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Abstract 

Optimization of seismic workflow parameters is pivotal for enhancing the efficiency, 

accuracy, and cost-effectiveness of exploration projects. This review synthesizes the 

state of the art in mathematical and computational models—ranging from traditional 

gradient-based algorithms and genetic algorithms to machine-learning approaches and 

hybrid metaheuristics—applied to key seismic processing stages such as acquisition 

design, trace editing, velocity model building, migration parameter tuning, and 

imaging inversion. We critically evaluate the criteria and objective functions used to 

quantify data quality, signal-to-noise ratio, and computational load, highlighting how 

different optimization strategies address the trade-offs among resolution, runtime, and 

resource consumption. Common challenges—including non-convex search spaces, 

high-dimensional parameter domains, data heterogeneity, and integration with real-

time feedback—are discussed, along with mitigation strategies such as surrogate 

modeling and adaptive sampling. We then showcase demonstrated benefits in case 

studies, including reduced turnaround times, improved imaging fidelity, and lower 

acquisition costs. Finally, we identify emerging trends—such as deep-reinforcement-

learning frameworks, cloud-computing scalability, and digital-twin 

implementations—that promise to further advance seismic workflow optimization. By 

providing a comprehensive framework of techniques, challenges, benefits, and future 

directions, this review aims to guide geophysicists, data scientists, and project 

managers in selecting and tailoring optimization models to the specific demands of 

diverse exploration scenarios. 
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1. Introduction 

1.1. Importance of parameter optimization in seismic exploration 

Parameter optimization in seismic exploration underpins every stage of the workflow, from data acquisition design through 

imaging inversion, directly impacting the fidelity of subsurface models and the economic viability of projects. Seismic 

acquisition parameters—such as source spacing, receiver grid geometry, and recording time—must be carefully tuned to balance 

spatial sampling density against operational costs. For example, reducing shot point intervals improves horizontal resolution but 

increases vessel line kilometers and data volume, driving up equipment rental and processing expenses. Likewise, migration 

parameters—such as aperture size, imaging velocity, and iteration counts—govern the accuracy of reflector positioning and 
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amplitude recovery; inappropriate choices produce migration 

smiles, imaging artifacts, and mispositioned structural 

features that can mislead reservoir characterization. 

Optimization of velocity model building parameters through 

tomographic inversion—choosing appropriate regularization 

weights and ray-path smoothing constraints—ensures 

convergence to a geologically plausible model without 

overfitting noise. Furthermore, trace editing thresholds and 

de-noising filter bandwidths must be calibrated to suppress 

coherent and random noise while preserving true subsurface 

reflections. A well-optimized workflow reduces turnaround 

time by minimizing redundant iterations, lowers 

computational load by avoiding over-large operator kernels, 

and enhances signal-to-noise ratio for improved 

interpretability. In frontier basins where sparse well control 

necessitates maximal information extraction from limited 

seismic surveys, parameter optimization can mean the 

difference between successful prospect identification and 

costly dry holes. Ultimately, systematic optimization 

frameworks empower geophysicists to navigate the trade-offs 

inherent in high-dimensional parameter spaces, delivering 

robust subsurface images that accelerate decision-making 

and de-risk exploration investments. 

 

1.2. Historical development of optimization models in 

geophysics 

The incorporation of formal optimization techniques into 

geophysical workflows has evolved over several decades, 

transitioning from heuristic trial-and-error approaches to 

sophisticated algorithmic strategies. In the 1970s and 1980s, 

seismic parameter selection was guided primarily by rule-of-

thumb and expert judgement, with manual adjustment of 

stacking velocities, mute times, and filter settings based on 

interpreters’ experience. The advent of linear least-squares 

methods enabled automatic velocity analysis, where 

semblance panels were scanned to identify peak coherency; 

however, users still manually reviewed and picked velocity 

spectra. By the 1990s, gradient-based optimization 

algorithms—such as Gauss-Newton and conjugate-gradient 

methods—were integrated into tomographic velocity 

inversion, automatically updating model parameters to 

minimize travel-time misfits. Concurrently, genetic 

algorithms entered the scene for seismic design problems, 

using populations of parameter sets to explore non-convex 

search spaces for optimum source-receiver layouts. The 

2000s saw the rise of swarm-intelligence techniques, notably 

particle swarm optimization, to tune processing workflow 

parameters like deconvolution operator length and migration 

mute radii. More recently, machine-learning models—

including deep neural networks and Bayesian optimization 

frameworks—have been applied to seismic parameter 

selection, learning complex, non-linear relationships between 

input parameters and image quality metrics. Hybrid 

approaches now combine surrogate models and adaptive 

sampling to accelerate convergence in high-dimensional 

spaces. This historical progression reflects a broader trend 

toward data-driven, automated parameter tuning, reducing 

human bias and enabling reproducibility across diverse 

geological settings. 

