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Abstract

The increasing complexity of modern engineered systems arises from tightly coupled components and their interdependent
interactions, necessitating robust approaches for scalable and efficient system design. Research presents a Complex System
Engineering method that models product architectures as dependency networks, represented through adjacency matrices to
capture structural relationships among components. A quantitative structural complexity metric is developed to evaluate and
compare different architectural configurations. Data used for experimentation is collected from the Structural Complexity
Design Dataset, which consists of 13000 data. The proposed approach integrates preprocessing using Min—Max
normalization to scale interaction weights for consistent analysis, and Linear Discriminant Analysis (LDA) to extract the
most discriminative structural features that enhance class separability among architectural configurations. The method
further integrates multi-objective Non-dominated Sorting Genetic Algorithm II (NSGA-II) optimization to balance
modularity, scalability, and complexity distribution across system modules. The method is validated using a gas turbine
engine, where multiple architectural configurations were analyzed. Experimental result demonstrates an optimization cost
of 0.65, Structural Complexity Index (SCI) of 0.60, Convergence Iterations of 350, Execution Time of 10.2s, and a
Scalability Score of 0.89, which is implemented in Python. Furthermore, analysis reveals a non-linear relationship between
structural complexity and development cost, emphasizing the need for optimal complexity allocation during early design
stages. The proposed method provides a systematic foundation for designing scalable, modular, and cost-efficient complex
systems, making it applicable to aerospace, manufacturing, and large-scale engineered infrastructures.

Keywords: Complex System Engineering, Scalable Architectures, Structural Complexity, Modularity Optimization,
Dependency Network Modeling, Multi-Objective Optimization.

1. Introduction
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There exist uses for gas turbines as well as large energy systems in aerospace, energy generation, and sustainable
processes by means of efficient simulation and thermodynamics of cycles [1]. There are certain problems associated
with the use of the traditional method that includes the application of physical and simulation models due to several
uncertainties such as flow distortion, seasonality, manufacturing tolerances, and disturbances [1]. These are some of
the problems associated with the scalability of cloud computing systems where there exists high variance of demands
[2]. Similar challenges are posed by solar thermal energy generation facilities due to supply-demand mismatch, while
thermoelectric and hydroelectric energy plants are faced with constraints from both economical and environmental
aspects [3]. Artificial intelligence, machine learning, and deep learning technologies have been increasingly used in
energy and propulsion systems. As far as gas turbine systems are concerned, machine learning assists in adapting
parameters to make accurate predictions, while neural networks and convolutional neural networks assist in
identifying the system and modeling its dynamics [4]. In the case of power systems, machine learning makes important
contributions in predicting failures, diagnosing faults, and optimizing power through digital twins and real-time
models [5]. The developments made in machine learning include graph neural networks and knowledge graphs for
enhancing the forecasting and energy management under uncertain conditions in distributed energy systems [6].
Lastly, there is the use of intelligent technology in predicting combustor acoustic behavior and designing hydrogen
turbines through additive manufacturing and Al optimizations. On the other hand, notwithstanding all the above
innovations, a lot of problems still persist when using Al-based methods in energy systems. For instance, one of the
issues that exist is that conventional approaches for adapting performance are expensive and inefficient, thereby
making it difficult to use them in actual cases [7]. Furthermore, very few studies have been carried out on how to
apply different machine learning approaches, particularly in terms of combustion acoustics and turbofan adaptation
[8]. Furthermore, the current systems employing Al in distributed energy networks and power plants face difficulties
with data collection, operational stability, and the lack of comprehensive Al platforms.

Research aim: To design a systematic complex system engineering method that would enable modeling and
optimization of scalable system architectures using dependency networks to represent product structures and measures
complexity based on network analysis, as well as the multi-objective NSGA-II to determine the optimal architectural
designs.

Research organization: Research is structured in a certain way. In Section 1, the basics of complex system
engineering are discussed, with an emphasis on the issue of scalable design that is important for complex engineered
systems due to dependency networks and structural complexities. In Section 2, the literature related to the modeling
of system architecture, as well as the analysis based on network complexity, is discussed. The methodology proposed
within this research paper is introduced in Section 3, which discusses the ways in which the system is represented,
using data preprocessing, feature selection, and modular decomposition of system architectures. Section 4 provides
details about optimization, with emphasis put on the results achieved using the NSGA-II in relation to the gas turbine
engine. Section 5 discusses the key findings and future research.

