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ARTICLE INFO ABSTRACT
Keywords: Cluster analysis of 3D head shapes plays a crucial role in the mass customization design of
3D head shape clustering products related to the head. Head shapes exhibit variations across different races, and designing

K-medoids algorithm
Bicycle helmet

Mass customization design
Parametric modeling

helmets exclusively for Chinese individuals cannot solely rely on or reference foreign head
models. Currently, research on cluster analysis of Chinese head shapes is limited, especially
concerning shape variances. To address this, we developed an improved k-medoids algorithm and
integrated Cluster Validity Index as an assessment metric. This enabled us to cluster 339 Chinese
young males aged 18 to 30 into 7 groups based on their head shapes. By comparing our improved
algorithm to the traditional k-medoids method, we affirmed its superiority in achieving higher
sample participation rates and reducing inter-cluster sample disparities. To simplify the helmet
design and editing process, and to improve the efficiency of mass customization, we have
developed a parametric modeling program for bicycle helmets based on the head shape clustering
results. Results from the Helmet Fit Index and stress simulation analysis demonstrate that our
approach significantly enhances helmet fit and wearer comfort.

1. Introduction

The head is one of the most critical parts of the body, and a protective helmet is essential equipment to ensure the safety of cyclists.
Previous researches have demonstrated that a properly fitting helmet should maintain an adequate and uniform gap between the head
and the helmet, thereby reducing the risk of head injuries [1,2]. Ill-fitting helmets, on the other hand, significantly reduce their
protective capabilities and increase the risk of head injuries [3-5]. In addition, ill-fitting helmets can decrease comfort, leading some
cyclists to choose not to wear them [6]. Due to significant variations in head size and shape among different populations and even
within the same population, standard helmets produced on a large scale may not accommodate all head shapes, potentially causing
users to wear helmets that are either too small or too large. Therefore, conducting statistical analysis of head shapes is crucial to
provide reliable data support for helmet design, ultimately improving helmet fit.

The primary objective during the design and development phase of wearable products is undoubtedly to meet the comfort re-
quirements of the consumers. Over the past two decades, anthropometric measurements have been utilized in various industries,
including ear products [7,8], clothing [9,10], head and facial products [11-13], and footwear [14,15]. However, it is essential to
recognize that these limited measurements fall short in fully capturing the shape attributes of the human body, which are crucial for
creating well-fitting products [16]. For instance, bicycle helmet sizes, determined by head circumference, length, and breadth, may not
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accommodate wearer’s head shape. As highlighted by Ellena et al. [17], a critical aspect of helmet fit is the snug conformity to the head
shape without leaving any significant gaps between the helmet liner and the head. Advances in 3D (Three Dimensional) scanning
technology, such as 3D scanners, MRI (Magnetic Resonance Imaging), and CT (Computer Tomography), have motivated researchers
and manufacturers to incorporate comprehensive 3D anthropometric data in product design. These techniques provide a large set of
data points that offer in-depth information about the shape characteristics of the scanned head [18]. In recent years, a multitude of
researchers have been exploring the utilization of 3D head and face scans from individuals of diverse ethnicities to design customized
head and face-related products. These scans undergo processing and modelling using a combination of CAD (Computer Aided Design)
software and RE (reverse engineering) techniques, resulting in editable 3D models that can be employed in the creation of personalized
helmets [19], eyeglasses [20], cosmetic masks [21,22], and eye massagers [23]. Research conducted by Zhang et al. [24,25] even
developed an algorithm predicting 3D head shape directly from incomplete scans, further enhancing the customization process for
personal helmets. Bake and Lee [26,27] underscores the importance of considering an individual’s overall 3D body attributes when
designing these products, leading to better fitting and more comfortable outcomes compared to designs based solely on size. The
objective of customization is to meet the specific needs of individual users. While products tailored to perfectly fit a customer’s body
shape offer excellent comfort, custom-designed products can be expensive and time-consuming to produce. Mass customization, on the
other hand, aims to provide customized products or services to consumers on a large scale at a cost that is reasonable compared to
traditional customization processes. Striking a balance between achieving an ideal fit for the majority of users and ensuring production
convenience has become a focal point for many researchers. This focus has led to the development of various size and shape systems for
wearable products based on anthropometric data derived from population samples [28]. For example, Ellena et al. [29] utilized a
non-rigid point set registration algorithm to extract 13,000 points representing head protection areas from 190 scanned head models of
the Australian population. Using this data, they applied an improved hierarchical clustering algorithm with a clustering threshold of
20 mm and considered optimal clustering evaluation criteria to categorize head shapes into four clusters. Subsequently, they designed
bicycle helmet liners based on the average shape of these clusters and assessed the stability, comfort, and fit of the helmet liners
through dynamic stability tests and a Helmet Fit Index, which took into account standoff distance, gap uniformity, and head protection
ratio [17,29,30]. In another approach, Lacko et al. [31] and Verwulgen et al. [32] classified 100 head surfaces obtained from MRI
(Magnetic Resonance Imaging) scans into three categories by considering the entire head’s geometry. They calculated the cluster
medoid for each category, which served as the reference model for creating mass-customized brain computer interface headsets.
Similarly, Bai et al. [33] developed a parametric product design framework for mass-customized eyewear products accessible via a web
platform. This framework involved creating a 3D face model based on a series of measurable and adjustable parameters related to
facial geometry.

