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The hierarchical analysis of user needs, function mapping, and the intelligent extraction and matching 
of related product patent technical features are crucial for seeking innovative design solutions and 
improving design efficiency. Patent documents contain rich technical features that provide valuable 
technical references and innovative inspiration for product development. However, the complexity 
of patent documents and the variability in their textual descriptions make it difficult for designers to 
utilize patents for technological innovation. To address this issue, this research proposes an integrated 
method for requirement mining and classification, requirement-function mapping, and intelligent 
matching of functions with patent technical features, thereby achieving effective mappings between 
requirements, functions, and technical features. The method consists of four main steps: First, based 
on the Kano model, this research proposes a G-HOQ method for requirement mining, classification, 
and function mapping, integrating Grey Relational Analysis (GRA) and the House of Quality (HOQ). This 
method addresses the issue of reducing decision subjectivity and accurately mining user needs under 
small sample conditions. Second, based on the characteristics of patent texts, an N-V-N structure 
(noun-verb-noun) is constructed, and Natural Language Processing (NLP) technology is used to 
extract patent technical features. Third, the BERT model and Principal Component Analysis (PCA) are 
applied for vector transformation and dimensionality reduction of feature texts, completing the digital 
characterization. Fourth, the cosine similarity algorithm is used to identify the required functional 
needs from patent technical documents and to reorganize solutions based on actual requirements, 
thereby promoting design innovation. Finally, an innovative design for an earthquake experience 
platform was used as an example, and four design schemes were developed. The satisfaction of the 
schemes was evaluated using the fuzzy comprehensive evaluation method, revealing that Scheme A, 
derived from the proposed method, had the shortest time and the highest overall score of 3.287, thus 
validating the feasibility and effectiveness of the method.

Keywords  Requirement intent, Digital characterization, Patent technology, Feature extraction, Intelligent 
design

Accurately understanding user needs, effectively utilizing technical knowledge, and efficiently outputting design 
solutions are key factors in the competitive landscape of modern product innovation1,2. In the design innovation 
process, from the exploration of emotional needs to the generation of technical solutions, it typically relies 
on designers’ initial understanding of the task and their re-integration and application of knowledge within 
their own cognitive scope3. Due to differences in individual knowledge and experience, designers face issues of 
subjectivity, inefficiency, and limitations when understanding and selecting from vast technical documentation4. 
The introduction of an intelligent design method, from requirement mining to function mapping and technical 
feature matching, is of significant importance for design models that derive and acquire technological innovation 
solutions based on users’ emotional needs5. Therefore, to obtain innovative design solutions in a more objective 
and efficient manner, many scholars have explored areas such as user needs, function mapping, intelligent 
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design, text mining, and digitization. For instance, Fu et al. proposed a product concept design method driven by 
the Function-Behavior-Structure (FBS) model. This method optimizes concept design solutions by establishing 
a mapping matrix and integrating evaluation criteria, thereby improving design efficiency and solution quality6. 
Lou et al. developed a memory-heuristic reinforcement learning framework based on Function-Behavior (F-
B) mapping. By employing Markov decision processes and motivation-driven learning, they formalized the 
F-B mapping and learned knowledge from historical design cases, enabling self-learning and self-evolution of 
design knowledge, thus enhancing the efficiency and effectiveness of concept design7. The above achievements 
aim to utilize a hierarchical mapping approach to transform vague conceptual design problems from abstract 
to concrete structures, establishing a mapping mechanism between design concepts and product structures. 
Furthermore, in terms of understanding requirement intentions, Hao et al. proposed a product modularization 
method based on requirement analysis, design mapping, and solution implementation to accommodate the 
diversification of user needs and cognitive differences8. Sun et al. proposed the CM-Kano model for the dynamic 
analysis of customer and manufacturer opinions9. Lee et al. introduced a Kano requirement analysis method 
that integrates industry context10. Many scholars have also integrated theoretical methods such as Kano, QFD, 
and TRIZ into requirement mining, function mapping, and design innovation11–14. These methods effectively 
address the issues of mapping requirements to functional structures and resolving conflicts between functions. 
However, they still face limitations in terms of design efficiency, intelligence, and the innovative use of existing 
technical knowledge, lacking systematic approaches.

