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ABSTRACT. This study aims to optimize product design structure by introducing en-
hanced self-organizing mapping (SOM) clustering methods to improve design efficiency
and product performance. Traditional product design structure optimization is often con-
strained by high-dimensional data processing and complex relationship recognition. The
enhanced SOM algorithm proposed in this paper considers the topological structure of
traditional SOM and introduces adaptive learning rate and neighborhood function to en-
hance adaptability to high-dimensional data. The method initializes the information as
the input layer of the SOM network, and then obtains the clustering scheme by training
the SOM neural network model. The article also proposes clustering performance eval-
uation indicators that comprehensively consider module cohesion and coupling and are
suitable for numerical DSM. In the experiment, we used multidimensional datasets from
the field of product design for training and validation. By mapping design parameters
to the SOM space, automatic clustering of design parameters was achieved, revealing
potential relationships. Then, based on the clustering results, the product design struc-
ture was optimized. Finally, by analyzing the design characteristics of different cluster
groups based on Adam, targeted improvements were made to the product structure, and
the improved SOM algorithm effectively solved the challenges related to high-dimensional
data and complex relationships. This method not only improves design efficiency, but
also provides a feasible strategy for product design optimization in manufacturing and
engineering. The performance score reached 90.8%, with an accuracy rate of 94.5%.
Keywords: Self-Organizing Map (SOM); Clustering; Product Design; Structure Opti-
mization; Enhanced SOM

1. Imtroduction. Traditional approaches to product design structure optimization often
grapple with challenges associated with the high dimensionality of design parameters and
the intricate relationships among them. Recognizing the limitations of existing method-
ologies, this study seeks to pioneer a novel avenue for optimizing product design structures
by leveraging an enhanced Self-Organizing Map (SOM) clustering method. Liao [1] pro-
posed a multi-behavior RFM model based on improved SOM neural network algorithm

for customer segmentation. Xia [2] made a rock burst intensity prediction in underground
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buildings based on improved spectral clustering algorithm. Wang [3] proposed an intru-
sion detection and performance simulation based on improved sequential pattern mining
algorithm. Yang [4] proposed mobile sensors dispatch scheme based on improved SOM
algorithm for coverage hole healing. However, these methods lack commonly used module
clustering evaluation methods and tools, as there are many products module partitioning
methods and diverse product design objectives. To address the nuanced requirements
of product design, we propose an improved SOM algorithm that incorporates adaptive
learning rates and sophisticated neighborhood functions. These enhancements are de-
signed to augment the adaptability of the SOM model to intricate and high-dimensional
data structures, facilitating a more nuanced understanding of the relationships among
design parameters. Through empirical experiments employing real-world multidimen-
sional datasets from the field of product design, we aim to demonstrate the efficacy of the
proposed methodology in automatic design parameter clustering.

1.1. Related work. The field of product design structure optimization has witnessed
a rich tapestry of research efforts aimed at enhancing methodologies and addressing the
multifaceted challenges inherent in the design process. This section provides an overview
of key literature related to both traditional approaches and recent advancements in the
domain. Wang et al. [5] proposed a multi-attribute fusion algorithm based on improved
evidence theory and clustering. Rong [6] made an analysis of the comprehensive evaluation
model of enterprise technological innovation ability based on improved genetic algorithm.
Xiao et al. [7] proposed a coal classification method based on improved local receptive
field-based extreme learning machine algorithm. Yu et al. [8] proposed an identification
method of abnormal characteristic data of power equipment based on improved K-Means
algorithm. Ding et al. [9] made segmentation of the fabric pattern based on improved
fruit fly optimization algorithm. Zhang et al. [10] studied equipment health assessment
based on improved incremental support vector data description. Huo et al. [11] proposed a
traffic anomaly detection method based on improved GRU and EFMS-K means clustering.
Yan et al. [12] made prediction of bank telephone marketing results based on improved
whale algorithms optimizing S-Kohonen network. Lu et al. [13] studied three-Dimensional
path planning of deep-Sea mining vehicle based on improved particle swarm optimization.
Guo et al. [14] made research on indoor wireless positioning precision optimization based
on UWB. Ma et al. [15] proposed an unbalanced abnormal traffic detection based on
improved Res-BIGRU and integrated dynamic ELM optimization.