Numerous prior studies have observed significant variations in head shape among individuals from diverse nations and ethnic
backgrounds [2,34-36]. Ball et al. [4] involved anthropometric statistical analysis and shape comparisons, which emphasized that
Chinese heads typically feature a rounder shape compared to Western heads. They also identified distinctive characteristics such as a
flatter back and forehead. Based on these findings, it was concluded that head-related products designed for Western head templates
may not be suitable for Chinese individuals. The implementation of a proposed regulation mandating helmet usage for all drivers by
the Traffic Administration of China’s Ministry of Public Security, aimed at enhancing the safety of motorcyclists, has led to a significant
surge in the demand for helmets in the Chinese market.

Obtaining detailed information about the normal head shape of the Chinese population is of paramount importance for the er-
gonomic design of head-related products. To the best of our knowledge, there are few studies that approach the analysis of Chinese
head shapes from the perspective of shape differences, as opposed to relying solely on limited head feature dimensions. Therefore, we
have developed an improved head shape clustering algorithm to systematically analyze the variations in head shapes among the
Chinese population, providing a foundation for the design of mass-customized bicycle helmets with enhanced fit and comfort. The
main contributions are summarized as follows.

@® We developed a technique for reconstructing head shapes with minimal reconstruction errors. This was achieved by converting all
head meshes acquired from 3D scans, which consist of varying quantities of point clouds, into Non-Uniform Rational B-Spline
(NURBS) surfaces with an identical number of vertices while maintaining consistent indices and meanings. These NURBS surfaces
served as the foundational data for head shape clustering.

@ We developed an improved k-medoids algorithm tailored for head shape clustering. In comparison to traditional algorithms, the
improved algorithm offers the advantage of ensuring minimal intra-cluster sample dissimilarity, significant inter-cluster sample
dissimilarity, and a high participation rate of samples in the clustering process. Additionally, we determined the optimal number of
clustering clusters using the Cluster Validity Index (CVI) and Helmet Fit Index (HFI).

@ We constructed a parametric modelling program for designing bicycle helmets using Grasshopper software, aiming to assist de-
signers in enhancing the efficiency of mass-customized helmet design.

2. Methods

To realize the mass customization technology for designing bicycle helmet products based on head shape clustering, an extensive
collection of 3D head models is initially required. Subsequently, these gathered head models need to be reconstructed within a
standardized coordinate system to possess identical topology and an equal number of vertices (with corresponding indices and
meanings). Following this, an improved clustering algorithm is employed for the analysis and comparison of head shapes. The
fundamental workflow for clustering 3D head shapes and facilitating the mass customization of helmet designs includes (see Fig. 1): (1)
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Collection of 3D head models (see Section 2.1), (2) Preprocessing and alignment of 3D head models (see Section 2.2), (3) Extraction
and reconstruction of head protection areas (see Section 2.3), (4) 3D head shape clustering (see Section 2.4), and (5) Designing mass-
customized bicycle helmets and validating fit and wearing comfort (see Sections 2.5).

2.1. Collection of 3D head models

A total of 339 young Chinese males aged 18-30 years were recruited for this study, with an average age of 20.4 + 2.3 years. In-
dividuals with a history of craniofacial trauma, congenital anomalies, or prior surgery were excluded from the study. Head scans were
conducted using a HandScan300 3D scanner (CREAFORM Inc., Lévis, Quebec, Canada) with a precision of 0.04 mm and processed with
VX-elements software, as illustrated in Fig. 2(a) and(b). To minimize surface irregularities and accurately capture the head shape, all
participants wore seamless swimming caps pressed against their hair. Ethical approval was obtained from the institutional ethics
committee prior to the study, and all participants provided written informed consent after receiving detailed information about the
experiment and their rights.

2.2. Preprocessing and alignment of 3D head models

The preprocessing of the 3D scanned head models was conducted using Geomagic Wrap 2017 (3D Systems Inc., USA). As shown in
Fig. 3(a), the Mesh Doctor tool was employed to effectively eliminate spikes and bumps present in the scanned images. Subsequently,
the Fill Holes tool was utilized to repair any missing sections within the mesh (see Fig. 3(b)). Additionally, the Smooth tool was applied
to enhance the mesh quality by reducing the angles between individual polygons, resulting in a smoother representation (see Fig. 3(c)).