In recent years, with the rapid development of artificial intelligence technologies, intelligent design methods 
have gradually been applied in design innovation activities, such as those driven by experience and review 
data15,16, knowledge graphs, and graph neural networks17,18. In the field of knowledge text mining, extracting 
technical features from patent documents is crucial for design innovation and the analysis of technological 
development trends. Patent databases contain over 90% of the world’s technical features, covering functional 
knowledge across various fields19,20. Leveraging natural language processing (NLP) technologies, scholars have 
developed methods to support intelligent innovation design. For instance, Zhang et al. proposed an intelligent 
innovation design model that integrates function coding, patent text feature extraction, digital representation, 
and image similarity matching. This method significantly improves the efficiency of design innovation and 
facilitates the effective use of technical knowledge21. Furthermore, research on technological knowledge mining 
often focuses on analyzing and predicting technological development trends and opportunities within specific 
fields. For example, Yun et al. employed patent semantic mining to identify the technological evolution patterns 
in target fields, aiding in the identification of new technological opportunities22.Han et al., based on the Latent 
Dirichlet Allocation (LDA) model and using patent texts as data, proposed a method for industry-level research 
and development trend analysis23. Yuan et al. utilized natural language processing (NLP) technologies to analyze 
patent literature, revealing the development progress and opportunities in solid-state battery technology through 
the construction of a Patent Information Relationship Matrix (IRM)24.

Although the aforementioned studies utilized artificial intelligence technologies to extract and analyze text 
features, there is still a lack of research on the intelligent mining, visualization, and adaptation of technical 
features in innovative design. Existing design methods lack systematization, with most studies focusing on only 
specific stages of the design process, leading to issues such as disconnected data and processes in design analysis. 
In modern product design innovation practices, designers still rely on experience and subjective judgment 
to sift through large volumes of technical literature, which is inefficient and limited in scope. Therefore, this 
research combines tools such as the Kano model25, Quality Function Deployment (QFD)26, Grey Relational 
Analysis (GRA)27, Natural Language Processing (NLP), and image similarity matching algorithms28, proposing 
an innovative design method based on requirement analysis, integrating function mapping and coding, and 
technical feature mining and digital matching. This method provides a more systematic and intelligent solution 
to the design process, aiming to enhance both the efficiency and quality of design.

The main contributions of this paper are summarized as follows.

•	 This research proposes an innovative product design method that integrates user requirement analysis, func-
tion mapping, function coding, patent technical feature extraction and visualization, and similarity matching. 
Compared to traditional design methods, this approach offers a more comprehensive process, covering the 
critical stages of product innovation design, from requirements to functions to technical solutions, thereby 
improving the efficiency and intelligence of design and R&D.

•	 This research integrates the Kano model, Grey Relational Analysis (GRA), and the House of Quality (HOQ), 
proposing a G-HOQ functional requirement analysis method that associates and ranks the importance of 
requirements and technical features. The integrated method reduces the interference of subjective factors 
in small-sample studies and offers the advantages of accurately and quickly understanding user needs and 
forming product technical solutions.

•	 The research constructs an N-V-N structure and, based on Natural Language Processing (NLP) techniques, 
the BERT model, Principal Component Analysis (PCA), and cosine similarity algorithms, proposes an inno-
vative design method for intelligent extraction, visualization, and matching of patent technical features. This 
method enables the rapid and efficient identification of technical features from patent documents that meet 
product functional requirements. The method effectively reduces issues such as the reliance on designers’ per-
sonal experience for subjective judgment, limited coverage in technical document screening, and low efficien-
cy, enhancing the efficiency of design innovation and the intelligent level of product technical solution design.

The overall structure of this paper is as follows.
The second section systematically introduces the method for digital representation and matching of 

functional requirements to technical features for product innovation design. The third section provides a step-
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by-step analysis and validation of the proposed method through a case study of the innovative design of an 
earthquake experience platform. The fourth section implements the design schemes based on the experimental 
results from the third section and evaluates the design outcomes. The fifth section discusses the research findings 
and provides an outlook for future work. The sixth section summarizes the entire paper.

Methods
Participants
This study collected data through interviews and questionnaires, focusing on four main aspects: (1) During the 
initial stage of collecting user requirements for the earthquake experience platform, a total of 92 questionnaires 
were collected, with participants aged between 18 and 45, and a gender distribution of 53.3% male and 46.7% 
female. (2) In the requirement classification phase, 112 Kano questionnaires were distributed. After excluding 
invalid or incomplete responses, 100 valid questionnaires were returned, yielding a response rate of 89.3%. 
Among the valid responses, 53 were from males and 47 from females, with ages also ranging from 18 to 45. 
(3) In the phase of analyzing the correlation between technical features and requirements and determining 
their implementation importance, 15 design professionals were invited to conduct technical feature analysis 
and importance assessment. The experts had an average of 9 years of professional experience and came from 8 
companies and 2 universities. Their ages ranged from 38 to 56, with 9 males and 6 females. (4) In the solution 
evaluation phase, 63 participants were invited, including 26 design professionals (9 frontline designers and 
17 university faculty members and students), and 46 users. Participants’ ages ranged from 20 to 55, with 34 
males and 29 females. All experimental procedures adhered to relevant ethical guidelines and regulations. In 
accordance with the Declaration of Helsinki, informed consent was obtained from all participants, and the study 
was approved by the Ethics Committee of the School of Mechanical and Precision Instrument Engineering at 
Xi’an University of Technology.