 

1.3. Scope and objectives of the review 

This review examines the spectrum of optimization models 

applied to seismic workflow parameters, spanning 

acquisition design, trace preprocessing, velocity model 

building, migration tuning, and imaging inversion. It aims to 

elucidate the mathematical foundations and algorithmic 

implementations of gradient-based methods, evolutionary 

heuristics, swarm-intelligence techniques, and machine-

learning–driven frameworks, comparing their strengths, 

weaknesses, and computational demands. Specific objectives 

include: (1) assessing how different objective functions—

such as data misfit norms, semblance-based coherency 

measures, and image-quality metrics—drive optimization 

outcomes; (2) evaluating strategies to mitigate common 

challenges like non-convexity, local minima entrapment, and 

curse of dimensionality; and (3) compiling case studies that 

demonstrate quantifiable benefits in imaging resolution, 

processing speed, and cost reduction. By synthesizing 

methodological advances and practical implementations, this 

review provides geophysicists and project managers with a 

structured reference to select and tailor optimization models 

according to project scale, geological complexity, and 

computational resources. 

 

1.4. Structure of the Paper 

The paper is organized into five principal sections. Section 1 

outlines the critical role of parameter optimization in seismic 

exploration, traces the historical evolution of optimization 

models in geophysics, and defines the review’s scope and 

objectives. Section 2 presents a detailed survey of 

optimization techniques, including mathematical 

programming, genetic and swarm-intelligence algorithms, 

and machine-learning–based approaches. Section 3 addresses 

the primary challenges and limitations inherent in seismic 

workflow optimization—such as non-convex search spaces, 

high-dimensional parameter domains, and data 

heterogeneity—and discusses mitigation strategies. Section 4 

highlights demonstrable benefits through application case 

studies, illustrating improved imaging fidelity, reduced 

computational time, and cost savings. Finally, Section 5 

explores emerging trends and future directions, covering 

deep-reinforcement-learning frameworks, cloud-computing 

scalability, and digital-twin implementations that promise to 

advance seismic workflow optimization further. 

 

2. Optimization Techniques and Models 

2.1. Gradient-based and classical mathematical 

programming 

Gradient-based and classical mathematical programming 

techniques form the foundation of seismic workflow 

optimization by leveraging analytical derivatives and 

convexity properties to identify optimal parameter sets. 

Methods such as steepest descent, conjugate gradient, and 

quasi-Newton algorithms iteratively update parameter 

vectors to minimize objective functions—typically misfit 

norms between observed and modeled data or coherency 

measures in velocity analysis (Adenuga, Ayobami, & Okolo, 

2019). Linear and quadratic programming approaches handle 

constraints explicitly, enabling inclusion of budgetary and 

operational limits on acquisition parameters like source 

spacing and receiver offsets (Abayomi, Mgbame, Akpe, 

Ogbuefi, & Adeyelu, 2021). Lagrange multiplier methods 

incorporate equality and inequality constraints when tuning 

migration aperture and regularization weights, ensuring that 

geological plausibility conditions—such as smooth velocity 

gradients—are satisfied (Abayomi, Ubanadu, Daraojimba, 

Agboola, Ogbuefi, & Owoade, 2021). Classical 

programming workflows also utilize interior-point and 
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active-set solvers prized for their robustness in moderate-

dimensional spaces (Abiola Olayinka Adams, Nwani, 

Abiola-Adams, Otokiti, & Ogeawuchi, 2020). These 

deterministic models guarantee convergence to global 

minima in convex landscapes, providing reproducible 

parameter sets across surveys. However, they demand 

accurate gradient evaluations, which can be computationally 

intensive when objective functions involve complex wave-

equation simulations. Surrogate modeling—constructing 

simpler approximations of the underlying physics—can 

accelerate gradient computations, as demonstrated in 

reservoir history-matching studies that emulate flow 

simulations (Adekunle, Chukwuma-Eke, Balogun, & 

Ogunsola, 2021). Overall, gradient-based and classical 

programming methods offer precise control over parameter 

tuning, delivering consistent improvements in image quality 

and computational efficiency when objective functions 

exhibit smooth, well-behaved surfaces. Their deterministic 

guarantees make them indispensable for initial parameter 

sweeps and for refining solutions obtained by more 

exploratory algorithms. 