In the clustering process, accurately calculating the distances between corresponding data points in a unified coordinate system is
crucial for evaluating the similarity between head models. However, this task may be challenging due to variations in the number of
point clouds and different positions and orientations of 3D head models, stemming from different head poses adopted during the
scanning process. To address this issue, an alignment procedure was developed to standardize the position and orientation of the head
meshes. This procedure involves creating three planes for each head model: the Sagittal plane, Horizontal plane, and Coronal plane, as
shown in Fig. 4(a). The Sagittal plane is symmetrically established with respect to the head. The Horizontal plane is established by
utilizing points on the tragus and the outer corners of the eye sockets. The Coronal plane is perpendicular to the sagittal and horizontal
planes, with its position determined by the ear tragus points. Finally, these three planes are used to create an orthogonal coordinate
system, aligned with the standard coordinate system in Geomagic Design X software (3D Systems Inc., USA). The head modes of
different samples after alignment are shown in Fig. 4(b).
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Fig. 1. The main workflow for 3D head shape clustering and mass customization design of helmets includes the following steps: (1) Collection of 3D
head models (see Section 2.1), (2) Preprocessing and alignment of 3D head models (see Section 2.2), (3) Extraction and reconstruction of head
protection areas (the method for extracting and reconstructing head protection areas is described in Section 2.3, and the analysis of reconstruction
results is presented in Section 3.1), (4) 3D head shape clustering (the process of the improved k-medoids clustering algorithm is detailed in Section
2.4, and the results and analysis of head shape clustering are discussed in Section 3.2), (5) Design and validation (the methods for design validation
are presented in Section 2.5, while the results can be found in Section 4).
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(b)

Fig. 2. 3D head models scan. (a) Pasting of positioning markers. (b) Scanned 3D head model.

(b) (c)

Fig. 3. Preprocessing of the 3D scanned head mesh. (a) Eliminate the spikes and bumps. (b) Repair the missing parts. (c) Smooth the mesh.
2.3. Extraction and reconstruction of head protection areas

In accordance with GB811-2022 [37], the protective area of a bicycle helmet is defined as the region above plane A in Fig. 5. The
calculation of this area is achieved by determining the distance between the horizontal plane and plane A. The value of distance X is
determined by the head circumference of each sample. When the head circumference falls within the range of 540-560 mm, the value
of distance X is 25 mm. When the head circumference is between 560 and 580 mm, the value of distance X is 27 mm. And when the
head circumference falls within the range of 580-600 mm, the value of distance X is 29 mm.

To carry out a clustering analysis of head shape, the same number and type of head data points were extracted from each 3D model.
This was achieved by reconstructing all of the 3D head models as surfaces with the same topology. The steps involved in the data point
extraction and surface reconstruction are described below.

(1) Trim the Sagittal plane of each model using the Coronal and Horizontal planes, then array these trimmed Sagittal planes to
obtain n surfaces intersecting the head protection area (as shown in Fig. 6 (a) and (b));
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(b)

Fig. 4. Head alignment. (a) Establishment of the Sagittal, Horizontal, and Coronal planes. (b) Aligned head models of different samples.

Plane A
X

Horizonral plane

Fig. 5. Determination of the head protection area of the bicycle helmet.

(a) (b) (d)

Fig. 6. Extracting the data points of head from the 3D head model. (a) and (b) Trim and array Sagittal plane. (c) Unify the normal direction of
intersecting curves. (d) Reconstruct intersecting curves and extract data points.

(2) Calculate and extract the intersecting curves between the head protection area and the arrayed surfaces, and adjust the normal
direction of these curves so that they all start from the top of the head and end at the edge of the head protection area (as shown
in Fig. 6(c));

(3) Number and sort the intersecting curves, and sequentially reconstruct them as first-order curves with N points (as depicted in
Fig. 6(d)), ensuring that the maximum deviation between the reconstructed curves and original curves is less than 0.01 mm.
Then, save the 3D coordinate values of n x N data points in a txt file.
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To perform clustering analysis of head shapes, steps (2) and (3) in the data point extraction and surface reconstruction process were
implemented in a specific manner. This involved ensuring that the normal direction of intersecting curves was consistent and
generating the curves in a predefined order to arrange the 3D coordinates of the data points extracted from each sample in a consistent
sequence from 1 to n x N. This standardized arrangement made it easier for the related programs to read and compare the coordinate
values of corresponding points between the samples, line by line, during the clustering process. Without this method, it would have
been challenging for the program to accurately assess the similarities between the samples.

2.4. 3D head shape clustering

2.4.1. Traditional k-medoids algorithm

Clustering is a technique that involves grouping data based on similar characteristics into clusters. Usually, the average Euclidean
distance between corresponding points on two individual head surfaces is employed to facilitate the shape clustering process. The k-
medoids clustering algorithm is a variant of k-means clustering, relying on the distance to the cluster medoids instead of cluster means
[18]. This algorithm is widely used in data mining and clustering. If a total of S samples were scanned for clustering, where S = {s1,s3,
---,8n}, the fundamental steps of the k-medoids clustering algorithm are as follows:

(1) Set the number of clusters as K.

(2) Randomly select K initial cluster medoids from S, m;,my, -+, mg € S.

(3) Takes € S, if d(s,m;) < d(s,m;),i#j,j€(1,2,,K),i € (1,2,-,K), assign s to cluster K.

(4) Ifm €K, > d(m/., s) is minimal, replace m; with m as the new cluster medoids of cluster K;.
sekK;

(5) Repeat steps (3)—(4) until the cluster medoids remains constant or the cost function is minimal.