This section will systematically introduce the theoretical methods related to requirement mining and 
functional mapping, functional feature encoding and digital representation, as well as the matching of functional 
requirements with patent technical features.

Method flow overview
To address the issues of inconsistent hierarchical mapping of design knowledge, irregular expression of 
functional knowledge, and low design efficiency in product innovation design based on user requirements and 
patent technology, a method for the digital representation and identification of functions in intelligent product 
design is proposed. Using this method, designers can classify and filter affective requirements, map functions, 
retrieve relevant patent literature based on functional needs, and perform digital representation. By using an 
image similarity algorithm to identify similar functional knowledge, this method not only enhances design 
efficiency but also reduces the workload of designers, achieving intelligent and innovative product design.

The process flow of the method for the digital representation and identification of functional features based 
on user requirements and patent technology is shown in Fig. 1.

The method flow steps are summarized as follows.
Step 1: Requirement Analysis and Function Mapping. Product requirements are extensively collected 

through surveys, interviews, market research, and other methods. Kano is used for requirement classification 
and filtering, QFD is employed to map requirements to functional needs, and a Grey Relational Matrix is 
constructed. This ensures that the product design functions accurately meet user needs. The specific process and 
methods are detailed in Sect. 2.2.

Step 2: Construct the G-HOQ (House of Quality) for functional requirements. The importance of functional 
features is calculated and ranked to comprehensively assess and identify the functional characteristics that have 
the greatest impact on customer satisfaction and product performance.

Step 3: Function Feature Encoding and Extraction. An N-V-N encoding rule is established to retrieve 
relevant patent literature in the field. NLP techniques are then used for function feature extraction, creating 
an N-V-N database containing both patent technologies and functional requirement features. The specific 
process is detailed in Sect. 2.3. This approach creates a database that not only deepens the understanding of 
existing technologies but also supports functional innovation in new product designs, enabling design teams to 
effectively utilize existing technical data and accelerate the product development process.

Step 4: Digital Representation of Function Features. Following the method outlined in Sect. 2.4, the digital 
representation of functional requirements and patent technology features is completed, providing the foundation 
for the subsequent step of similarity-based intelligent matching between functions and technical features.

Step 5: Similarity Matching of Function and Technical Features. This step enables the design team to quickly 
identify the best technical solutions that meet product requirements, thereby enhancing both design efficiency 
and innovation. Moreover, similarity matching promotes the integration of cross-domain technologies, bringing 
more innovative possibilities to product development. The specific process is detailed in Sect. 2.5.

Step 6: Function Feature Reorganization and Innovative Design. Based on the matched technical features 
and incorporating practical design considerations, designers reorganize function features to create feasible and 
innovative solutions, thus achieving flexibility and personalization in design innovation.

Requirement analysis and function mapping
User requirements determine the goals of design innovation29. Due to the subjective nature of user needs, failure 
to properly distinguish and analyze them may lead to design failure30. Therefore, it is crucial to scientifically 
classify, filter, and map these requirements into functions. The Kano model, proposed by Japanese scholar 
Noriaki Kano, identifies and classifies user needs by investigating the impact of product attributes on customer 
satisfaction31. It categorizes a wide range of raw needs into basic (M), expected (O), excitement (A), and 
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indifferent (I) needs. The Kano model helps designers prioritize satisfying users’ fundamental needs while 
uncovering their expectations and excitements, thus enhancing the product’s competitiveness. This section will 
apply the Kano model to analyze user needs, and use QFD in combination with GRA to perform functional 
mapping and importance ranking of the needs.

The basic steps of the user needs and functional mapping method are as follows:

	1	 Requirement acquisition and analysis. User needs are extensively collected through user interviews and 
market feedback, and KANO questionnaires are created and distributed. The Better-Worse coefficients are 
calculated using Eqs. (1) and (2), where Better (satisfaction impact) and Worse (dissatisfaction impact) are 
used to determine the sensitivity of user needs. The Better coefficient ranges from 0 to 1, with higher values 
indicating greater sensitivity and higher priority, while the Worse coefficient ranges from − 1 to 0, with lower 
values indicating greater sensitivity and higher priority. Where: A represents Excitement needs, M represents 
Basic needs, O represents Expectation needs, and I represents Indifferent needs.

