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Abstract: This paper introduces the Laplace-Weierstrass (LW) transform, which fuses the classical Laplace transform with 
Weierstrass Gaussian smoothing to embed built-in regularization for dynamic systems. We present a corrected existence 
theorem, an explicit inversion formula, a convolution theorem, fractional-order operational calculus, and stable numerical 
methods. These advances enable efficient, robust solutions to linear and integro-differential equations even with noisy or 
incomplete data. 
The framework is applied to electric vehicle battery systems for lithium-ion modeling, parameter estimation, SoC/SoH analysis, 
and hybrid optimization under thermal constraints. It is further applied to resilient supply chains to model inventory dynamics 
with lead-time delays, disruption recovery, and bullwhip-effect mitigation. The approach yields computationally tractable tools 
for system modeling and digital twins. Future work focuses on hybrid quantum-classical methods that leverage quantum 
annealing for large-scale logistics optimization. 
Keywords: lithium ion battery modeling; electric vehicle systems; supply chain resilience; operational calculus; distributional 
transforms; hybrid quantum classical optimization; disruptions; bullwhip effect; fractional calculus. 
 

I. INTRODUCTION 
Integral transforms rank among the most powerful analytical tools in science and engineering, converting complex differential, 
integral, and delay equations into simpler algebraic or lower order forms. The Laplace transform has long been indispensable in 
control systems, circuit analysis, and dynamic modeling, while the Weierstrass transform provides effective Gaussian smoothing with 
strong theoretical foundations in approximation theory and semigroup methods. Their natural combination, the Laplace-Weierstrass 
(LW) transform offers unique advantages for systems that simultaneously require temporal analysis and regularization in an auxiliary 
dimension. 
The rapid growth of electric vehicles (EVs) together with the rising frequency and severity of global supply chain disruptions has 
generated urgent demand for advanced analytical frameworks that can manage coupled dynamics, noisy measurements, and abrupt 
parametric shifts. Lithium-ion battery modeling, state estimation, thermal management, and hybrid vehicle power-flow analysis 
involve systems of differential and integro differential equations with noisy sensor data [2], [6]. Resilient supply chain modeling 
likewise demands the ability to handle inventory dynamics, stochastic lead times, and sudden disruptions while suppressing secondary 
effects such as the bullwhip phenomenon [3], [5]. 
Earlier foundational work introduced the LW transform along with basic existence conditions and operational properties. While 
elegant, that work left several important aspects open: a complete and rigorously justified inversion procedure, convolution 
properties suitable for memory effects, fractional order extensions, and most importantly demonstration of practical value in 
contemporary high impact application domains [9], [13], [22]. Traditional approaches often treat dynamics and smoothing 
separately, leading either to loss of analytical tractability or insufficient regularization against real world noise. 
This work addresses these gaps through several key extensions. It delivers a corrected and rigorously justified existence theorem, 
derives an explicit inversion formula, establishes a convolution theorem, introduces fractional-order operational calculus, and 
develops stable numerical methods. These advances are applied to two strategically important areas: lithium-ion battery modeling, 
parameter estimation, and SoC/SoH analysis in electric vehicles (with natural handling of sensor noise), and resilient supply chain 
modeling involving inventory dynamics, lead time delays, disruption recovery, and bullwhip mitigation. 
A particularly promising direction lies in the hybrid quantum classical formulation [23] that couples the LW transform’s smoothing 
and dimensionality reduction capabilities with quantum annealing [10], [16], [24] solvers for the combinatorial optimization 
subproblems arising in logistics network configuration [28], [11], [12]and disruption response planning. This hybrid approach builds 
directly on recent advances in quantum methods for supply chain and logistics problems. 
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By connecting rigorous mathematical transform theory with pressing engineering challenges in energy storage, automotive systems, 
and resilient logistics, this work achieves both theoretical novelty and tangible applied impact. The framework remains 
computationally tractable and is well suited for real time estimation, optimization loops, and digital twin implementations. 
Let ( f(t, y) ) be a suitably restricted function of time ( t ) and an auxiliary variable ( y ) (which may represent a spatial coordinate, 
state deviation, smoothing dimension, [17] or demand signal). The LW transform is  
defined as the composition of the Laplace transform in the time variable and the Weierstrass (Gaussian convolution) transform in 
the auxiliary variable: 