2. Related work

Table 1 presents an overview of the latest research on the topic of complex systems modeling, optimization, and
intelligent engineering designs. Almost all works have emphasized the use of advanced modeling methods,
evolutionary approaches, graph-based learning, and hybrid optimization approaches to enhance the performance of
complex systems. Nonetheless, scalability problems, low generalizability, high computational complexity, and a lack
of application in real-time scenarios are major weaknesses of most of these approaches.

Table 1: Recent research on complex systems engineering for scalable architectures

Ref Objective Technique Result Limitation / Future Work
[9] To improve the complexity SysML modeling, modified Better complexity Absolute value mismatch; needs
metric using Systems Modeling Design Structure Matrix quantification than DSM; validation
Language + Design Structure (DSM), multi-level similar trends
Matrix decomposition
[10] To improve robustness under Multifactorial Evolutionary Better robustness than Limited generalization to broader
attacks/failures Algorithm with Cross-task baseline methods failure models

Resource-allocation
(MFEA-CR) evolutionary
multitasking
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[11]

To enhance community
detection

Contrastive Evolutionary
Community Clustering
Network (CECC-Net),

feature-based evolutionary

Improved clustering
performance

Scalability and diversity issues
remain

clustering
[12] Improve fault detection & Hierarchical Graph Higher accuracy + Poor generalization across
interpretability Convolutional Attention interpretability domains
Network (Graph

Convolutional Network +
attention + causal discovery)

Build a scalable gas turbine ML

ML regression on simulator

High accuracy (<0.1%

Limited to gas turbines only

model data error)
[14] | To improve the co-simulation of | Cognitive Twin + Functional | Better interoperability & Needs more scalability &
systems Mock-up Interface Version integration automation

2.0 (FMI 2.0) + ontology

Optimize thermal power plant
operations

Artificial Neural Network +
constrained Multi-Ant
Colony Optimization for
Continuous Domains
(MAD-OPT) optimization

>95% accuracy, efficiency
gain

Not fully real-time or deployable

[16]

Solve complex, constrained,
non-smooth optimization
problems under No-Free-Lunch

Hybrid metaheuristic:
success-history intelligent
optimizer + Differential

Consistently high
performance on 2022
IEEE Congress on

Computational cost and need for
further testing on larger-scale
real-world problems

Evolution + Gaussian
Transformation

constraints. Evolutionary Computation
benchmarks and
engineering problems

with strong stability.

Research gap: Optimization techniques for complex engineered systems often fail to address conflicting objectives
like modularity, scalability, and structural complexity. Current methods typically rely on single-objective formulations
or heuristics that ignore the interdependence of network components and their effects on scalability. Additionally, they
struggle with global design space analysis and trade-off optimization. The proposed technique utilizes adjacency
matrices to depict system architecture and develops a structural complexity indicator, for employing NSGA-II to
enhance trade-off optimization in the design space.

3. Methodology

To model system architectures, the suggested approach is represented through dependency networks by employing
adjacency matrices. Interaction data is first normalized through Min-Max normalization, after which features are
extracted through LDA. Then, both the structural complexity and modular decomposition were calculated to provide
values for the properties of the system architecture. To optimize the parameters of scalability, modularity, and structural
complexity, a multi-objective optimization algorithm such as NSGA-II was employed, in which optimal dominance
and crowding distance were utilized as seen in Figure 1.
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Figure 1: Methodology of the proposed model

3.1 Dataset description

The data used in this research was sourced from Kaggle platform
(https://www.kaggle.com/datasets/colabsss/structural-complexity-design-dataset ). This is a complex system
engineering dataset containing 13,000 records and 33 columns related to scalable architecture design, dependency
network behavior, modular structure, interaction strength, cost variation, scalability, flexibility, maintainability, and
architecture suitability. Each record represents an architecture-level system design profile capturing measurable
structural, operational, cost, and suitability-related attributes of engineered systems. This dataset supports analysis of
structural complexity, modular architecture planning, scalable system design, architecture comparison, cost-aware
design evaluation, and complex engineered system assessment. The dataset is suitable for studying architecture
optimization and decision-making in complex engineered systems and is divided into 70% for training and 30% for
testing.

3.2 Min-max normalization for feature scaling

Min—-Max Normalization is a data preprocessing technique used to rescale input interaction and structural data into a
fixed range (typically 0 to 1) while preserving the relative relationships between values. In this way, the contributions
of all characteristics are equal during analysis because those with higher magnitudes will not have a disproportionate
impact on the analysis of the system. The goal of normalization is the normalization of interactions between elements

in the system design model in order to facilitate an even scaling of all relationships for subsequent analysis.
_ _Y-Ymin

Ynormalized - _ i (1)

Ymax Ymm

Equation (1) represents the min-max normalization equation, where Y;,,,maiizea 15 the scaled value of the original

feature after transformation. Y is the original input feature value, Y., and Y,;, are the maximum and minimum

values of the features.