 

2.2. Evolutionary algorithms and genetic algorithms 

Evolutionary algorithms (EAs) and genetic algorithms (GAs) 

address the limitations of gradient-based methods in non-

convex and multi-modal parameter spaces typical of seismic 

workflows. Inspired by natural selection, GAs operate on 

populations of candidate solutions—encoded as 

chromosomes representing acquisition and processing 

parameters—and apply crossover and mutation operators to 

explore the search space broadly (Akpe, Mgbame, Ogbuefi, 

Abayomi, & Adeyelu, 2020). Fitness functions evaluate each 

individual against criteria such as signal-to-noise ratio 

improvement, coherency measure enhancement, or 

computational cost reduction. Through successive 

generations, GAs converge toward robust parameter sets that 

balance resolution and runtime (Akpe, Ogeawuchi, Abayomi, 

Agboola, & Ogbuefi, 2021). These algorithms excel in tuning 

discrete parameters—such as trace editing thresholds and 

filter bandwidth selections—where gradient information is 

unavailable (Ajiga, Hamza, Eweje, Kokogho, & Odio, 2021). 

Additionally, they accommodate mixed-integer and 

categorical variables, facilitating joint optimization of survey 

design and processing workflows. Hybrid GA frameworks 

incorporate local search heuristics to accelerate convergence: 

once a promising region is identified by GA, gradient-based 

refinement hones parameters to precise values (Ajuwon, 

Adewuyi, Nwangele, & Akintobi, 2021). Case studies in land 

seismic acquisition demonstrate that GA-optimized receiver 

layouts reduce acquisition days by up to 15% while 

maintaining subsurface illumination metrics (Akinade, 

Adepoju, Ige, Afolabi, & Amoo, 2021). Despite higher 

computational loads from evaluating large populations, 

parallel implementations on GPU clusters mitigate runtime 

concerns, making EAs and GAs practical for high-

dimensional seismic optimization tasks. 

 

2.3. Swarm intelligence and particle swarm optimization 

Swarm intelligence techniques, notably particle swarm 

optimization (PSO), harness collective behavior analogies—

such as bird flocking or fish schooling—to navigate complex 

seismic parameter spaces. In PSO, each particle represents a 

candidate parameter vector that adjusts its position iteratively 

based on its own best-found solution and the group’s global 

best, guided by velocity update equations (Mgbame, Akpe, 

Abayomi, Ogbuefi, & Adeyelu, 2021). This dual-influence 

mechanism enables rapid convergence while avoiding 

premature trapping in local minima, a common issue in high-

dimensional migration parameter tuning (Chianumba, 

Ikhalea, Mustapha, Forkuo, & Osamika, 2021). Swarm 

methods as seen in Table 1 effectively optimize continuous 

variables—such as migration velocity seeds, deconvolution 

operator lengths, and regularization coefficients—by 

balancing exploration and exploitation via inertia weights and 

cognitive/social learning factors. Field applications in 3D 

seismic velocity analysis show PSO reducing iteration counts 

by 30% compared to traditional inversion (Ajiga et al., 2021). 

Extensions like bare-bones PSO and adaptive PSO variants 

dynamically adjust swarm parameters to maintain diversity 

as convergence progresses (Adewale, Olorunyomi, & 

Odonkor, 2021). Moreover, hybrid PSO-GA algorithms 

combine PSO’s global search strengths with GA’s mutation 

mechanisms to enhance parameter diversity (Adewoyin, 

Ogunnowo, Fiemotongha, Igunma, & Adeleke, 2021). Real-

world examples include PSO-tuned full-waveform inversion 

workflows that achieve higher-fidelity subsurface images 

with fewer forward modeling runs. The decentralized, 

memory-based nature of PSO makes it well-suited for 

parallelization, accelerating large-scale seismic optimization 

on modern computing clusters. 

 
Table 1: Summary of Swarm Intelligence and Particle Swarm Optimization for Seismic Parameter Optimization 

 

Concept / 

Technique 
Mechanism Benefits Example Application 

Particle Swarm 

Optimization 

(PSO) 

Each particle represents a candidate solution vector. 

Positions are updated based on individual best and 

global best positions, with velocity influenced by 

inertia, cognitive, and social components. 

Rapid convergence; effective 

avoidance of local minima; 

balanced exploration and 

exploitation. 

3D seismic velocity analysis: 

iteration counts reduced by 

approximately 30% compared to 

traditional methods. 

Adaptive PSO 

Variants 

Swarm parameters such as inertia weight are 

dynamically adjusted during the optimization 

process to maintain diversity and prevent premature 

convergence. 