	2	 Demand Classification and Selection. A Better-Worse coefficient chart is drawn to classify the demands. 
Basic needs (M) are the minimum requirements of users and must be prioritized. Expectation needs (O) 
are key factors that influence user satisfaction and should be fulfilled as much as possible. Excitement needs 
(A) provide additional value beyond user expectations, which can enhance user loyalty. Indifferent needs 
(I) are those that do not affect user satisfaction, whether present or absent, and should be eliminated. In 
the Better-Worse coefficient diagram, the first quadrant indicates that when the product offers this feature, 
user satisfaction will increase; when this feature is not provided, user satisfaction will decrease. The second 
quadrant indicates that when the feature is not provided, user satisfaction will not decrease, but when the 

Fig. 1.  Method flow.
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feature is provided, user satisfaction will significantly improve. The third quadrant represents features where 
user satisfaction will not change whether the feature is provided or not; these are features that users do not 
care about. The fourth quadrant indicates that when the product offers this feature, user satisfaction will not 
improve; however, when this feature is not provided, user satisfaction will decrease significantly. This suggests 
that features in this quadrant are the most basic requirements. Therefore, in the demand selection process, 
it is necessary to eliminate indifferent needs in the third quadrant. Efforts should be focused on meeting the 
basic user needs, which are the essential factors represented in the fourth quadrant, followed by addressing 
the user’s expected needs, which are the expected factors represented in the first quadrant. These are com-
petitive quality factors that differentiate the product and service from competitors. Finally, aim to fulfill the 
user’s excitement needs, which are the excitement factors represented in the second quadrant, to enhance user 
loyalty.

	3	 Construct the Grey Relational Analysis (GRA) matrix between user requirements and functional features. 
Use the House of Quality (HOQ) in Quality Function Deployment (QFD) to convert customer needs into 
specific functional characteristics.Apply GRA to construct the importance correlation matrix between user 
requirements and functional features.Invite relevant professional designers to score user requirements and 
technical features separately, using a 1–9 scale for importance evaluation, where 1 is the least important and 
9 is the most important, to obtain the user requirements and functional features evaluation table.

 

	 Better = (A + O)/(A + O + M + I)� (1)

	 W orse = −1 ∗ (O + M)/(A + O + M + I)� (2)

Let X0 = (xi( 1), xi(2), · · · , xi(n )) (i = 1,2, · · · , m) be the user requirement reference sequence, and 
Xi = (xi( 1), xi(2), · · · , xi(n )) (i = 1,2, · · · , m)the comparison sequence of technical features. Calculate 

the grey relational degree ϵ i (k) between X0 and Xi using formula (3), thereby obtaining the grey relational 
matrix G.

The grey relational degree between X0 and Xi is: 

	

ϵ i (k) =
min

i
min

k |x0( k) − xi(k )| + ρ
min

i
min

k |x0( k) − xi(k )|

|x0( k) − xi(k )| + ρ
min

i
min

k |x0( k) − xi(k )|
� (3)

Where ρ  is the distinguishing coefficient, with a value between 0 ≤ ρ ≤ 1, taken as 0.5; 

	

G = ( i(k))mk




1 (1) · · · 1 (k)
...

. . .
...

m (1) · · · m (k)


 � (4)

(4) Construct the House of Quality (HOQ) for requirements and functional features. Fill the gray relational 
degree matrix into the HOQ, and use the traditional HOQ method32 combined with the gray relational degree 
matrix to calculate and rank the importance of technical features according to formula (5). Based on the ranking 
results, the focus of the design and the priority of functions are determined, providing a scientific basis for 
resource allocation, evaluation decisions, and meeting user needs. 

	
hj =

∑
m
k=1(ϵkj · Xk)� (5)

Where: hj  is the importance of the j-th technical feature;
m is the total number of demand features;
ϵkj  is the gray relational degree between demand features and technical features (from the gray relational 

matrix);
Xk is the importance of the k-th demand feature;
j is the identifier of the technical feature;
k is the identifier of the demand feature.