2.4.2. Improved k-medoids algorithm

The notion that a sample having the smallest total distance to a cluster medoid implies high similarity between the sample and the
medoid can be misleading. This is because, when the distribution of distances between the sample and the medoid is uneven, even if
the overall distance sum is small, there may still be significant local disparities. To ensure accurate clustering, it is essential to establish
a high degree of similarity among the samples within a single cluster based on head shape while maintaining dissimilarity among
samples in different clusters. To overcome the limitations of traditional k-medoids algorithms, this study introduces an improved k-
medoids algorithm for head shape classification. This new algorithm is based on an approach similar to the one used by Lacko et al.
[31], and its steps are outlined as follows.

(1) Set the number of clusters as K and the distance threshold value between the corresponding data points of the samples and the
cluster medoids as D.

(2) Randomly select K initial cluster medoids from S, m;,my, -, mg € S.

(3) Takes € 8, if d(s,m;) <d(s,m;),i#j,j € (1,2,--,K),i € (1,2,---,K), the distances between the corresponding data points of the
sample s and cluster medoid m; are all less than D, and the intersection of box(Kj U{s} ) with box(K;) is void, then assign s to K;.

(4) If the intersection of box (Kj U{s} ) with box(K;) is non-void, calculate the intersection of box (K; U{s} ) with box(K;),i #1 € (1,2,
e K)

If the intersection of box (K; U{s} ) with box(K;) is void, select [, d(s,m;) < d(s,m;), then add s to cluster K;;
If the intersection of box (K; U{s} ) with box(K;) is non-void, label s as outlier.

(5) If m € K, > d(m/, s) is minimal, replace m; with m as the new cluster medoid of cluster K;.
seK;

(6) Repeat steps (3)—(5) until the cluster medoids remains constant or the cost function is minimal.

Additionally, we evaluate the quality of clustering and identify the optimal number of clusters through the utilization of the Cluster
Validity Index (CVI) [31,38]. The calculation procedure for CVI is elaborated in equations (1)-(3).

. 1 £ & c c
mtra:ﬁ ; ; s¢—m (@D)
1 K—1 7§ :
inter=———— [|m€ — m€|| 2)
K1 2 2
CVi— l'ntra 3)
inter

Where, intra represents the mean of the sum of distances from all samples within a cluster to its cluster medoid, while inter represents
the mean of distances between cluster medoids of different clusters. A smaller intra and a larger inter indicate higher clustering quality
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(lower CVI value). K denotes the number of clusters, N is the total number of samples, s¢ represents the sample set of cluster c, n¢ is the
number of samples in cluster ¢, and m€ is the cluster center of cluster c.

2.5. Evaluation of fit and wearing comfort for bicycle helmet

2.5.1. Evaluation of fit by Helmet Fit Index

Ellena et al. [17,29] developed a method known as the Helmet Fit Index (HFI) to quantitatively evaluate the fit between helmet
liners and human head shapes. This approach combines 3D anthropometric data with computational tools, enabling researchers to
examine the consistency between a specific helmet model and the entire head surface covered by the helmet. By incorporating Standoff
Distance (SOD) and Gap Uniformity (GU), the HFI can calculate a fit score for a given helmet and individual head, ranging from
0 (indicating an extremely poor fit) to 100 (indicating a perfect fit). The calculation procedure for HFI is elaborated in equation (4).

|SOD — 6|
15
100 x exp(—0.12GU),2 < SOD < 6

100 x exp (O.IS — — 0.12GU) ,4> 850D > 8

HFI = 4

Where, SOD is the average distance between the head and the inside mesh of the liner. The optimal value of SOD should be greater than
zero to ensure thermal control of the helmet and comfort, with the addition of thin foam padding [6]. GU represents the standard
deviation of the gap distribution, and is a critical parameter for analyzing the dispersion of the distance distribution. An optimized fit is
achieved when the GU approaches zero, indicating a more uniform distribution of the standoff distance. In this paper, the Geomagic
Wrap 2017 (3D Systems Inc., USA) was utilized to assess the fit of the helmet by measuring the gap between head and the interior liner.

2.5.2. Evaluation of wear comfort by simulation analysis

To calculate the pressure distribution between the head and the bicycle helmet, evaluating the magnitude of peak contact pressure
and the uniformity of pressure distribution, and consequently analyze the comfort of wearing the helmet, we established a finite
element model for the head and the helmet. As shown in Fig. 7(a), we employed HYPERMESH software (ALTAIR Inc., USA) to mesh the
models of the head and the helmet. Following the definition by Lei et al. [39], the outer layer of the head was divided into four levels:
scalp-dense bone-spongy bone-dense bone, with the scalp thickness of 7 mm, and the other three levels having a thickness of 3 mm
each. Bicycle helmets are typically composed of a shell made of Acrylonitrile Butadiene Styrene (ABS) and a liner made of Expanded
Polystyrene (EPS). We measured the thickness of existing helmet shells and liners on the market, and in this study, we set the thickness
of the shell to 4 mm and the liner to 15 mm. The material properties and 3D element types used for all finite element models were
consistent with those in the studies by Lei et al. [39] and Han et al. [40], as detailed in Table 1.