Sustains swarm diversity; 

improves solution quality in 

complex, high-dimensional 

spaces. 

Full-waveform inversion: 

produces higher-fidelity 

subsurface images with fewer 

forward modeling runs. 

Bare-Bones PSO 

Simplifies the standard PSO by replacing velocity 

updates with sampling between personal best and 

global best distributions. 

Streamlined parameter tuning; 

reduced computational overhead; 

retains convergence performance. 

Tuning of regularization 

coefficients in deconvolution 

workflows to enhance seismic 

image clarity. 

Hybrid PSO–

Genetic 

Algorithm (GA) 

Integrates PSO’s global search capabilities with 

GA’s mutation operators to inject diversity and 

escape stagnation. 

Enhanced global search 

robustness; improved diversity; 

better handling of complex 

optimization landscapes. 

Optimization of migration velocity 

seeds and operator lengths in 

complex seismic migration 

parameter spaces. 
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2.4. Machine-learning-driven metaheuristics and hybrid 

approaches 

Machine-learning-driven metaheuristics integrate data-

driven models with classical optimization to tackle the curse 

of dimensionality in seismic workflows. Surrogate-assisted 

optimization uses regression models—such as Gaussian 

processes or neural networks—to approximate expensive 

objective functions (Adekunle, Chukwuma-Eke, Balogun, & 

Ogunsola, 2021). These surrogates predict coherency and 

misfit measures for unseen parameter sets, enabling rapid 

evaluation in early optimization phases (Daraojimba, 

Ubamadu, Ojika, Owobu, Abieba, & Esan, 2021). 

Reinforcement-learning frameworks treat workflow 

parameter selection as sequential decision-making, where 

agents learn policies that maximize cumulative image-quality 

rewards—adjusting migration and de-noising parameters 

adaptively based on feedback (Egbuhuzor, Ajayi, Akhigbe, 

Agbede, Ewim, & Ajiga, 2021). Hybrid schemes combine 

gradient-based refinement with population-based 

metaheuristics: after a GA or PSO identifies promising 

regions, gradient descent or conjugate-gradient methods fine-

tune parameters for local optimality (Hussain, Austin-

Gabriel, Ige, Adepoju, Amoo, & Afolabi, 2021). Case studies 

on full-waveform inversion demonstrate up to 40% reduction 

in computational cost when using surrogate-accelerated PSO, 

with negligible loss in image fidelity (Ogunsola, Balogun, & 

Ogunmokun, 2021). Active learning loops further enhance 

efficiency by selecting the most informative parameter sets to 

evaluate with the true objective, minimizing redundant 

computations. Such machine-learning-driven metaheuristics 

provide flexible, scalable frameworks that can accommodate 

evolving geological scenarios and computational 

architectures, positioning them as cutting-edge solutions for 

seismic workflow optimization. 

 

3. Challenges and Limitations 

3.1. Non-convexity and multi-modal objective landscapes 

Optimization of seismic workflow parameters often involves 

objective functions that are non-convex and multi-modal, 

presenting numerous local minima and maxima that can trap 

standard search algorithms. For instance, migration velocity 

analysis aims to minimize residual move-out, but the 

resulting semblance coherence surface often exhibits ridges 

and troughs corresponding to multiples and diffractions, 

creating false optima (Adenuga et al., 2019). Genetic 

algorithms address this by maintaining a diverse population 

of parameter sets, allowing exploration across multiple basins 

of attraction (Abayomi et al., 2021). However, evolutionary 

operations such as crossover and mutation can be 

computationally expensive when evaluating large seismic 

volumes (Agho et al., 2021). Surrogate-based methods 

mitigate this by fitting inexpensive models—such as 

Gaussian processes—to sample objective values, directing 

searches toward promising regions while avoiding exhaustive 

sampling of the entire space (Adebisi et al., 2021). Yet 

surrogate accuracy degrades in highly non-linear domains, 

requiring adaptive refinement strategies to ensure reliability 

(Adekunle et al., 2021). Hybrid frameworks that combine 

global exploration (e.g., particle swarm) with local gradient-

based exploitation improve convergence robustness, 

navigating broad multimodal terrains before fine-tuning 

around a candidate optimum (Adewuyi et al., 2020). 

Nevertheless, algorithmic parameter tuning—such as swarm 

inertia weights and mutation probabilities—introduces a 

second layer of optimization, compounding complexity. In 

practice, multi-start schemes and ensemble methods are often 

employed to statistically sample the landscape, aggregating 

solutions from multiple runs to estimate global optima and 

uncertainty bounds, thereby enhancing confidence in selected 

seismic parameters. 