Functional feature coding and extraction
Patent literature contains abundant technical knowledge. By identifying and matching the functional 
requirements in design with patents from the relevant research field, design teams can be provided with technical 
solutions, inspire innovation, facilitate the commercialization of patents33, and significantly enhance design 
efficiency. To address this, this section proposes a method for encoding and extracting functional features using 
natural language processing (NLP) technology, based on an N(Noun)-V(Verb)-N(Noun) structure. This method 
encodes functional features to clarify the expression of functional requirements, reduce textual ambiguity, and 
promote the standardized processing and classification of functional features, thereby providing a unified 
foundation for the subsequent automatic extraction and matching of functional features.
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N-V-N functional feature coding
In the process of patent functional feature extraction, constructing structured and standardized coding rules can 
effectively capture the core semantic relationships of functional features. The study employs the N-V-N (Noun-
Verb-Noun) structure for encoding, which consists of a noun-verb-noun sequence. In this structure, N (noun) 
represents the entity performing the action, typically the subject; V (verb) denotes the specific action or behavior 
executed by the subject, serving as the predicate; and the second N (noun) represents the object of the action, 
which is the target, or the object of the verb. This structure captures the relationship between the technical 
action and its subject and object through syntactic relationships, facilitating subsequent digital representation 
and matching of functions. For example, “slider (noun) pushes (verb) linkage (noun).”

In functional feature extraction, the dependency parsing module of the natural language processing tool 
spaCy is used to automatically locate the core verb and its dependency relations in the sentence, extracting the 
N-V-N structure. The specific implementation method is detailed in Sect. 2.3.2. This method efficiently extracts 
functional features from patent literature, providing high-quality input for subsequent digital representation and 
intelligent matching.

Patent technical feature extraction method
The process of automatically extracting functional components from patent corpus using NLP technology and 
constructing a functional feature set is as follows.

(1) Patent Text Acquisition and Organization. Use keyword search strategies combined with logical terms like 
“AND” and “OR” to retrieve patent sets from the China National Knowledge Infrastructure (CNKI) database34. 
In patent technical documents, the invention content includes complete relationships between components and 
their actions35, which can serve as the raw corpus ( T ) for extracting N-V-N structural functional features. T  
serves as the input text, consisting of a series of sentences S = {S1, S1, · · · Sn} each sentence Si is composed 
of several words W = {w1, w1, · · · wm}. Provide technical corpus support for subsequent analysis.

(2) Data preprocessing. The Chinese stop word list from Harbin Institute of Technology (HIT) is used to 
remove meaningless words from the input text. Additionally, regular expressions are employed to eliminate 
common ineffective phrases (e.g., “although,” “in conclusion”) and symbols (e.g., parentheses and numbers), 
resulting in a more standardized text input, denoted as T . Use the spaCy tool for word segmentation and part-
of-speech tagging to identify all verbs Vi in each sentence Si, forming a verb set Vi = {Vi1, Vi2, · · · Vik}. For 
each verb Vik , identify the noun on its left as the subject Nsubj  and the noun on its right as the object Nobj , 
resulting in noun pairs ( Nsubj , Nobj).

(3) Dependency pParsing and N-V-N structure extraction. The spaCy dependency parsing model is used to 
identify the dependency relationships between words in a sentence and construct a syntactic dependency tree. 
The following rules are applied to extract the N-V-N structure: First, verbs (V) are located within the dependency 
tree; then, the subject (N) on the left side of the verb and the object (N) on the right side are matched. If both the 
subject and object exist, an N-V-N (Noun-Verb-Noun) phrase set is generated NVN (T). The N-V-N structure 
is represented as ( Nsubj, Vij), identifying the subject (Noun), action (Verb), and object (Noun) of the functional 
feature, resulting in an N-V-N structure set as shown in Eq. (5).

For the entire text T, all its N-V-N structures are represented as NV N (T ):

	
NV N (T ) =

∪ n

i=1
NV N (Si) � (6)

Where NV N (T ) is the set of all N-V-N structures extracted from sentences 
Si: NV N (Si) = {(NsubjVijNobj) |Vij ∈ ViNsubj ∈ lefts (Vij) , Nobj ∈ rights (Vij)} ∈ rights (Vij)}

Where lefts (Vij) represents the noun dependent on the left side of the verb Vij , usually the subject; and 
rights (Vij) represents the noun dependent on the right side of the verb Vij , usually the object.

(4) Feature filtering and optimization. Since Chinese patent technical documents contain many specific 
terms such as “claim,” “described,” “a kind of,” “patent number,” etc., which have no substantive meaning in 
expressing functional features, regular expressions are used to filter out irrelevant or improperly formatted 
features to improve the quality and accuracy of NV N (T ), forming the optimized technical feature set F, as 
shown in formula (6). 

	 F = {f | f ∈ NV N (T )}, ∀ u ∈ U, u /∈ f} � (7)

Where Uis the set of features to be filtered out,U={claim, described, a kind of, patent number, · · · }.
f  represents a single functional feature
Finally, the extracted standardized and structured functional features are stored in a new Word document, 

providing the foundation for subsequent feature matching.

