Mathematical Models in Engineering | Jul - Sep 2025



Saravanakumar Veerappan et al / Stochastic Differential Equation Models for Reliability Analysis of
Mission-Critical Engineering Systems

accurate and stable in the case of state-dependent
diffusion processes, which is a moderate cost of
increased calculation. This trade-off can enable

researchers to choose the most reasonable method
based on system complexity and needed precision.

Table 1. Comparison of Euler-Maruyama and Milstein Discretization Schemes

Aspect Euler-Maruyama Scheme Milstein Scheme
Numerical First-order weak convergence; | Higher accuracy due to
Accuracy lower accuracy for state- | correction term; particularly
dependent diffusion. effective for nonlinear SDEs.
Stability May suffer from numerical | More stable for stiff systems;
instability for stiff or highly | better  performance  when
nonlinear systems. variance grows rapidly.
Computational Computationally efficient; simple | Slightly higher computational
Cost to implement with low overhead. | cost due to derivative of
diffusion term o’ (X).
Applicability Suitable for large-scale Monte | Preferred for precision-critical
Carlo simulations and problems | reliability = analysis = where
with mild nonlinearity. diffusion is state-dependent.
Implementation Straightforward implementation; | Requires evaluation of o'(X);
Effort requires only pand o. more complex coding but
manageable.

4. RESULTS AND DISCUSSION
4.1 Simulation Setup
To validate the proposed stochastic differential
equation (SDE)-based reliability framework, a case
study of an avionics control system subjected to
stochastic thermal stress was considered. The
system degradation was modeled using the SDE:
dX, = udt + odW, (17)
with parameters p = 0.05 (drift rate), ¢ = 0.02
(diffusion intensity), and a failure threshold
6 = 1.0. A total of 10,000 Monte Carlo simulations
were conducted using MATLAB and Python-based
SDE solvers (Euler-Maruyama and Milstein
schemes). Each trajectory was monitored until it
crossed the threshold, representing system failure.
This setup provided statistically significant results
for reliability estimation under realistic operating
conditions.

4.2 Reliability Curves

Reliability-function R(t) was obtained based on
first-passage times of simulated degradation paths.
The findings indicated that the suggested SDE
framework generated reliability curves that were
in close agreement with experimental degradation
data, which showed its effectiveness in the
representation of the effects of uncertainty. The
predictions of the SDE based method
outperformed the deterministic Weibull models by
about 23 percent in terms of the mean prediction
error, particularly in the tail of the reliability curve
where uncertainty prevails. Besides, the index of
reliability (8 ) declined strongly with diffusion and
highlighted the wvulnerability of mission-critical
systems to stochastic loads and random
perturbations. Figure 3 demonstrates that the SDE-
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predicted reliability curve is close to the trend in
the actual degradation, whereas deterministic
models show much higher survival of the system.

1.0 Deterministic Weibull (k=1.5, n=22)
Markov (Exponential, A=0.05)
= SDE (Monte Carlo)
08
206
2
%
504
o«
0.2
0.0
0 10 20 30 40 30 60
Time, t

Fig. 3. Reliability curves for deterministic Weibull,
Markov, and SDE-based models.

To complement the visual reliability curves, Table
2 summarizes the computed reliability metrics at
selected mission times. The table reports the
reliability function R(t), probability of failure
P (t), and reliability index f. The results confirm
that reliability decreases sharply after t = 20,
which aligns with the mean-time-to-failure
estimate obtained from the SDE framework.
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Table 2. Reliability metrics for selected mission times under stochastic thermal stress

Mission Time | Reliability Probability of Failure | Reliability Index
® R(®) P () B

15 0.9994 0.0006 3.2202

20 0.4915 0.5085 0.0004

25 0.0055 0.9945 -2.4996

30 0.0000 1.0000 -4.5645

The table also emphasizes the high cost of
transition between high-reliability and high-risk
phases, which deterministic models cannot
represent with accuracy.

Surgeons indicative of the model of time to failure
indicate that the standard deviation model of time
to failure (MTTF) is about 20.06 time units. It is
interesting to point out that at t =20, the
reliability function R(t) and the reliability index
Ptake a drastic turn with steep drop, which is in
line with the threshold crossings at about the
MTTF. This discovery qualifies SDE model in
determining the mission-critical reliability limits.