 

3.2. High-dimensional parameter spaces and 

computational cost 

Seismic workflows encompass numerous interdependent 

parameters—ranging from acquisition geometry to 

deconvolution operator length and inversion regularization 

weights—resulting in high-dimensional search spaces that 

challenge both memory and runtime resources. For example, 

simultaneous optimization of source and receiver offsets, 

trace taper windows, and filter bandwidths can easily exceed 

ten dimensions, rendering grid searches infeasible (Abiola-

Adams et al., 2020). Particle swarm optimization tackles high 

dimensionality by sharing velocity updates among particles, 

but the swarm size must scale with dimensionality to 

maintain coverage, inflating function evaluations (Abisoye & 

Akerele, 2021). Dimensionality reduction techniques, such as 

principal component analysis on parameter response 

sensitivities, can identify dominant modes, focusing 

optimization on key parameter combinations (Afolabi & 

Akinsooto, 2021). Alternatively, surrogate-assisted 

metaheuristics leverage response surface models to 

approximate expensive objective calculations, reducing the 

number of full seismic runs required (Adewale et al., 2021). 

Still, constructing accurate surrogates in high-dimensional 

domains demands large training sets, undermining 

computational savings. Parallelization across high-

performance computing clusters mitigates runtime concerns, 

but communication overheads in distributed environments—

particularly during synchronous population updates—can 

erode speedups (Akpe et al., 2020). As such, asynchronous 

evaluation strategies and adaptive resource allocation—

where computational budgets shift toward promising 

parameter regions—are critical for managing cost. 

Ultimately, balancing exploration depth against 

computational feasibility remains a central challenge in high-

dimensional seismic parameter optimization. 

 

3.3. Data heterogeneity and noise sensitivity 

Seismic datasets exhibit heterogeneity across acquisition 

vintages, source types, and environmental noise conditions, 

creating objective functions with variable smoothness and 

stability. Mixing legacy analog data with modern broadband 

recordings introduces amplitude and phase inconsistencies 

that traditional least-squares misfit metrics fail to handle 

gracefully, leading to biased parameter estimates (Akpe et al., 

2021). Robust norm formulations—such as Huber or Tukey 

biweight functions—ameliorate sensitivity to outliers by 

down-weighting anomalous residuals, but require careful 

tuning of threshold parameters to avoid discarding genuine 

subsurface signals (Chianumba et al., 2021). Multi-objective 

optimization frameworks treat data fidelity and noise 

robustness as separate objectives, producing Pareto fronts 

that reveal trade-offs between fit quality and stability 

(Dienagha et al., 2021). However, navigating Pareto fronts in 

noisy landscapes can be challenging, as minor parameter 

shifts lead to large objective fluctuations. Data normalization 

and adaptive weighting—where noise estimates guide scaling 

of objective components—help stabilize optimization 
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trajectories (Egbuhuzor et al., 2021). Moreover, ensemble 

Kalman filter approaches incorporate noise covariance 

models into iterative inversion schemes, updating parameter 

covariances alongside estimates to quantify uncertainty 

(Hassan et al., 2021). By explicitly modeling data 

heterogeneity and noise statistics, these methods improve 

convergence reliability, ensuring that optimized seismic 

parameters remain robust across varying acquisition and 

processing scenarios. 

 

3.4. Real-time and adaptive optimization constraints 

Emerging applications demand real-time and adaptive 

optimization of seismic parameters—such as during marine 

acquisition campaigns and downhole monitoring—where 

decisions must be made on-the-fly to respond to evolving 

conditions. Traditional batch optimization, requiring full data 

aggregation and offline processing, cannot meet low-latency 

requirements (Hussain et al., 2021). Incremental update 

algorithms address this by incorporating new data streams 

into existing solutions via limited-memory quasi-Newton 

updates, maintaining near‐optimal parameters without full re-

optimization (Ike et al., 2021). Reinforcement-learning 

frameworks further enable autonomous control of acquisition 

parameters—such as source firing rates and receiver gain 

settings—by learning policies that maximize cumulative 

image quality over multiple acquisition intervals (Kisina et 

al., 2021). Yet training such agents in operational 

environments poses safety and reliability risks, necessitating 

simulated digital-twin platforms for offline policy refinement 

(Osho et al., 2020). Edge computing architectures deploy 

lightweight optimization kernels at sensor nodes, performing 

preliminary parameter tuning locally and forwarding only 

summary metrics to central servers (Sharma et al., 2019). 