The subsequent sections of this paper will delve into the methodology employed, detail-
ing the process of training the enhanced SOM model and conducting clustering analysis
on design parameters. We will elucidate the experimental setup, including the character-
istics of the datasets used and the evaluation metrics applied to assess the performance of
the proposed approach. The results and discussion section will showcase the outcomes of
our experiments, shedding light on the implications of the enhanced SOM algorithm for
product design structure optimization. Liu et al. [16] made research on innovative meth-
ods based on clustering and case-based reasoning. Wang et al. [17] studied efficient DDoS
attack detection based on improved firefly algorithm to optimize convolutional neural net-
works. Zhao et al. [18] studied real-time detection of particleboard surface defects based
on improved YOLOV5 target detection. Seghers et al. [19] studied unsupervised learning:
local and global structure preservation in industrial data. Ma et al. [20] studied inversion
of soil organic matter content based on improved convolutional neural network. Wang [21]
made an efficient customer segmentation in digital marketing using deep learning with
swarm intelligence approach. Ran et al. [22] made an anomaly detection for hyperspectral
images based on improved low-rank and sparse representation and joint Gaussian mixture
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distribution. Jiang and Liu [23] proposed an improved speech segmentation and clustering
algorithm based on SOM and k-means. He et al. [24] proposed a new approach to mod-
eling land use change. Cai et al. [25] made a difference Analysis of Regional Economic
Development Based on the SOM Neural Network with the Hybrid Genetic Algorithm.
Yan et al. [26] proposed a clustering algorithm for multi-modal heterogeneous big data
with abnormal data. Liu and Li [27] coordinated obstacle avoidance of multi-AUV based
on improved artificial potential field method and consistency protocol. Liu and Zhao [28§]
made research on an Improved SOM Model for Damage Identification of Concrete Struc-
tures. Tong et al. [29] made product development (PD) and service innovation (SI) to
shape the upgraded model of SOM.

This study aspires to contribute to the evolving landscape of product design by in-
troducing an innovative approach that not only addresses the challenges posed by high-
dimensional data but also considers the intricate relationships governing design structures.
The ultimate goal is to provide a robust and adaptable strategy for optimizing product
design structures, thereby advancing the efficiency, performance, and viability of designed
products in diverse industrial contexts.

1. Traditional Approaches to Design Optimization. Previous research in product
design optimization has predominantly relied on mathematical modeling, simulation,
and optimization algorithms. These methods often involve the formulation of math-
ematical models that represent the relationships between design parameters and
desired performance metrics. Optimization algorithms, such as genetic algorithms
and gradient-based approaches, are then employed to search for optimal design con-
figurations within the defined parameter space. While effective in certain contexts,
these approaches may struggle with the curse of dimensionality and may not fully
capture the intricate interactions among design variables.

2. Clustering in Product Design. Clustering techniques have been employed to
categorize design parameters and identify patterns within high-dimensional datasets.
K-means clustering and hierarchical clustering are among the commonly used meth-
ods. However, these traditional clustering approaches may face challenges in han-
dling complex and non-linear relationships among design variables.

3. Self-Organizing Maps in Design Exploration. The application of Self-Organizing
Maps (SOM) in product design exploration has gained attention for its ability to
uncover inherent structures in multidimensional data. SOM has been used for visu-
alization and classification tasks, providing a holistic understanding of design spaces.
However, traditional SOM algorithms may have limitations in adaptability and may
struggle with non-uniform data distributions.

4. Enhancements to Self-Organizing Maps. Recent research has focused on en-
hancing the capabilities of SOM for improved adaptability to complex datasets.
Adaptive learning rates and neighborhood functions have been introduced to address
challenges related to high-dimensional and non-linear data. Growing Self-Organizing
Maps (GSOM) and other variations aim to overcome limitations of traditional SOM,
providing more nuanced representations of design spaces.