We conducted a structural static analysis in ANSYS 3D, applying the following constraints and loads to the model: we constrained
the bottom of the neck (Uy = 0, Uy, = 0, U, = 0) and applied a gravitational field with a magnitude of G = 9800 mm/s? to the entire
model. The schematic representation of theses constraints and loads is shown in Fig. 7(b). In the typical production of helmets, the shell
and liner are bonded together using adhesive to prevent relative displacement between them. Therefore, in the simulation analysis, we
employed the shared-node approach to mesh the interface between the helmet shell and liner [41], and the various components of the
head were meshed using the same method. Following the definition by Ellena et al. [29], we specified the contact between the helmet
liner and the skin of the head as standard contact, with a friction coefficient of 0.4. All simulations were performed using ANSYS 2022
(ANSYS Inc., USA).
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Fig. 7. Model meshing and boundary condition setup. (a) Cross-section of the mesh models for the head and the helmet. (b) Schematic repre-
sentation of constraints and loads.
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Table 1

Mechanical properties and element type of head and bicycle helmet.
Component Tissue Density(kg/mm?®) Young’s Modulus (Pa) Poisson’s Ratio Element type
Head model Scalp 1.2x 10°¢ 1.67 x 107 0.42 Soild185
Head model Dense bone 2% 10°¢ 1.8 x 101 0.22 Soild185
Head model Cancellous bone 1.3x 10°° 5x 10'° 0.24 Soild185
Helmet shell ABS 1.05x 107° 2x 10° 0.30 Soild185
Helmet liner EPS 7% 1078 2.4 x 107 0.01 Soild185

3. Results and discussion
3.1. Analysis of reconstruction results

According to the data point extraction method described in Section 2.3, we extracted 20 intersecting curves from each 3D head
model and transformed them into first-order consisting of 30 data points. Consequently, we obtained a total of 600 data points from
each 3D model. Based on these extracted data points, we reconstructed all scanned head models into bicubic Non-Uniform Rational B-
Spline (NURBS) surfaces, as shown in Fig. 8(a). Fig. 8(b) represents a schematic of the deviation analysis for the sample after
reconstruction, and Fig. 8(c) displays the deviation analysis between all the reconstructed head models and the original head models.
The results reveal that the maximum deviation among all the reconstructed surfaces is less than 1.75 mm. These deviation analysis
results indicate that the reconstructed 3D head surfaces preserve the information of the original models. Naturally, as the number of
extracted data points increases, the reconstruction errors gradually decrease. However, we consider it is essential to balance the
reduction in reconstruction error with the computational complexity and duration of the subsequent clustering analysis.

3.2. Analysis of clustering results

It is evident that with fewer clusters for head shape, the production speed and cost of helmets become faster and cheaper. However,
it is unavoidable that reducing the number of clusters leads to increased variability within the same cluster of head shapes. The primary
goal of any clustering algorithm is to ensure that the differences between samples within each cluster are small. Of course, solely
focusing on minimizing differences within clusters and exponentially increasing the number of clusters can render the clustering
results statistically insignificant.

Ellena et al. [18] used a distance threshold of 20 mm for corresponding data points between head samples when clustering 3D head
shapes of Australians, resulting in the division of the population’s head shapes into 4 clusters. Larger distance thresholds between
corresponding data points among head shapes lead to fewer clusters. To reduce differences between samples within clusters, we
adjusted the distance threshold between corresponding 3D head data points to 15 mm. Both Lacko et al. [31] and Niu et al. [38] have
pointed out that Cluster Validity Index (CVI) is a good metric for assessing the clustering quality under different numbers of clusters. It
should be emphasized that, according to the calculation formula of CVI (refer to Equations (1)-(3) in Section 2.4.2), increasing the
number of clusters does not necessarily result in a reduction of the CVI value. This is because CVI takes into account both intra-cluster
differences and inter-cluster differences. This viewpoint has also been demonstrated by Locko et al. [31]. Fig. 9 illustrates the range of
CVI values under various cluster numbers. As the number of clusters increases from 3 to 7, the CVI value significantly decreases from
0.921 to 0.175. Indeed, the CVI value is slightly lower at 0.169 when the number of clusters is 11, compared to the CVI value when
using 7 clusters. However, the choice of the number of clusters should be based on practical application, taking into account factors
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Fig. 8. Results of head model reconstruction and reconstruction deviation analysis. (a) Head reconstructed composed of 600 data points for one
sample. (b) Deviation analysis between the reconstructed surface and the original model. (c¢) Maximum deviations of reconstructed surfaces for
339 samples.
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Fig. 9. The distribution of CVI under different numbers of clusters.

such as the feasibility of product manufacturing technology and economic viability. As highlighted by Ellena et al. [18], the reasonable
division of product models should meet the following three criteria: the minimal number of clusters, broad coverage of the population,
and optimal fit.