3.3 Dimensionality reduction using LDA

LDA is a supervised method for reducing data dimensions while maintaining separation among different classes. To
extract the most relevant structural features from system architecture data that enhance class separability among
different configurations, enabling more effective evaluation and optimization of modularity, scalability, and structural
complexity.

Uy = 1/miZejigi €j (2)
Ta = Xiam(w — 1) — )s (3)
T,=Y%, Z;n:l(eji —wi)(eji — w)S

4)
C=Ty T, (5)

Equation (2) represents the mean of the elements e;; in the ith group g;, where m; is the number of elements in that
group and Zejigi e; represents the sum of all elements e; that belong to group i. In equation (3), T, represents the

between-group scatter matrix, measuring how each group's mean deviates from the overall mean, where d is the
number of groups, S is the scatter matrix, and m; is the number of samples in the j-th group, u is the overall mean
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vector. Equation (4) Ty~ * defines the within-group scatter matrix, capturing the variance of elements ej; within each
group relative to their group mean y;. Equation (5), C represents the value used in LDA to maximize class separability.

3.4 NSGA II for Modularity and Scalability
is a multi-objective evolutionary optimization method used in this paper to search for optimal system architecture
configurations by iteratively improving a population of candidate solutions. It works by evaluating multiple competing
design objectives and guiding the search toward better trade-offs through selection, crossover, and mutation
mechanisms while maintaining solution diversity. To optimize complex system architectures by simultaneously
improving modularity and scalability, while minimizing structural complexity and ensuring balanced complexity
distribution across system modules for efficient and scalable system design.

i+1 i-1
Cu = Thos o (©)
In Equation (6), ¢4 represents the crowding distance of the i solution, which is used in NSGA-II to maintain diversity
among solutions in the optimal front for multi-objective optimization. Here, (i) denotes the index of the current
solution, (j) is the index of the objective function, and (k) is the total count of objectives considered. fj”l and ff‘l
represent the values of the j objective function for the next and previous neighboring solutions, respectively, after
sorting. f;"** and fjmi" are the maximum and minimum values of the j objective among all solutions, used for
normalization.

Algorithm 1: Complex System Engineering
INPUT:
D = systemdata,Y = features,N = population, MaxGen
OUTPUT:
P x = optimal Pareto architecture set
STEP 1: MIN — MAX NORMALIZATION
Y_norm = (Y — Y_min) / (Y_max — Y_min)
IFY_max == Y_min THEN STOP
STEP 2: LDA FEATURE EXTRACTION

i = 1/miz &

€ji8i
IF determinant(T_x) == 0 THEN
APPLY regularization or remove redundant features
ELSE
continue
END IF
STEP 3: NSGA — Il OPTIMIZATION
Initialize population P
FOR gen = 1 TO MaxGen DO
Evaluate objectives:
f = {modularity, scalability, complexity}
Pareto sorting + selection
IF solution A dominates B THEN
keep A
ELSE
compare crowding distance
END IF
Apply crossover + mutation - Q
P = best(P U Q)
END FOR
Return P * (Pareto — optimal solutions)
END
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The proposed Algorithm 1 consists of three stages: preprocessing, feature extraction, and multi-objective optimization
for system architecture design. Min—max normalization is first applied to scale input features uniformly and remove
bias due to differing magnitudes. LDA is then used to project data into a lower-dimensional space by maximizing class
separability using class-wise statistics. Finally, NSGA-II optimizes system architectures by evolving solutions based
on modularity, scalability, and structural complexity. optimal dominance and crowding distance guide selection,
produce a diverse set of optimal trade-off architectures.

4. Result and discussion

The experimental analysis for the suggested Complex System Engineering approach for scalable and efficient design
of system architecture is discussed in this section. For this purpose, the comparison of the proposed NSGA -II-based
approach and other hybrid optimization methods like Success-History Intelligent Optimizer Differential Evolution
Gaussian Transformation (SHIODEG) [16] is made based on measures such as complexity reduction, modularity
improvement, and scalability increase. All the experiments are done using the Python programming language, based
on the same benchmark set.