5. Integration of Optimization and Clustering. Some studies have explored the
integration of optimization algorithms with clustering techniques. This synergy aims
to leverage the strengths of both approaches, combining the global search capabilities
of optimization algorithms with the pattern recognition capabilities of clustering
methods. Such integrative approaches show promise in addressing the challenges of
design space exploration.
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In light of the aforementioned literature, our study contributes to this evolving land-
scape by proposing an enhanced SOM clustering method for product design structure
optimization. By combining the capabilities of SOM with adaptive learning and sophis-
ticated neighborhood functions, we aim to provide a more robust and adaptable solution
to the challenges posed by high-dimensional and complex design datasets. The following
sections will delve into the methodology, experiments, and results, offering a comprehen-
sive exploration of the proposed approach and its implications for the field of product
design optimization. The motivation behind this research stems from the pressing need
to overcome the challenges and limitations inherent in traditional product design struc-
ture optimization methodologies. As the complexity of products and design parameters
continues to increase, there is a growing recognition that existing approaches may struggle
to provide comprehensive and efficient solutions. This study is motivated by a desire to
push the boundaries of innovation in product design optimization and contribute to a
more nuanced and adaptive framework.

2. Reconstruction models and common structures.

2.1. Reconstruction Models. In the context of Self-Organizing Maps (SOM), a recon-
struction model refers to the capability of the SOM to map input data onto its neurons
and then reconstruct or represent that data. In the context of enhanced SOM, the main
difference in SOM network structure lies in the competition layer, which is the number of
SOM neurons in the competition layer, as shown in Fig. 1.

(1) Weight Vectors. Each neuron in the SOM has an associated weight vector. During
training, the SOM adapts these weight vectors to approximate the input data distribution.
An empirical formula for the minimum neuron count is

Noin = 5VX, (1)

where X is the number of training samples. Initialize the weights of each node (usually
using random initialization). Randomly select a sample to input into the grid. Selecting
winning neurons through competition:

winner = arg max ||x — w;|| . (2)
w;

The weight vectors serve as a reconstruction of the input data within the SOM. Learning-
rate and neighborhood schedules:

a(t) = a(0) - ¥, (3)
jt)=c+jt—1)- (1 —-0.001¢), (4)

where K is the iteration number, j(¢) is the number of domain scopes (decreasing over
time), and «(t) is the learning rate function.

The blue spots represent the distribution of training data, while the small white spots
are the current training data extracted from this distribution. Firstly, the SOM node is
arbitrarily located in the data space. We choose the node closest to the training data as
the winning node (highlighted in yellow). It is moved towards the training data, including
(within a smaller range) adjacent nodes on its grid. After multiple iterations, the grid
tends to approach the data distribution.

Randomize the node weight vector in a map, randomly select the input vector, traverse
each node in the map, and calculate the similarity with the mapped nodes (usually using
Euclidean distance); select the node with the smallest distance as the winning node BMU
(best matching unit), and update the weight vector of nodes near BMU by bringing them
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Figure 1. Self-Organizing Mapping Training.

closer to the input vector. The weight update formula for the output node with the
current weight vector is:

W, (s +1) = Wy(s) + O(u,v,...,s) - a(s) - (D(t) — W,(s)), (5)

where s is the number of iterations, D(¢) is the current input vector, u is the winning
node, and O(-) is a proximity function that gives the distance between u and v at step
s, used to determine the strength of the influence of the winning node on its neighboring
nodes. a(s) is a monotonically decreasing learning rate.

One indicator for measuring the quality of SOM is quantification (quantization) error,
which is the squared norm between the input sample and the corresponding winner neuron:

Ey; = I —w*. (6)
i=1

The neighborhood function is used to determine the strength of the influence of the win-
ning node on its neighboring nodes, that is, the update amplitude of each node in the
winning neighborhood. The most common choice is the Gaussian function, which can
characterize the relationship between strength and distance within the superior neighbor-
hood.

(2) Adaptive Learning Rates. Adaptive learning rates influence the adjustment of weight
vectors during training. By adapting learning rates, the SOM can selectively update
weight vectors based on the significance of input data for a particular neuron. The
AdaGrad algorithm independently uses the learning rates of all model parameters, scaling
each parameter inversely to the square root of the sum of the historical squared gradients.
Cumulative squared gradient:

r=r+gog, (7)
calculate updates:
€
A= — 8
5+v?®& (8)
apply update:
0 =0+ A0, (9)

where ¢ is the global learning rate, 6 is the parameter vector, and § = 10~".

(3) RMSProp (with momentum variants). The RMSProp algorithm modifies AdaGrad to
achieve better performance under non-convex settings, changing gradient accumulation
to an exponentially weighted moving average. Assume global learning rate e, attenuation
rate p, initial parameters 6, and small constant § (usually 107® for numerical stability).
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For a minibatch {x, ... x(™} with targets {y”}, compute the gradient:
1 , .
= LV S o(p(x;0),49).
g o Ve i (f (x ),y )

Accumulate squared gradients:

r=pr+(l-pgog.
Parameter update:
€ 1
Vo +v 8 Vo +

0 =0+ A6.