Balancing local adaptability with global coordination 

requires hierarchical optimization architectures, where local 

agents adjust to transient noise and geological variations 

while adhering to overarching survey objectives. Addressing 

communication bandwidth limitations and ensuring 

algorithmic stability in the face of streaming data remain 

active research challenges in real-time seismic workflow 

optimization. 

 

4. Benefits and Application Case Studies 

4.1. Improved imaging resolution and subsurface 

characterization 

Optimization models have demonstrably enhanced seismic 

imaging resolution by refining parameter choices that directly 

influence wavefield fidelity and processing accuracy. For 

instance, gradient‐based tuning of deconvolution operator 

length has minimized sidelobe energy, sharpening reflector 

continuity and boosting lateral resolution (Abayomi, 

Mgbame, Akpe, Ogbuefi, & Adeyelu, 2021). Evolutionary 

algorithms applied to trace‐mixing coefficients have 

suppressed random noise while preserving weak diffractions 

associated with small‐scale fractures (Abayomi, Ubanadu, 

Daraojimba, Agboola, Ogbuefi, & Owoade, 2021). Machine‐

learning metaheuristics further optimize stacking velocity 

windows by correlating semblance metrics with geological 

logs, yielding velocity fields that honor both kinematic and 

dynamic attributes of the subsurface (Abisoye & Akerele, 

2021). In one case, a predictive modeling approach calibrated 

on synthetic and field data reduced migration smiles and 

improved fault continuity by 30%, enabling clearer 

delineation of thin‐bedded turbidites (Adekunle, Chukwuma‐

Eke, Balogun, & Ogunsola, 2021). Real‐time adaptive 

sampling algorithms have also been used as seen in Table 2 

to adjust imaging aperture during inversion, concentrating 

computational effort on areas of highest structural complexity 

and producing high‐definition images of fracture networks 

(Adewale, Olorunyomi, & Odonkor, 2021). Collectively, 

these optimization frameworks have raised the bar for 

subsurface characterization, delivering sharper images that 

facilitate more accurate reservoir models and reduce 

interpretational ambiguity. 

 
Table 2: Optimization Frameworks for Enhanced Seismic Imaging Resolution and Subsurface Characterization 

 

Optimization Technique Target Parameter Methodology Outcome / Example 

Gradient‐based 

deconvolution tuning 

Deconvolution operator 

length 

Iteratively adjust operator length to 

minimize sidelobe energy 

Sharper reflector continuity; improved 

lateral resolution 

Evolutionary algorithms 

for trace mixing 

Noise suppression vs. 

diffraction preservation 

Use genetic algorithms to evolve trace‐

mixing coefficients 

Suppressed random noise while 

retaining weak fracture diffractions 

Machine‐learning 

metaheuristics for stacking 

Stacking velocity window 

selection 

Correlate semblance metrics with borehole 

velocity logs via metaheuristic search 

Velocity fields honoring both kinematic 

and dynamic attributes 

Predictive modeling for 

migration correction 
Migration smile reduction 

Train supervised models on synthetic and 

field data to predict migration parameters 

Reduced migration smiles; clearer 

delineation of thin‐bedded turbidites 

Real‐time adaptive 

sampling 
Imaging aperture allocation 

Dynamically adjust sampling density based 

on structural complexity metrics 

High‐definition images of fracture 

networks; focused computational effort 

 

4.2. Reduction in computational time and resource use 

Optimization models significantly curtail computational 

demands by intelligently navigating high‐dimensional 

parameter spaces and avoiding unnecessary iterations. 

Swarm‐intelligence algorithms applied to trace‐sorting 

thresholds have cut preprocessing runtimes by 40% through 

parallel parameter evaluation and early convergence criteria 

(Afolabi & Akinsooto, 2021). Genetic algorithms have 

optimized migration aperture and anti‐aliasing filter settings 

in a single run, reducing costly repeated migrations by up to 

25% (Ajiga, Hamza, Eweje, Kokogho, & Odio, 2021). 

Surrogate‐modeling techniques—where lightweight neural 

nets approximate expensive wave‐equation solvers—have 

slashed full‐waveform inversion costs by an order of 

magnitude, enabling rapid parameter sweeps that were 

previously computationally prohibitive (Adewoyin, 2021). 

Computational fluid‐dynamics–inspired scheduling of 

parallel compute jobs has improved resource utilization 

across CPU and GPU clusters, ensuring consistent load 

balancing and minimizing idle time during large‐scale 

imaging experiments (Adewoyin, Ogunnowo, Fiemotongha, 

Igunma, & Adeleke, 2021). Adaptive sampling strategies 

guided by uncertainty quantification further avoid wasteful 

computation by focusing on high‐value regions of the model 

domain (Adewoyin, Ogunnowo, Fiemotongha, Igunma, & 

Adeleke, 2020). These advances collectively reduce 
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turnaround times, lower energy consumption, and free up 

computational capacity for additional scenario testing. 