4.3 Comparative Analysis

Comparison was conducted between deterministic,
Markov and SDE-based reliability models.
Deterministic models greatly overestimated
reliability of the system because the models
referred to stochastic variability in the
degradation. Markov models were highly useful in
the discrete state transitions but they were unable
to model continuous degradation dynamics which

are very important to fatigue and wear-based
failures. The models based on SDE, in contrast,
were more appropriate to mission-critical data
analysis in that they offered a more balanced view
of temporal development, noise effects and
threshold crossing behavior. A comparative study
was also used to measure the effectiveness of the
proposed framework in deterministic, Markov, and
SDE-based reliability models. Deterministic
Weibull models were simple, closed-form, and did
not produce the same error reduction behavior as
experimental data, as shown in Table 3 and tended
to over-estimate system reliability. Markov
process models gave a more accurate
representation of state transitions to repairable
systems, but could not represent continuous
degradation like thermal fatigue due to their
discrete event nature. Comparatively, the SDE-
based method obtained the best fit to experimental
degradation curves, and was robust to
uncertainties despite the computational cost of
simulation.

Table 3: Comparative Analysis of Reliability Models

Model Type Strengths Limitations Performance in
Case Study

Deterministic | Simple Ignores stochastic | 23% higher error

(Weibull) implementation; variation; compared to
closed-form overestimates experimental data
reliability functions reliability

Markov Captures state | Discrete-event focus; | Moderate accuracy,

Process transitions; good for | limited representation | poor fit for thermal
repairable systems of continuous | fatigue

degradation

SDE-Based Models drift and | Requires numerical | Closest match to
noise; realistic | simulation; experimental data;
degradation computationally robust under
trajectories intensive uncertainty

4.4 Engineering Implications

The findings indicate that the suggested SDE-based
framework offers great practical advantages to
mission-critical reliability evaluation. First, it can
be used to estimate reliability real time in
conjunction with sensor-based state tracking to
enable the operators to monitor system health
throughout missions. Second, it facilitates
predictive maintenance scheduling, by precisely

forecasting degradation behavior and failure
propensity, into mission risks and life-cycle costs.
Lastly, the framework can be widely used in
aerospace, defense, nuclear energy, and
autonomous vehicle sectors, where concerns of
uncertainty are unavoidable, and reliability must
not be sacrificed. The framework as depicted in
Figure 4 helps transition initial systems design,
sensor-driven monitoring in ongoing operation,
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predictive maintenance scheduling, to mission
assurance. This roadmap explains that this
approach to reliability modeling does not only
enhance accuracy in the modeling of reliability, but

System Design

Sensor-Driven Monitoring

it also allows a practical implementation of the
method to real-time aerospace, defense, and
nuclear decision-making.

Predictive Maintenance Mission Assurance

Fig. 4. Application roadmap of SDE-based reliability framework in mission-critical systems

5. CONCLUSION

This paper presented a stochastic differential
equation  (SDE)-based reliability = modelling
framework designed to fit best to mission-critical
engineering systems (including aerospace
platforms, nuclear reactors and autonomous
defense vehicles). SDE framework, unlike
deterministic reliability methods, which tend to
ignore the influence of uncertainty, explicitly uses
stochastic degradation dynamics via drift and
diffusion terms. This equation allows one to
realistically model the degradation processes in
the presence of variable environmental conditions,
operational stresses, and natural randomness of
material behavior. This framework was confirmed
with a simulation experiment on an avionics
control system that was under stochastic thermal
stress. The findings indicated that SDE-based
estimates of reliability are consistent with
measured degradation values, and deterministic
Weibull and Markov model either overestimated
reliability, or did not resolve long-term patterns of
continuous degradation. The SDE method was
found to, quantitatively, improve prediction
accuracy by 23 percent over classical techniques,
and it identified key reliability limits including the
mean time to failure (MTTF = 20 units). These
results illustrate how the framework can present
dynamic and time-dependent reliability measures
such as R(t), probability of failure and reliability
index f that are required in mission assurance.
Finally, the main contributions of the work can be
as follows. Generalized SDE-based reliability
framework was created to combine deterministic
degradation tendencies and stochastic uncertainty.
Findings of the simulations have shown that the
framework enhances prediction accuracy by
approximately 23 percent against Weibull and
Markov models. It was proposed that a system-
level modeling strategy with redundancy, fault
tolerance and load-sharing is used to represent
mission-critical operations. Lastly, a roadmap
towards integration with machine learning and
digital twin technologies was described to make
real-time evaluation of reliability and predictive
maintenance possible. This study will be extended
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in three directions in future. To begin with, the
machine learning tools will be integrated to
improve the estimation of parameters of the drift
and diffusion coefficients so that the framework
would adjust to changing conditions of the system.
Second, the scaling to multi-scale degradation
processes that represent coupled interactions
between components and subsystems will be done.
Lastly, the framework will be integrated into
digital twin settings, which will allow virtual
monitoring, predictive analytics, and risk-based
decision-making of next-generation mission-
critical systems.