Digital representation of functional features
Using NLP and machine learning techniques, unstructured patent texts are transformed into structured, digital 
feature vectors, enabling automatic matching of patent technologies and providing intelligent support for design 
innovation. The specific implementation methods and steps are as follows:

Vectorization of functional features in patent texts. The BERT (Bidirectional Encoder Representations 
from Transformers) model, developed by the Google AI Language team, is a pre-trained language model. The 
extracted functional feature f  from the patent text is converted into a 768-dimensional feature vector. The BERT 
model is pre-trained on large-scale corpora, with its core component being the self-attention mechanism, which 
captures contextual information of words and generates vector representations36.
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The vectorization process using the BERT model is as follows:
First, tokenize the input patent functional feature text f  and add the [CLS] and [SEP ] tokens to form the 

input sequence.
Next, use the BERT model to encode the input sequence f, obtaining the hidden state matrix X : 

	 X = BERT (s) � (8)

Where X ∈ Rn× d, n represents the length of the input sequence, and d is the dimension of the feature vector, 
d = 768, which is the dimension of the BERT model’s hidden layer. BERT (s) denotes the encoding process of 
the input text f by the pre-trained BERT model.

Finally, extract the vector at the [GLS] token position from the hidden state matrix X  as the feature vector 
of the input text xbert

CLS : 

	 xbert
CLS = XCLS � (9)

Where, xbert
CLS ∈ R768

(2) Dimensionality Reduction of Functional Feature Vectors. Principal Component Analysis (PCA) is 
applied to reduce the dimensionality of the data, providing a foundation for subsequent digital representation. 
PCA projects high-dimensional data into a lower-dimensional space through linear transformation, minimizing 
information loss. The study uses a Cumulative Explained Variance Plot to determine the number of principal 
components, ensuring that the selected components explain more than 95% of the variance while retaining 
as much information as possible. The dimensionality-reduced feature vectors not only reduce computational 
complexity but also enhance model efficiency.

Perform PCA dimensionality reduction on the feature vector matrix X : 

	 Xr = XW � (10)

Where Xr  is the feature vector after dimensionality reduction, and W  is the transformation matrix of PCA.
The dimensionality reduction operation projects the original 768-dimensional feature vector into a lower-

dimensional space (e.g., 50 dimensions) to reduce redundant information and enhance the efficiency of 
subsequent matching calculations.

(3) Digital Characterization of Functional Features. First, use formula (10) to standardize the feature vector 
Xr  after dimensionality reduction, normalizing the data to a range of 0–1 to obtain the standardized matrix Xs. 

	
Xs = Xr − min (Xr)

max (Xr) − min (Xr) � (11)

Next, reshape the standardized feature vector Xs into a matrix M ∈ Rm× n and visualize it using a heatmap.

Similarity matching of functional and technical features
To address the low efficiency of intelligent matching between product functional requirements and existing 
patent technical feature knowledge, which hinders the effective application of patent technologies in innovation, 
this paper proposes an intelligent patent technical feature matching method for product design functional 
requirements. The method achieves efficient and intelligent matching between functional requirements and 
patent technical features through feature vectorization, dimensionality reduction, and similarity calculation, 
providing technical knowledge support for design innovation. Using this method, designers can digitally 
represent functional requirements and related patent technical features, and apply image similarity algorithms to 
identify and match similar technical features, providing technical knowledge and inspiration for product design 
innovation. This method enables intelligent product innovation design and significantly improves the efficiency 
and approaches of design innovation.

The similarity matching method between functional requirements and patent technical features is as follows.

•	 (1) The image after digital representation of the functional features in Sect. 2.4 is used as input, and feature 
vectors are extracted using the ResNet-50 (Residual Neural Network) model, followed by normalization37. 
ResNet-50 has advantages in image feature extraction, including deep feature extraction capabilities, the in-
troduction of residual blocks to address the vanishing gradient problem, and the use of pre-trained models 
to save training time and enhance feature representation quality38. This model provides a solid foundation 
for subsequent similarity calculations when extracting functional requirements and patent technical features.

•	 (2) The cosine angle between feature vectors is calculated using Formula (11) to measure the similarity be-
tween images. The cosine similarity value ranges from [−1, 1], with values closer to 1 indicating greater sim-
ilarity between the two feature vectors, which intuitively reflects the degree of matching between functional 
requirements and patent technical features.

	

COS (θ ) =
V ′

r · V ′
p

∥ V ′
r ∥ ∥ V ′

p ∥ =
∑

n
i=1(V ′

r)
i
(V ′

p)
i√∑

n
i=1(V ′

r)2
i
·
√∑

n
i=1(V ′

p)2
i

� (12)

Where V ′
r  is the standardized feature vector of the functional requirement;

V ′
p is the standardized feature vector of the patent technical feature.
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Fuzzy comprehensive evaluation of solutions
The fuzzy comprehensive evaluation method is a multi-criteria decision-making approach based on fuzzy 
mathematics theory, widely applied to handle evaluation problems with uncertainty, fuzziness, and diversity. It 
is particularly suitable for scenarios such as design decisions and solution selection. The aim of this method is 
to provide a comprehensive evaluation of multiple solutions across different criteria to derive the final score for 
each solution, thereby assisting decision-makers in making optimal choices.