 

4.3. Case study: Acquisition geometry optimization 

An evolutionary‐algorithm–driven study optimized shot‐

receiver layouts in a marine 3D survey, balancing spatial 

sampling against operational cost. By encoding source‐

receiver offsets and azimuthal distributions as chromosome 

vectors, the algorithm evaluated candidate geometries against 

objective functions incorporating fold variability, spatial 

aliasing risk, and survey duration (Akpe, Ogeawuchi, 

Abayomi, Agboola, & Odio, 2021). Fitness results guided 

migration of high‐risk geometry populations toward 

configurations that achieved uniform coverage with 20% 

fewer shot lines. A complementary data‐driven framework 

applied a surrogate model trained on synthetic data to predict 

fold maps and aliasing artifacts in real time, enabling on‐the‐

fly adjustments to acquisition plans (Akpe, Mgbame, 

Ogbuefi, Abayomi, & Adeyelu, 2020). Field deployment off 

the Gulf Coast validated these models, yielding a 15% 

improvement in image quality over traditionally designed 

layouts and reducing vessel time by two days. Cost models 

integrated into the optimization loop ensured that geometric 

gains did not substantially inflate operational budgets. The 

success of this case demonstrates how intelligent geometry 

optimization can deliver better‐quality data at lower cost, 

expanding exploration potential in both mature and frontier 

basins. 

 

4.4. Case study: Migration parameter tuning 

In a deepwater seismic project, a particle‐swarm optimization 

(PSO) framework was employed to fine‐tune migration 

parameters—aperture size, migration step length, and anti‐

aliasing filter bandwidth—against an objective function 

combining coherence metrics and image‐side reflector 

flatness (Kisina, Akpe, Ochuba, Ubanadu, Daraojimba, & 

Adanigbo, 2021). The PSO iteratively adjusted parameter 

particles, converging after 50 iterations to a configuration that 

reduced migration smiles by 35% and enhanced fault-plane 

continuity. Concurrently, Bayesian optimization refined 

deconvolution operator lengths to maximize signal‐to‐noise 

ratio without amplifying multiples, achieving a 25% uplift in 

effective bandwidth (Kisina, Akpe, Owoade, Ubanadu, 

Gbenle, & Adanigbo, 2021). A hybrid approach using 

surrogate‐assisted PSO cut the total runtime of the tuning 

process by half compared to standard grid search methods. 

Image validation against well‐tie logs confirmed improved 

alignment of key horizons, reducing depth‐conversion 

uncertainty by 10 m on average. This case underscores the 

value of systematic, algorithmic migration parameter tuning 

in achieving high‐fidelity subsurface images under tight time 

and budget constraints. 

 

5. Future Directions and Emerging Trends 

5.1. Deep Reinforcement Learning for Autonomous 

Parameter Control 

Deep reinforcement learning (DRL) offers a paradigm shift 

in seismic workflow optimization by enabling autonomous, 

data-driven control of processing parameters. In a DRL 

framework, an agent interacts with a simulated or real 

processing environment—adjusting parameters such as filter 

cutoff frequencies, stacking velocities, and migration 

apertures—and receives reward signals based on quantitative 

metrics like image continuity, signal-to-noise improvement, 

or residual moveout minimization. Over successive episodes, 

the agent learns policies that map seismic data features and 

intermediate quality indicators to optimal parameter 

adjustments. For example, a DRL agent might dynamically 

tune the Mutbenu migration damping factor in response to 

evolving semblance gathers, accelerating convergence 

toward a high-fidelity final image without manual 

intervention. By incorporating domain-specific reward 

shaping—penalizing artifacts such as migration smiles or 

excessive lateral smoothing—these systems can balance 

competing objectives. Recent implementations employing 

actor-critic architectures have demonstrated robust 

convergence in synthetic 2D models and preliminary 3D field 

tests, reducing human review cycles by over 50%. Moreover, 

DRL agents can generalize across survey areas: once trained 

on one basin’s lithological statistics and noise characteristics, 

transfer learning techniques enable rapid adaptation to 

structurally similar regions. This approach promises to 

transform seismic parameter selection from a labor-intensive 

art into a reproducible, automated science, improving 

consistency and throughput in exploration projects. 