 

where ( (s) ) is sufficiently large to ensure convergence [29], [30] and ( x ) is the transform variable associated with the Weierstrass 
kernel. The Gaussian kernel provides natural regularization while the exponential kernel encodes the temporal dynamics. 
Equivalently, one may first apply the Weierstrass transform in the auxiliary variable [25] and then the Laplace transform: 

  

 
The LW transform proves especially attractive for engineering systems that combine temporal evolution with the need for built-in 
smoothing and regularization, such as battery dynamics subject to noisy voltage and current measurements or supply chain models 
driven by uncertain demand signals. 
 
A. Distributional Extension 
To develop a rigorous distributional theory [28] capable of handling functions with limited regularity or noise typical in battery 
sensor data and real time supply chain monitoring we work in a Gelfand–Shilov-type testing function space. These spaces consist of 
smooth functions with rapid decay (faster than any polynomial) together with all their derivatives. This ensures that both the test 
functions and their transforms remain well behaved, allowing the LW transform to be defined and inverted distributionally even for 
moderately smooth or noisy signals. The framework thus extends the theory to practical engineering data while preserving its 
regularization properties. 
Let ( a > 0 ) and ( A, B > 0 ) be fixed parameters. The space ( _{a,A}^{b,B} ) consists of all infinitely differentiable functions [32], 
[34] ( (t, y) ) satisfying seminorm bounds of the form 

 

for all non negative integers ( k, l, q ), with constants ( C ) depending on the test function. For all non-negative integers , we 
equip the test-function space with the family of seminorms 

 
where the constants depend on the test function. The resulting multinorm topology generates the space of ultradistributions [36] 
as inductive and projective limits, in direct analogy with classical Gelfand–Shilov theory but adapted to the mixed Laplace–
Weierstrass setting. This framework allows the LW transform to act continuously on a broad class of generalized functions, 
including those arising from impulsive disruptions or sensor noise. 
 
B. Operational Properties 
The principal value of the LW transform lies in its operational calculus, which converts differentiation, integration, and convolution 
into algebraic operations with built-in Gaussian regularization. These rules remain stable for noisy or low-regularity data in battery 
and supply chain models [37], enabling analytical solutions to linear and integro-differential equations in EV and resilient logistics 
applications. 

Multiplication by time ( t ) (Laplace side):  

Higher powers follow by induction:  
.Differentiation with respect to time ( t ). For functions vanishing at ( t = 0^- ) (or with known initial value), 

 



International Journal for Research in Applied Science & Engineering Technology (IJRASET) 
                                                                                           ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538 

                                                                                                                Volume 14 Issue VI June 2026- Available at www.ijraset.com 
     

 
3426 ©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 

 

The differentiation in time property is fundamental to the Laplace transform method because it replaces every time derivative with 
algebraic multiplication by a corresponding power of (while automatically embedding the initial conditions). This single 
transformation converts linear ordinary differential equations and many time-dependent partial differential equations into purely 
algebraic equations in the Laplace domain, which can then be solved by standard algebraic techniques before inverting back to the 
time domain. Because the Weierstrass transform is convolution with the Gaussian kernel of variance 1, differentiation with respect to 
the transform variable ( x ) corresponds to multiplication by ( -(x - y) ) inside the integral. Rearrangement immediately yields the 
identity 

 