The process of fuzzy comprehensive evaluation involves the following steps:
First, the indicator weights wi are calculated using formula (12).
Next, experts are invited to evaluate the satisfaction level of each solution, and the membership degree µ ij 

of each solution under various evaluation criteria is obtained using formula (13), constructing the membership 
degree matrix.

Finally, the comprehensive membership degree bj for each evaluation level is calculated using formula (14). 
The comprehensive evaluation score S of each solution is then calculated using formula (15).

Calculation of indicator weights:

	
wi = hi∑

n
j=1hj

� (13)

Where wi represents the weight of the i-th indicator;
hj  represents the importance of the technical feature for the i-th indicator;∑

n
j=1hj  is the total sum of the importance values of all technical features.

Calculation of membership degree:

	
µ ij = nij∑

m
k=1nik

� (14)

Where µ ij  is the membership degree of the i-th indicator at the j-th evaluation level;
nij  is the number of evaluations for the i-th indicator at the j-th evaluation level;∑ m

k=1nik is the total number of evaluations for the i-th indicator.
Calculation of the comprehensive membership degree: 

	
bj =

∑
n
i=1wi · µ ij � (15)

Where bj is the comprehensive membership degree of the j-th evaluation level;
wi is the weight of the i-th indicator;
µ ij is the membership degree of the i-th indicator at the j-th evaluation level.
Calculation of the overall score for the scheme: 

	
S =

∑
m
j=1bj · vj � (16)

Where S is the overall score;
bj is the comprehensive degree of membership for the j-th evaluation level;
vj is the corresponding score for the j-th evaluation level.

Case study
This chapter uses an earthquake experience platform as a case for design innovation, providing a comprehensive 
introduction to the implementation process of the method, covering areas such as requirements analysis, 
functional mapping, functional requirement encoding, and patent technology feature extraction. The case 
overview is as follows.

The earthquake experience platform is a simulation device designed to educate the public on how to take 
appropriate measures during an earthquake by simulating different earthquake scenarios. These platforms are 
typically equipped with vibration simulators and interactive scenes, allowing participants to experience an 
earthquake in a safe environment, thereby enhancing public awareness of earthquake disaster prevention and 
practicing emergency evacuation, hiding, and other survival techniques.

The earthquake experience platform consists of a high-precision vibration simulation system that uses 
electric or hydraulic mechanisms to generate vibrations of different intensities and frequencies, simulating real 
earthquake scenarios. Safety features, including safety belts, emergency stop buttons, and monitoring systems, 
ensure participants learn in a safe environment. The platform’s educational content is displayed through 
interactive devices, including earthquake knowledge, emergency sheltering techniques, and self-rescue and 
mutual aid methods. Additionally, the platform is equipped with a data collection system to analyze participants’ 
reactions and optimize educational programs. The operation interface allows for personalized adjustment of 
simulation parameters, enabling educators and learners to adjust the experience intensity according to different 
needs.

Requirement acquisition and classification for the earthquake experience platform
First, a needs survey was conducted through field research and interviews to comprehensively collect the 
original requirements for the earthquake experience platform, providing the foundation for subsequent needs 
classification and prioritization. The survey participants, aged between 18 and 45, included 92 individuals (8 
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of whom were earthquake experience equipment managers), all of whom had experience with earthquake 
simulation products and had an interest in earthquake experiences. The gender distribution was 53.3% male 
and 46.7% female. Subsequently, through focus group discussions, similar or related needs were summarized 
and integrated, ultimately forming the original requirements list, as shown in Table  1. From the collected 
requirements, it can be observed that, in addition to meeting the basic earthquake simulation functionality, 
the earthquake experience platform also involves safety, generalization, multi-sensory, and multi-scenario 
experiences.

Based on the original functional requirements of the earthquake experience platform in Table 1, a Kano 
questionnaire was developed, using a five-point Likert scale for measurement. The survey was conducted both 
online and offline, with the questionnaire design shown in Table 2.

The questionnaire included both positive and negative questions. Positive questions were designed to 
assess users’ satisfaction with specific features, such as “How would you feel if the collapse of objects could be 
simulated?” Negative questions aimed to evaluate users’ tolerance for the absence of specific features, such as 
“How would you feel if the collapse of objects could not be simulated?”