With momentum coefficient a and velocity v:

and apply

0 = 0+ av,

1 A
A VO L @). 9). 4@
g mvoz (f(X ) )ay )a
r=pr+(l-p)goeg,

v gon(3)

0=0+v.
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(10)

(11)

(12)

(13)

(14)
(15)
(16)
(17)

(18)

(4) Adam. With step size £ (recommended default 0.001), exponential decay rates of
moment estimations p; and py (€ [0,1], defaults 0.9 and 0.999), and stability constant
§ (default 107®), initialize first- and second-order moments s = 0, r = 0 and time step

t = 0. For each minibatch:
1 . ,
V4 E L @.0). 4@
g m 0 i (f(X ) )a Yy ) )

t=1t+1,

s=pis+(1-p)e,
and finally apply the parameter update (with bias correction implied):

0 =0-+A0.

(19)

(20)
(21)

(22)

Neighborhood functions. Neighborhood functions determine the influence of neighboring
neurons during the training process. Advanced neighborhood functions allow for a more

nuanced adjustment of weights, facilitating a finer reconstruction of input data.

2.2. Common structures. When referring to common structures, it usually involves
identifying patterns or clusters within the SOM. In the context of product design structure

optimization:

1. Clustered Design Parameters: Utilize the trained SOM to identify clusters or
groups of similar design parameters. Neurons that are spatially close within the

SOM tend to represent design parameters with similar characteristics.

2. Visualization of Clusters: Visualization techniques, such as heatmaps or 2D /3D
projections, can be employed to represent clustered design parameters. These vi-
sualizations offer insights into common structures and relationships among design

parameters.
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Figure 2. Algorithm framework architecture.

3. Cluster-Specific Characteristics: Analyze each cluster to identify common char-
acteristics or patterns among design parameters within that cluster. Common struc-
tures may include specific combinations of design variables that lead to similar per-
formance outcomes, as shown in Fig. 2.

Optimization within Clusters. Once common structures are identified, optimization
algorithms can be applied specifically within each cluster. This approach allows for tar-
geted optimization based on shared characteristics within the clusters. Optimization pro-
cesses need to consider common structures while adhering to manufacturing constraints,
cost limitations, and other relevant factors. Constraint-handling strategies ensure that
optimized designs are feasible and practical.

3. An enhanced SOM algorithm based on Adam with clustering and optimiza-
tion techniques. Step 1. Data Collection and Preprocessing. Design Parameters:
Gather relevant design parameters, including geometric features, material properties, and
other relevant variables. Performance Metrics: Define performance metrics such as effi-
ciency, durability, or other criteria that reflect the objectives of the product design.

Step 2. Enhanced SOM Algorithm based on Adam. Neuron Initialization: Ini-
tialize the SOM with an appropriate topology and randomly distribute neurons in the
SOM lattice. Adaptive Learning Rates: Implement adaptive learning rates to enhance
the adaptability of the SOM to varying data distributions and non-linear relationships.
Advanced Neighborhood Functions: Employ advanced neighborhood functions to capture
complex relationships among design parameters.

Step 3. Training the Enhanced SOM based on Adam. Input Vector Normal-
1zation: Normalize input vectors to ensure uniformity in scaling and prevent dominance
by certain parameters. Iterative Training: Iteratively present design parameter data to



Table 1. Configuration of DGA dataset

Product Design Structure Optimization on Improved SOM Clustering

Product name Original-SOM clustering Improved-SOM clustering Performance score Production

Product A Category 1 Category 1 85.3
Product B Category 2 Category 1 90.8
Product C Category 3 Category 2 87.5
Product D Category 4 Category 3 89.6
Product E Category 5 Category 4 92.3

the SOM, adjusting weights based on the adaptive learning rates and neighborhood func-
tions. Convergence Criteria: Establish convergence criteria to determine when the SOM
has sufficiently adapted to the data.

Step 4. Clustering Analysis. Cluster Identification: Utilize the trained SOM to
identify clusters of design parameters within the SOM lattice. Visualization: Visualize the
clustered design parameters to gain insights into the inherent structures and relationships.