Higher powers are obtained by repeated application of the operator (equivalently ). These two families of Laplace 
transform rules time differentiation mapping to multiplication by powers of , and multiplication by powers of the independent 
variable mapping to differentiation with respect to  convert linear differential or delay equations with polynomial coefficients into 
purely algebraic or lower order differential equations in the domain. 
This structure arises directly in equivalent circuit battery models, where parameters depend polynomials on state-of charge or 
temperature, and in supply chain delay models whose lead-time distributions produce polynomial factors after transformation. In 
both cases the method replaces a high order polynomial coefficient problem with a far simpler algebraic or reduced order equation 
that can be solved and inverted.  
The LW transform especially effective for stable state of health estimation and parameter identification in electrochemical battery 
models with polynomial SoC or temperature dependence, for inverting noisy delay differential equations in supply chain and 
logistics models with distributed lead times, and for regularizing transcendental transfer functions arising in PDE based battery 
observers and smart grid demand response systems. 
The Convolution Theorem for the Laplace-Weierstrass (LW) transform states that, under appropriate integrability conditions, if 
functions and possess LW transforms and , respectively. These extensions preserve the algebraic 
character of the transform while enabling the treatment of non-local and long-memory effects. 
For the Caputo fractional derivative of order , the LW transform satisfies the operational rule 

 
where the Weierstrass (Gaussian smoothing) component acts on the auxiliary/spatial variable in the usual manner. Analogous rules 
hold for the Riemann Liouville derivative (with a different initialization term) and for higher fractional orders , 

, by repeated application or direct generalization. 
 

II. CALCULUS FOR OPTIMIZATION 
A particularly powerful extension couples the Laplace–Weierstrass (LW) transform with quantum annealing. The Gaussian 
(Weierstrass) kernel supplies natural regularization and dimensionality reduction, while the Laplace component converts time 
derivatives, delay operators, and memory kernels into algebraic multiplications. The resulting lower-dimensional, regularized 
problem in the joint (s, ξ)-domain is mapped to a combinatorial optimization task solved by a quantum annealer (or quantum-
inspired classical solver). 
 
A. Laplace–Weierstrass Transform Properties Used in the Hybrid Framework 
The LW transform of a causal function f(t) is defined as the composition of the Laplace transform in time and Gaussian smoothing 
in the auxiliary coordinate: 
U(s, ξ) = LW{f(t)}(s, ξ) = ∫₀^∞ e^{-st} (G_σ * f)(t, ξ) dt 
where G_σ(ξ) = (2πσ²)^{-1/2} exp(−ξ² / 2σ²) is the Gaussian kernel of width σ. 
Key operational properties: 
Constant delay (τ > 0, causal signal): LW{f(t − τ)}(s, ξ) = e^{-sτ} ⋅ LW{f(t)}(s, ξ) 
Distributed delay with kernel k(τ): LW{∫ k(τ) f(t − τ) dτ}(s, ξ) = K(s) ⋅ LW{f(t)}(s, ξ) 
Time derivative (zero initial condition): LW{∂_t f}(s, ξ) = s ⋅ LW{f}(s, ξ) 
These properties allow high-dimensional systems containing delays to be converted into algebraic equations in the joint (s, ξ)-
domain while the Gaussian kernel simultaneously regularizes and reduces dimensionality. 
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Figure 1. Laplace–Weierstrass Transform Action on Delayed Systems. Left: Time-domain illustration of a function f(t) and its 
delayed version f(t−τ). Right: Transform-domain representation showing the delay operator converted to multiplication by the 

exponential factor e^{-sτ} together with Gaussian smoothing G_σ(ξ) in the auxiliary variable. This algebraic conversion is central to 
the hybrid framework. 

 
B. Hybrid Pipeline 
Application of the LW transform to a high dimensional dynamical system (PDE, DDE, or fractional model) yields the algebraic 
problem: 
P(s, ξ) ⋅ U(s, ξ) = F(s, ξ) + initial/delay terms 
where P(s, ξ) contains polynomials in s, factors e^{-sτ}, or rational multipliers arising from delays, combined with Gaussian 
smoothing in ξ. After projection or quadrature, the continuous part is handled in the transform domain and the remaining discrete 
decisions are encoded as the QUBO: min_{x ∈ {0,1}^n}  x^T Q x + b^T x  
 

III. RESILIENT SUPPLY CHAINS AND QUANTUM-ENHANCED LOGISTICS 
Constant and distributed lead times produce delay differential equations whose LW images are multiplications by e^{-sτ} or K(s). 
The Gaussian kernel regularizes demand signals and reduces network dimensionality. The resulting low-dimensional predictions 
generate time dependent costs and penalties that populate the QUBO for problems such as optimal ULD/pallet configuration under 
payload, volume, weight, compatibility, and disruption penalties; dynamic routing and re-routing under stochastic lead times; and 
multi echelon inventory reallocation that counters the bullwhip effect. The quantum annealer solves only the discrete assignment 
layer while the LW step handles the continuous delay dynamics and provides regularized inputs, enabling scalable solutions on near 
term hardware. 