The ultimate goal of this paper is to achieve the mass customization of high-fitting bicycle helmets through clustering based on head
shape. To determine the optimal number of clusters, we calculated the mean and standard deviation of the Helmet Fit Index (HFI) for
different cluster numbers, as shown in Fig. 10. With an increasing number of clusters, the mean HFI exhibits an upward trend. When
the number of clusters ranges from 3 to 5, the average HFI is consistently below 70. However, with 6 clusters, the average HFI is 78.08
+ 5.53, significantly higher than the average HFI for 5 clusters (68.97 + 6.25). This suggests that one or more head geometry types are
distributed among the other clusters. In such a case, increasing the number of clusters is necessary to specifically accommodate in-
dividuals with these head types. For cluster numbers ranging from 7 to 11, the average HFI tends to stabilize, with a range of 81.72 +
5.60 to 83.78 + 5.14, indicating a balanced variability within the clusters.

The newly revised GB811-2022 [37], in comparison to the old version GB 811-2010 [42], increased the number of clusters for head
shapes from 3 to 5. While the number of clusters in GB 811-2022 is still smaller than the clusters used in our paper, we believe that GB
811-2022 relies solely on head circumference as the clustering criterion and lacks more detailed 3D head data information. As a result,
the clustering outcomes may not adequately represent the differences in head shapes.

Therefore, taking into account factors including the number and quality of clusters, helmet fit, and manufacturing considerations,
this paper ultimately establishes the number of clusters for head shapes as 7. The medoid surfaces of head for clusters K; to Ky are
illustrated in Fig. 11, and detailed clustering results can be found in Table 2. This includes the number and proportion of individuals in
each cluster, as well as the key dimensions, such as head circumference, length, and width.

Table 3 provides a comparison between the outcomes of the traditional k-medoids algorithm and the improved k-medoids

100

O
o
1

80 1

70 -

Helmet Fit Index

60 -

50

T T T T T T

2 3 4 5 6 7 8 9 10 11 12
Number of Clusters

Fig. 10. The distribution of CVI under different numbers of clusters.
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Fig. 11. Medoid surfaces of head shape for clusters K; to Ky.

Table 2
The clustering results and the key dimensions of the medoid surface for head in each cluster.
Clusters Number of samples Proportion (%) Head circumference/mm Head length/mm Head width/mm
K, 25 7.4% 547.20 184.63 164.29
K> 44 13.0% 572.17 191.20 171.29
K3 50 14.7% 552.87 186.76 164.54
K4 35 10.3% 557.06 187.24 167.78
Ks 69 20.4% 551.85 189.73 161.65
Ks 57 16.8% 566.59 195.69 163.29
K; 59 17.4% 569.34 195.03 166.58
Table 3
Comparison between the traditional and improved k-medoids.
Clustering Algorithms NPS Proportion CVI Mean/mm SD/mm
Traditional k-medoids 301 89% 0.167 7.135 3.017
Improved k-medoids 339 100% 0.175 3.751 3.390

Note: NPS-Number of Participating Samples, SD-Standard deviation.

algorithm developed in this study. The comparison is made under identical threshold settings, with the final number of clusters set at 7.
The Cluster Validity Index (CVI) for the traditional clustering algorithm is observed to be lower than that of the improved algorithm,
possibly due to 38 samples not engaging in the clustering process. Ellena et al. [18] conducted a clustering analysis of the head shapes
of the Australian population, comparing the use of traditional hierarchical clustering algorithms with an improved hierarchical

Table 4
The deviation analysis between the medoid surface of the head for each cluster (Unit: mm).
Cluster Deviation analysis Ky K> K3 K4 Ks Ke K7
K, Maximum Distance Positive / 19.36 6.20 12.85 12.67 7.71 17.64
Negative / -9.67 ~6.78 ~11.50 ~7.73 ~0.40 ~2.77
K, Maximum Distance Positive 9.67 / 3.04 0.96 2.10 9.51 7.31
Negative —19.36 / —13.64 —-8.17 —6.80 -11.91 —5.36
K3 Maximum Distance Positive 6.78 13.64 / 6.73 7.07 7.88 13.71
Negative —6.20 —-3.04 / —4.83 -1.17 —-0.90 0
K4 Maximum Distance Positive 11.50 8.17 4.83 / 5.32 12.63 12.44
Negative —12.85 —0.96 —6.73 / -3.75 -7.35 —2.96
Ks Maximum Distance Positive 7.73 6.80 1.17 3.75 / 7.51 8.31
Negative —-12.67 —-2.10 -7.07 —5.32 / -5.19 0
Ke Maximum Distance Positive 0.40 11.91 0.90 7.35 5.19 / 10.18
Negative -7.71 —9.51 —7.88 —12.63 —7.51 / —-2.85
K, Maximum Distance Positive 2.77 5.36 0 2.96 0 2.85 /
Negative —17.64 -7.31 -13.71 —12.44 —-8.31 —10.18 /
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clustering algorithm. They also noted that when setting the clustering threshold for corresponding vertices between head shapes, the
traditional hierarchical clustering algorithm resulted in some samples not participating in the clustering. Calculation of the mean and
standard deviation of distances between all corresponding data points within each cluster reveals that the traditional algorithm ex-
hibits greater intra-cluster variations compared to the clustering results of the improved algorithm. As a result, it can be inferred that
the improved k-medoids algorithm offers the advantages of increased sample participation and reduced intra-cluster sample
variations.