4. Experimental results and analysis.

4.1. Experimental environment and experimental dataset.

Programming Language and Libraries. The enhanced Self-Organizing Map (SOM) algo-
rithm and optimization routines are implemented in Python, leveraging machine learning
and data-analysis libraries (e.g., scikit-learn).

Computational Resources. Experiments are conducted on a computing platform with suf-
ficient CPU, memory, and optional GPU capabilities. Parallel processing is considered
for efficient training and optimization, especially for large datasets.

Software and Versioning. Software versions are fixed and documented to ensure repro-
ducibility.

Experiment Reproducibility. Clear instructions and documented code enable reproduc-
tion. Code and data are shared to encourage collaboration and validation.

Experimental Dataset. Table 1 summarizes the configuration of a representative DGA
dataset comprising five products.

In this example, the original SOM and the proposed method yield distinct cluster assign-
ments. The proposed method discovers stronger product similarity (e.g., grouping A and
B), while improving performance and reducing cost (notably for Product E).

Source of Data. Real-world datasets from relevant industries are used, representative of
actual complexities and variations.

Multidimensional Design Parameters. Design parameters include geometric features, ma-
terial properties, and other variables that influence performance.

Performance Metrics. Metrics align with design objectives, e.g., efficiency, durability, and
cost-effectiveness.

Data Preprocessing. Data are cleaned and normalized for SOM training and subsequent
optimization.

Dataset Size and Splits. Multiple dataset sizes are considered to assess scalability. Train-
ing/testing splits are used to evaluate generalization, with testing sets representing unseen
data.

Privacy and Ethics. Ethical and privacy guidelines are followed; proprietary data are
anonymized and secured.

Dataset Diversity. Datasets span varied product types and industries to demonstrate
adaptability.
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Table 2. Comparison of results with other algorithms

Algorithm Stability ~ Sensitivity Time (h) Best score Avg. score Accuracy (%
Original SOM commonly high 2.5 88.2 85.3 78.9
K-means commonly low 1.8 87.9 85.7 86.4
DBSCAN preferably low 3.2 88.5 86.1 89.3
Spectral Clustering preferably low 2.1 88.6 86.3 90.2
Improved-SOM Clustering preferably low 1.5 90.8 87.2 94.5

«==Running time (hours)

35
3.2

2.5

2.1
2
1.8

15

0.5

Original SOM K-means DBSCAN Spectral Clustering Improved-SOM Clustering

Figure 3. Comparison of running time with other algorithms.

Table 3. Performance of different products

Product Name Material type Weight (g) Cost (yuan) Performance rating Optimization

Product A Plastic 120 1000 70 5%
Product B Metal 250 2000 85  10%
Product C Composite Material 380 3000 92 8%
Product D Ceramic 500 4000 95 15%

4.2. Experimental results. To benchmark clustering quality and downstream design
impact, we compare Original SOM, K-means, DBSCAN, Spectral Clustering, and the
proposed Improved-SOM Clustering.

As shown in Figs. 3-4 and Table 2, the proposed method exhibits stronger cluster-
ing stability, lower sensitivity to initialization, and reduced runtime, while attaining the
highest best /average performance scores and accuracy. The improved SOM effectively dis-
covers similarity structures among designs, scales to larger datasets, and handles complex,
non-linear data manifolds.

Table 3 reports exemplar per-product outcomes, highlighting consistent optimization
gains from cluster-aware refinement.
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W Best Performance Score W Average performance score i Accuracy(%)
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Clustering

Figure 4. Comparison of clustering results and outcome metrics across algo-
rithms.

5. Conclusions. The research on product design structure optimization through an en-
hanced SOM algorithm has yielded several insights. Adaptive learning rates and ad-
vanced neighborhood functions improve adaptability to high-dimensional, non-linear de-
sign spaces, enabling the SOM to capture intricate parameter relationships. Clustering
analysis reveals common structures, and targeted optimization within clusters leads to
improved performance while respecting manufacturing and cost constraints. Empirical
evaluation on representative datasets demonstrates practical applicability and robustness
across scenarios.

Limitations include sensitivity to extreme design complexities, the need for parameter
fine-tuning, and scaling to extremely large datasets. Future work will pursue richer neigh-
borhood schedules, dynamic map growth, and tighter integration with constraint-aware
optimizers.
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