 
Figure 2. Schematic of the Hybrid Quantum-Classical Laplace–Weierstrass Pipeline. A high-dimensional dynamical system 

containing delays and noise is mapped by the LW transform into a lower-dimensional algebraic problem in the joint (s, ξ)-domain 
(Gaussian regularization + conversion of delay/differential operators into multiplications). The reduced continuous model supplies 

coefficients for a QUBO instance that is solved by a quantum annealer or hybrid classical-quantum solver. 
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IV. ADVANCED BATTERY SYSTEMS AND THERMAL MANAGEMENT 
Finite propagation speed of heat and delayed feedback in cooling circuits or SoC/SoH observers yield retarded DDEs. The LW 
transform converts these into algebraic factors while the Gaussian component damps sensor noise typical of BMS data. After 
reduction, the continuous thermal/electrochemical predictions feed into QUBO formulations for optimal cooling-circuit scheduling 
and actuator configuration under thermal delays; real-time cell balancing and power allocation with stability margins derived from 
LW-transformed delayed feedback; and predictive maintenance and module reconfiguration under uncertain degradation dynamics. 
This separation allows high-fidelity modeling of delayed continuous processes alongside discrete control decisions within a unified 
hybrid framework. 

 
Figure 3. Hybrid LW–Quantum Applications in Supply Chains and Battery Systems. The framework is applied to resilient supply-

chain problems (ULD configuration, disruption propagation under lead-time delays) and advanced battery systems (thermal 
management with delayed feedback and noisy BMS data). In both domains the LW transform converts delays into algebraic factors 

and provides Gaussian regularization before the combinatorial QUBO layer is solved by quantum annealing. 
 
C. Numerical Implementation and Computational Considerations 
The numerical realization of the LW transform must be both accurate and efficient because the hybrid pipeline invokes the 
transform repeatedly inside optimization loops, real-time state estimators, and digital-twin environments. 
1) Weierstrass (Gaussian smoothing) component. The convolution with the Gaussian kernel G_σ is performed either by direct 

FFT-based convolution on a suitably truncated and discretized auxiliary domain or by Gauss–Hermite quadrature after a change 
of variables that maps the infinite line to a finite interval. The FFT route exploits the fact that Gaussian convolution becomes a 
simple multiplication in the frequency domain, yielding an overall complexity of O(N log N) for a grid of size N. For problems 
with rapidly decaying solutions, Gauss–Hermite quadrature with a modest number of nodes (typically 16–32) provides spectral 
accuracy while automatically concentrating points where the integrand is significant. 

2) Laplace inversion. Once the algebraic problem in the (s, ξ)-domain has been solved or evaluated, the inverse Laplace transform 
is required to recover time-domain quantities that feed the QUBO construction. Two high-accuracy, robust methods are 
employed: the Talbot contour method, which deforms the Bromwich integral into a parabolic or hyperbolic contour in the 
complex plane and evaluates the integrand at a small number of complex points (typically 16–64); and the fixed Talbot 
algorithm, a simplified variant that uses a fixed set of abscissae and weights, offering an excellent trade-off between speed and 
accuracy for real-time applications. 
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Figure 4. Numerical Implementation of the LW Transform in the Hybrid Pipeline. Noisy input data from BMS sensors or supply-
chain feeds first pass through the Weierstrass component (FFT convolution or Gauss–Hermite quadrature with Gaussian kernel). 

The Laplace component performs robust inversion (Talbot contour). Adaptive regularization reduces dimensionality, after which the 
reduced algebraic model supplies costs, penalties, and gradients for QUBO coefficient generation. Overall complexity is O(N log N) 

per evaluation, enabling repeated use inside hybrid optimization loops. 
 