Table 4 presents the results of the deviation analysis between the head shapes of cluster medoids. The results reveal significant
differences in the head shapes among the cluster medoids. Among all clusters, Cluster K; has the smallest head shape, while Cluster Ky
has the largest head shape, with a maximum positive deviation of 19.36 mm between them. The maximum positive deviation between
Clusters K3 and K7 is 13.71 mm, with a maximum negative deviation of 0. Between Clusters K5 and K7, the maximum positive deviation
is 8.31 mm, with a maximum negative deviation of 0. This indicates that the medoid surface of Cluster K7 is entirely distinct from those
of Clusters K3 and Ks.

Fig. 12(a)-(c) illustrate the intersection lines of the medoid surface of each cluster head with the sagittal, coronal, and horizontal
planes. As shown in Table 2, although the differences in head dimensions, such as head circumference between Clusters K¢ and K7, are
relatively small, the shape difference between them reaches 10.18 mm. Similarly, the differences in head width between Clusters K;
and K7 and between Clusters K; and Ks are relatively small, but the shape differences between them are 17.64 mm and 12.85 mm,
respectively. This analysis demonstrates that relying solely on limited head size criteria for head shape clustering often fails to
represent the shape differences between heads. Consequently, helmets designed based on such clustering results may not provide a
high level of fit. Therefore, when conducting head shape clustering analysis, it is essential to consider the complete 3D shape infor-
mation of the head.

4. Design and evaluation
4.1. Parametric modeling program for the mass customization of bicycle helmets

The design and modeling process of a bicycle helmet is highly intricate and typically requires experienced designers. To simplify the
helmet design and editing process, and to improve the efficiency of mass customization, we have developed a parametric modeling
program for bicycle helmets based on the head shape clustering results presented in this paper. This program utilizes GRASSHOPPER
software, which is a visual programming plugin for RHINOCEROS software (Robert McNeel & Assoc Inc., Seattle, Washington, USA).
The plugin includes various geometric operators, also known as "components," each of which has input and output ports. Designers
only need to connect these components based on logical relationships to accomplish the programming. Furthermore, another
advantage of this plugin is that it fully records the initial and final parametric modeling process. Designers can simply adjust the initial
model or modify the relevant parameters to change the shape of the final generated model.

The helmet parameterized modeling program mainly consists of three modules: helmet liner, shell, and shell surface texture. As
shown in Fig. 13(a), the main modeling process of the helmet liner module is as follows: (1) Use the Offset Brep operator to offset the
clustered head surface outward by 15 mm (based on the thickness of the existing helmet liner in the market) to obtain the outer surface
of the liner; (2) Utilizing the Split Surface operator to trim the inner and outer surfaces of the liner by drawing splitting curves; (3)
Employing the Deconstruct Brep operator to extract edge structure lines of the inner and outer sides of the liner,1 between the inner
and outer surfaces using the Loft operator; (4) Merging the inner surface, outer surface, and connecting surfaces to obtain a closed liner
solid. The modeling process of the helmet shell module is consistent with the construction steps of the helmet liner module and is
shown in Fig. 13(b). Fig. 13(c) illustrates the main modeling process of a helmet shell texture module, which includes: (1) Using the
Hexagonal operator to create hexagonal array units (the number of hexagons can be adjusted separately in the X, Y, and Z directions);
(2) Employing the Evaluate Surface operator to calculate the centers of the hexagonal array units; (3) Using the Remap Numbers
operator to set the variation range of the hexagonal array units; (4) Finally, using the Map to Surface operator to map the modified
hexagonal array units onto the shell surface.

According to the constructed parametric modeling program, designers no longer need to engage in complex surface modeling. They
can quickly obtain different types of bicycle helmets by simply replacing the results of head shape clustering. Additionally, it is possible
to swiftly modify the shell texture by adjusting specific parameters. Fig. 14 illustrates examples of different users virtually wearing
bicycle helmets. Currently, the program only includes a basic model of helmet shell and texture modeling procedure. In the future, it
will be necessary to establish a library of helmet shell designs and shell textures for the convenience of designers to quickly access and
modify shell designs based on the personalized requirements of different users.