4.1 Multi-Dimensional Analysis of Structural Architectural Suitability in Large-Scale Systems

As seen in Figure 2 below, there is an interconnection between Modularity Score (0.2 - 1.0) and Scalability Score (0.0
- 1.0), with Structural Complexity Scores being superimposed on the graph based on color coding (20-90). The data
set shows a cluster of data points spread evenly throughout the whole modularity-scalability score range, thus
indicating that the design of systems cannot be limited to a particular range but encompasses large varieties of
architectural options. High structural complexity scores (around 80-90) are commonly found in medium to high
modularity ranges (0.6 - 0.9), hence indicating that high modularity does not equal low complexity.
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Figure 2: Joint distribution of modularity, scalability, and structural complexity

Figure 3 shows development cost (USD million, roughly between 0 and 300) for these systems, using the same

categories of suitability via density distribution method. Highly suitable systems tend to fall within high costs, ranging

from roughly 150 to 250 million USD. Meanwhile, low and moderately suitable systems exhibit broader cost

distributions along the entire range.
|
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Figure 3: Development cost variation across suitability classes.
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The graph in figure 4(a) below highlights the distribution of the Structural Complexity Score (0—100) among systems
in the three suitability categories. It is evident from the graph that low suitability systems have a tendency of having
high complexity (70-90), hence overloading of architecture, while those of moderate suitability have moderate
complexity (40—70) due to transitional efficiency. The high suitability systems tend to cluster around lower scores of
complexities (20-50). Thus, improved design leads to reduced structural complexity and efficiency in organization.
Figure 4(b) below represents the correlation between the Structural Complexity Score and Development Cost (0-300

million USD).

(b)

=== B

s e St Seae

Figure 4: Analysis of (a) Density distribution of structural complexity across suitability levels; (b) correlation
analysis between complexity and development cost.

4.2 Metrics explanation
Optimization Cost: Refers to the computing effort required to arrive at the optimal solution through evaluation of
function calls and algorithmic complexity in the optimization process.

Structural Complexity: It is a metric for determining the degree of dependence and interconnections between

system components.

Convergence Iterations: Refers to the number of generations or iterations necessary for the optimization algorithm
to achieve optimality or stability.

Execution Time (s): Refers to the total time needed for the optimization algorithm to execute its optimization

operation.

Scalability Score: Determines how efficient the system architecture becomes in handling system growth.
4.3 Performance evaluation
Both the proposed and the existing models are trained on the structural complexity design dataset. Table 2 and Figure
5 present a comparison between the new method developed based on NSGA-II and the current SHIODEG [16] method
for optimization in complex systems based on different criteria. It is seen from the table that the NSGA-II algorithm
demonstrates superiority over the SHIODEG method based on such performance measures as optimization cost (0.65
vs. 0.78), structure complexity (0.60 vs. 0.74), convergence rate (350 vs. 420 iterations), execution time (10.2 s vs.
12.8 s), and scalability (0.89 vs. 0.81).

Table 2: Comparison of existing and proposed models trained on the structural complexity design dataset

Metrics Optimization Structural Convergence Execution Scalability
Cost Complexity Iterations Time (s) Score
Index
SHIODEG 0.78 0.74 420 12.8 0.81
[16]
NSGA I 0.65 0.60 350 10.2 0.89
[proposed]
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Figure 5: Representation of the existing and proposed models trained on the structural complexity design
dataset

4.4. Discussion

Current approaches such as SHIODEG [16] for complex system architecture design are limited by reliance on single-
objective optimization, inadequate handling of strong inter-component dependencies, and the lack of an integrated
method for representing and analyzing system structure. Also, they are unable to satisfactorily handle the trade-off
between modularity, scalability, and complexity in engineering systems. The method proposed here handles the above
shortcomings through the use of a dependency graph to represent the system and the use of consistent measures of
evaluating interactions. Structural complexity measure is used to determine the behavior of the system. An optimal
solution is achieved by using NSGA-II where the trade-off between modularity, scalability, and complexity is handled.
This leads to improved design efficiency and scalability than those achieved using other methods.

5. Conclusion

Research has proposed a Complex System Engineering approach for designing an effective system architecture
through modeling of product structure as dependency networks with the incorporation of Min-Max normalization,
LDA feature extraction, and NSGA-II for multi-objective optimization. The proposed model has successfully captured
complexity, improved modularity, and scalability by developing an optimal architectural solution. Experimental result
demonstrates an optimization cost of 0.65, Structural Complexity Index of 0.60, Convergence Iterations of 350,
Execution Time of 10.2s, and a Scalability Score of 0.89, which is implemented in Python. Nonetheless, there exist
some limitations within the proposed model, such as network dependency and computation costs incurred during
optimization of evolutionary algorithms in very large-scale scenarios. Besides, the model only applies the validation
aspect to the gas turbine engine example. In the future, further investigation would consider the application of adaptive
optimization, the application of DL feature extraction, and scalability across various scenarios.
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