 

5.2. Cloud and High-Performance Computing 

Integrations 

The integration of cloud computing and high-performance 

computing (HPC) resources has unlocked new frontiers in 

seismic workflow optimization by providing virtually 

unlimited compute capacity for large-scale parameter 

searches. Traditional on-premises clusters often constrain 

exploration teams to coarse-grained grid searches or 

simplified surrogate models due to queue times and licensing 

limitations. In contrast, elastic cloud environments can spin 

up hundreds or thousands of parallel instances on demand, 

enabling exhaustive sweeps of multi-dimensional parameter 

spaces. For example, a cloud-based genetic algorithm can 

evaluate thousands of candidate acquisition geometries 

concurrently—simulating shot and receiver arrangements, 

computing fold-of-coverage maps, and assessing resolution 

trade-offs—all within hours rather than days. Containerized 

processing pipelines ensure reproducibility and portability 

across cloud providers, while workflow orchestration tools 

like Kubernetes manage job scheduling, fault tolerance, and 

auto-scaling. HPC integrations further accelerate gradient-

based inversions: GPU-accelerated finite-difference solvers 

tighten timestep controls and spatial grid densities, enhancing 

imaging accuracy without prohibitive runtimes. By coupling 

autoscaling clusters with serverless functions for lightweight 

preprocessing tasks—such as noise attenuation or trace QC—

teams can achieve seamless end-to-end automation. This 

convergence of cloud and HPC democratizes access to 

advanced optimization techniques, allowing smaller 

operators to leverage compute-intensive models previously 

reserved for major oil companies, thereby leveling the 

playing field in exploration. 

 

5.3. Digital Twins and Closed-Loop Optimization 

Frameworks 

Digital twins—virtual replicas of seismic acquisition and 

processing systems—provide an integrated platform for 

closed-loop optimization, linking simulation, real-time 

monitoring, and decision-making. In a seismic context, a 

digital twin encapsulates models of wave propagation, sensor 

characteristics, and processing algorithms, continuously 

updated with field data and QC metrics. This dynamic model 
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enables “what-if” analyses: operators can adjust shot 

intervals or receiver array configurations within the twin and 

immediately observe predicted impacts on fold, anisotropy 

sensitivity, and inversion stability. Feedback loops are closed 

by feeding back processing outcomes—such as residual 

moveout errors or velocity updating trends—into the digital 

twin’s parameter database. Advanced frameworks employ 

objective-driven controllers that automatically tweak 

acquisition parameters on successive passes: for instance, 

increasing source sweep bandwidth in zones exhibiting poor 

low-frequency energy or adjusting receiver depths to counter 

shallow-water multiples. These controllers utilize multi-

objective optimization routines within the twin, striking 

balances between cost, data quality, and environmental 

constraints. The result is a self-optimizing workflow where 

survey design and processing evolve in tandem, minimizing 

nonproductive time. Case studies in complex subsalt settings 

show that digital-twin–guided adjustments reduced imaging 

uncertainty by 30% compared to static designs, underscoring 

their potential to revolutionize exploration decision support. 

 

5.4. Integration with Multi-Physics and Multi-Sensor 

Data Fusion 

Future seismic workflow optimization will increasingly rely 

on the fusion of multi-physics datasets—such as gravity, 

electromagnetic, and microseismic measurements—with 

conventional seismic data to constrain parameter selections 

more holistically. By jointly processing these complementary 

modalities, optimization algorithms can leverage cross-

physics correlations: for example, electromagnetic resistivity 

anomalies can inform the selection of migration 

regularization strengths in zones with fluid-bearing fractures, 

while gravity-derived density contrasts guide velocity model 

perturbations in deep salt flanks. Fusion frameworks ingest 

diverse sensor streams—downhole fiber-optic strain, surface 

tiltmeters, and borehole pressure tests—into unified quality 

metrics that feed into parameter-search algorithms. Hybrid 

metaheuristics, such as memetic algorithms combining local 

gradient descent with global particle swarm exploration, 

navigate this enriched parameter landscape more effectively 

than single-method approaches. In practice, a fused inversion 

might adjust amplitude restoration filters based on 

microseismic event clustering, amplifying waveforms in 

areas of active fracture stimulation. Furthermore, real-time 

integration of drone-based infrared thermography with 

seismic QC plots can highlight near-surface anomalies, 

prompting adaptive near-surface static corrections. By 

synthesizing multi-physics insights, these data-fusion 

strategies sharpen objective functions, reduce ambiguity in 

parameter trade-offs, and unlock new optimization pathways 

that singular seismic-only approaches cannot achieve. 
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