REFERENCES

1. Rausand, M., &Hgyland, A. (2004). System
reliability theory: Models, statistical methods,
and applications (2nd ed.). Hoboken, NJ:
Wiley.

2. Nelson, W. (1982). Applied life data analysis.
New York, NY: Wiley.

3. Trivedi, K. (2002). Probability and statistics
with reliability, queuing, and computer science
applications (2nd ed.). Hoboken, NJ: Wiley.

4. Finkelstein, M. (2008). Failure rate modeling
for reliability and risk. London, UK: Springer.

5. Ye, L, & Xie, Y. (2017). A Wiener process-
based degradation modeling for residual life
prediction. Reliability Engineering & System
Safety, 159, 58-66.
https://doi.org/10.1016/j.ress.2016.10.018

6. Si, S, Wang, W, Hu, C, & Zhou, D. (2011).
Remaining useful life estimation - A review
on the statistical data-driven approaches.
European Journal of Operational Research,
213(1), 1-14.
https://doi.org/10.1016/j.ejor.2010.11.018

7. Higham, D. (2001). An algorithmic
introduction to numerical simulation of
stochastic differential equations. SIAM Review,

43(3), 525-546.
https://doi.org/10.1137/5S00361445003783
02

8.  Schuéller, H., &Ghanem, R. (2013). Stochastic
structural dynamics—Progress and
challenges. Journal of Sound and Vibration,

Sep 2025 42



Saravanakumar Veerappan et al / Stochastic Differential Equation Models for Reliability Analysis of
Mission-Critical Engineering Systems

10.

11.

43

332(10), 2379-2409.
https://doi.org/10.1016/j.jsv.2012.11.013
@ksendal, B. (2010). Stochastic differential
equations: An introduction with applications
(6th ed.). Berlin, Germany: Springer.

Muyanja, A. Nabende, P. Okunzi, ],
&Kagarura, M. (2025). Metamaterials for
revolutionizing modern applications and
metasurfaces. Progress in Electronics and
Communication Engineering, 2(2), 21-30.
https://doi.org/10.31838/PECE/02.02.03
Prasath, C. A. (2025). Performance analysis of
induction motor drives under nonlinear load
conditions. National Journal of Electrical
Electronics and Automation Technologies,
1(1), 48-54.

12.

13.

14.

Poornimadarshini, S. (2025). Mathematical
modeling of rotor dynamics in high-speed
electric motors for aerospace applications.
Journal of Applied Mathematical Models in
Engineering, 1(1), 33-43.

Tamm, ]. A, Laanemets, E. K, &Siim, A. P.
(2025). Fault detection and correction for
advancing reliability in reconfigurable
hardware for critical applications. SCCTS
Transactions on Reconfigurable Computing,
2(3), 27-36.
https://doi.org/10.31838/RCC/02.03.04
Prasath, C. A. (2023). The role of mobility
models in MANET routing protocols
efficiency. National Journal of RF Engineering
and Wireless Communication, 1(1), 39-48.
https://doi.org/10.31838/RFMW/01.01.05

Journal of Applied Mathematical Models in Engineering | Jul - Sep 2025


https://doi.org/10.31838/PECE/02.02.03
https://doi.org/10.31838/RCC/02.03.04
https://doi.org/10.31838/RFMW/01.01.05