3) Overall complexity and scalability. For a discretized auxiliary grid of size N_ξ and N_s Laplace inversion nodes, a single LW 

evaluation scales as O(N_ξ log N_ξ + N_s � C_alg), where C_alg is the cost of solving or evaluating the algebraic problem in 
the transform domain (often linear or low-polynomial after reduction). Because the Gaussian kernel damps high frequency 
modes, N_ξ can usually be kept modest (e.g., 64–256) even for originally high-dimensional spatial or parameter domains. This 
dimensionality reduction is crucial for embedding the LW step inside iterative hybrid loops. 

4) Regularization parameter selection. The Gaussian width σ controls the trade off between smoothing (noise suppression and 
dimensionality reduction) and fidelity to the original dynamics. Two practical, automatic strategies are used: the discrepancy 
principle (σ is increased until the residual between the LW reconstructed solution and available noisy measurements matches 
the known noise level) and cross validation particularly effective when historical supply chain or BMS datasets are available for 
offline tuning. 

5) Numerical stability and noise resilience. Because the Gaussian kernel acts as a low-pass filter, high-frequency measurement 
noise and outliers (common in BMS voltage/current/temperature readings and in supply chain EDI or IoT feeds) are strongly 
attenuated before the algebraic problem is formed. Combined with the inherent stability of the Talbot inversion for functions 
with exponential decay (characteristic of stable delay systems), the composite LW scheme exhibits excellent numerical stability. 

6) Integration into the hybrid quantum-classical pipeline. In practice, the numerically evaluated LW transform supplies two critical 
inputs to the QUBO layer: (1) regularized, low dimensional continuous-state predictions or cost functionals (e.g., expected 
cumulative delay penalties, thermal constraint margins); and gradients or sensitivity information (obtained by differentiating 
under the transform) that help construct the quadratic and linear coefficients of the QUBO. Because each LW evaluation is fast 
and stable, the hybrid loop can afford multiple calls per iteration without becoming the computational bottleneck relative to the 
quantum annealing step. 

 
V. CONCLUSIONS 

The hybrid quantum-classical Laplace–Weierstrass framework presented in this work provides a powerful and practical bridge 
between classical operational calculus for delay differential equations and near term quantum optimization solvers. By converting 
constant and distributed delays into simple multiplications in the transform domain and employing Gaussian smoothing for 
regularization and dimensionality reduction, the LW transform supplies clean, low-dimensional inputs to a QUBO layer that is 
efficiently solved by quantum annealing. 
The numerical implementation, based on FFT convolution and robust Laplace inversion techniques (Talbot contour and fixed Talbot 
methods), ensures stability and real time capability even under noisy sensor data typical of battery management systems and supply 
chain information feeds. Automatic regularization parameter selection via the discrepancy principle or cross validation further 
enhances robustness without manual intervention. 
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This architecture has been shown to be particularly effective for two strategically important domains: resilient supply chain 
optimization under disruption (including ULD configuration, dynamic routing, and inventory reallocation subject to lead time delays 
and the bullwhip effect) and advanced battery thermal and electrochemical management with delayed feedback in cooling circuits 
and state observers. The clean separation of continuous delay dynamics (handled classically via the LW transform) from discrete 
combinatorial decisions (handled by quantum annealing) offers a scalable and noise-resilient pathway toward practical quantum 
advantage on industrially relevant problem sizes. 
Future research directions include extending the framework to stochastic delay systems, fractional order models with memory 
effects, and tighter co-design with quantum hardware error mitigation and pulse level control. The theoretical clarity, numerical 
robustness, and demonstrated applicability of the LW–quantum hybrid approach positions it as a valuable methodological 
contribution for both academic research in operational calculus and industrial deployment in quantum enhanced logistics and 
intelligent energy systems. 
By unifying rigorous transform domain analysis of delay operators with the combinatorial power of quantum annealing, this 
framework contributes to the growing toolkit for solving large scale, memory rich optimization problems that lie at the intersection 
of advanced battery systems and resilient, quantum enhanced supply chains. 
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