4.2. Evaluation of fit for the mass customization bicycle helmet

To assess the fit of mass-customized bicycle helmets based on the clustering results of head shapes, we recruited and collected 3D
head models from 6 new participants. These models were then divided into different clusters: participants A-C were assigned to cluster
K>, while participants D-F were respectively allocated to clusters Ks, K¢, and Ks. As depicted in Fig. 15, using the medoid surface of
head from cluster K as the helmet liner, we calculated the deviations between this surface and the head surfaces of the 6 new par-
ticipants. It was evident that the gaps between the heads of participants A, B, and C and the helmet liner were smaller than those of
other samples (red areas indicate larger gaps, and green areas indicate smaller gaps). The average deviations and standard deviations
between the head shapes of the 6 new samples and the medoid surface of cluster K, are presented in Table 5. It is important to note that
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the Helmet Fit Index (HFI) developed by Ellena et al. [17,29] represents the average deviation between head surfaces as Standoff
Distance (SOD) and standard deviation as Gap Uniformity (GU). As shown in Table 5, based on the calculation formula of HFI (see
Section 2.5.1), we computed the fit scores when the 6 participants wore helmet liner designed according to the medoid surface of head
from cluster K. The fit scores for participants A, B, and C were 85.885, 75.238, and 77.484, respectively, markedly higher than the
values for participants D, E, and F. This result demonstrates the reliability of the head shape clustering results presented in this study
and validates the high fit of helmets designed based on clustering results.
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Fig. 14. Examples of different users virtually wearing bicycle helmets.
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Fig. 15. Deviation analysis between the helmet liner designed by the medoid surface of head from cluster K, and the heads of 6 new participants
labelled A to F.

Table 5

The Helmet Fit Index for 6 new participants.
Participant SOD/mm GU/mm HFI
A 2.163 1.268 85.885
B 3.551 2.371 75.238
C 1.217 1.663 77.484
D 1.443 3.941 59.847
E 5.748 6.974 43.306
F 7.541 8.747 31.484
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4.3. Evaluation of wearing comfort for the mass customization bicycle helmet

According to the method described in section 2.5.2, which includes the meshing of bicycle helmets and the head, setting boundary
conditions, etc., we conducted stress simulation analysis on participants wearing helmets designed based on their cluster head shape
and helmets designed for non-cluster head shapes. The comfort of the helmets was validated by comparing the magnitude of peak
contact pressure and the uniformity of pressure distribution in pressure maps. Fig. 16(a) shows the stress simulation results when
participant Sg, belonging to cluster Ko, wears a helmet liner designed based on the medoid surface of cluster K5’ head shape. The stress
distribution is uniform, with a maximum pressure of 662.155 Pa. In contrast, when participant Sg wears a helmet liner designed based
on the medoid surface of another cluster, the stress distribution becomes uneven, and the maximum pressure significantly increases to
857.973 Pa, as shown in Fig. 16(b). The results of the simulation analysis emphasize the importance of clustering head shapes and
demonstrate that helmet design based on clustering results provides better wearing comfort.

5. Conclusions

This paper presents a novel approach to exploring mass customization design for bicycle helmets, incorporating 3D scanning
technology, surface reconstruction techniques, data clustering analysis, and simulation assessment. It is worth noting that we applied
an improved k-medoids algorithm to cluster the head data of 339 Chinese males into 7 groups, taking into consideration Cluster
Validity Index (CVI), production costs, Helmet Fit Index (HFI), and other indicators. The results of the study indicate: (1) Clustering
based solely on limited head dimensions often fails to capture the diversity of head shapes. To enhance the fit and comfort of bicycle
helmets in mass customization design, it’s essential to consider the overall variation in head shapes. (2) The improved k-medoids
algorithm exhibits advantages over the traditional k-medoids algorithm in terms of sample participation rates and minimizing intra-
cluster sample differences. It can be anticipated that, compared to the personalized customization design process, the mass custom-
ization design method proposed in this paper not only reduces production costs and development cycles but also offers better
adaptability and comfort.

Some limitations and future work of this study are as follows.

@ We focused solely on the head shapes of Chinese males aged 18-30. However, some references have already indicated age and
gender differences in 3D head shapes. Therefore, future research should encompass a broader range of the Chinese population,
including males and females under 18 and over 30, to further enhance the inclusivity of clustering results. Additionally, further
research efforts should involve the incorporation of facial data to create a comprehensive database of head and facial shapes,
providing a basis for the mass customization design of products such as headphones, hearing aids, VR goggles, masks, and more.

@ We used the CVI and HFI at various cluster numbers as evaluation metrics to cluster Chinese head shapes into 7 clusters. It’s evident
that the fewer the clusters, the lower the production costs and the faster the manufacturing speed for helmets. In future research,
the setting of point-to-point distance thresholds can be combined with the material properties of helmet liners (if the material is
flexible, it can accommodate larger point-to-point differences between head shapes within the same cluster). The setting of the
maximum distance threshold will determine the minimum number of clusters.

@ Is it possible to modify the existing solid EPS material used for helmet liners in the current market to a porous or lattice structure?
While ensuring the safety or rigidity requirements of the helmet, a porous liner offers advantages such as reducing helmet weight
and improving breathability. Additionally, a porous liner provides better flexibility, allowing us to decrease the cluster number of
head by increasing the set point-to-point distance threshold between head shapes.
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Fig. 16. Stress Simulation Analysis. (a) Stress simulation results when participant S from cluster K, wears a helmet liner designed based on the
medoid surface of cluster Ky’s head. (b) Stress simulation results when participant Sy from cluster K, wears a helmet liner designed based on the
medoid surface of other cluster head.
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