A total of 112 questionnaires were distributed. After excluding incomplete or contradictory responses, 100 
valid questionnaires were collected, with a response rate of 89.3%. Among the respondents, 53 were male and 47 
were female, aged between 18 and 45 years. The Better-Worse coefficient is calculated based on formulas (1) and 
(2), and a quadrant coordinate scatter plot is drawn. The survey and analysis results are shown in Table 3, and 
the Better-Worse quadrant coordinate distribution is shown in Fig. 2.

From the results, it can be seen that the functional requirements N1, N3, N8, and N12 for the earthquake 
experience platform are located in the fourth quadrant, which are Must-be requirements that must be met. N2, 
N4, and N16 are located in the first quadrant, which are One-dimensional requirements. These are competitive 
factors for the quality of the earthquake experience platform. If these functional requirements are met, making 
it superior and different from competitors, it will strengthen users’ good impression of this product. Therefore, 
these functional requirements need special attention. N5, N7, N11, and N15 are located in the second quadrant, 

Evaluation Levels: Like: 5 points, Should Be: 4 points, Indifferent: 3 points, Tolerable: 2 points, Dislike: 1 point

What is your 
attitude if 
this feature is 
available?

Functional Requirements for the Earthquake Experience Platform

What is your 
attitude if this 
feature is not 
available?

5 4 3 2 1 5 4 3 2 1

N1The platform can simulate various intensities and types of earthquakes, providing as 
realistic an experience as possible.

N2Ensure absolute safety during the experience, including emergency stop functions and 
safety protective facilities.

……

N16The platform integrates physiological monitoring functions, such as heart rate, blood 
pressure, respiration rate, and body temperature, to assess and predict the responder’s status 
during the earthquake, and provide corresponding coping strategies.

Table 2.  Original Kano questionnaire.

 

ID Requirement description Requirement tag

N1 The platform can simulate various intensities and types of earthquakes, providing the most realistic experience possible. Basic function

N2 Ensure absolute safety during the experience, including emergency stop functions and safety protection facilities. Safety

N3 The facility should consider the needs of disabled persons, providing accessible entrances and auxiliary facilities. Generalization

N4 Provide multi-language interfaces and instructions, considering users from different countries and regions. Communication

N5 Add interactive elements, such as Virtual Reality (VR) or Augmented Reality (AR) technology, to enhance the immersive experience. Audio-visual experience

N6 Integrate the earthquake experience platform with other emergency experience facilities, such as fire, flood, and storm. Multifunctional

N7 Simulate various earthquake scenarios, such as indoor, outdoor, nighttime, and different terrain conditions. Multi-scenario

N8 Simulate various scene sound effects, such as items hitting, falling, and breaking. Auditory experience

N9 Simulate lighting changes, such as dimness and electric sparks. Visual experience

N10 Simulate dust fall or diffusion effects. Atmosphere creation

N11 Simulate wind and rain environments. Multi-sensory experience

N12 Simulate temperature change environments. Physical sensation change

N13 Simulate object collapse. Tactile experience

N14 Ensure users understand all safety measures through clear instructions and training before the experience. Usage education

N15 Portable and movable, serving users at different locations. Portable and mobile

N16
The platform integrates physiological monitoring functions, such as heart rate, blood pressure, respiratory rate, and body temperature, to 
assess and predict the participant’s state response under earthquake conditions and provide corresponding coping strategies. Scientific analysis

Table 1.  Original requirements list.
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which are Attractive requirements. These are surprise product functions that exceed user expectations and 
often bring higher loyalty. N6, N9, N10, N13, and N14 are located in the third quadrant, which are Indifferent 
requirements. These functional requirements can be ignored in the design.

G-HOQ correlation analysis of requirements and technical features
In order to map the requirement features into technical features and analyze the correlation between technical 
features and requirements as well as the engineering implementation importance, 15 design professionals were 
invited to analyze and evaluate the technical features of the essential, expected, and exciting requirements for 
the earthquake experience platform. These evaluators have extensive experience in product design, experience 
design, and user requirement analysis, with an average of 9 years in the industry. They are from 8 companies and 
2 universities. The corresponding technical features were finally distilled, and the results are shown in Table 4.

Step 1. Importance scores for the requirement features Ni  and technical features Yj  are assigned based 
on four main criteria: the relevance between the requirement and technical features, implementation cost, 
technical feasibility, and potential impact on user experience. A 1–3–5–7−9 scoring scale is used to assess the 
relationship degree, with scores increasing from least important to most important, namely: “least important,” 
“not important,” “moderately important,” “important,” and “most important.” The requirement and technical 
feature evaluation table is then obtained, and the average score for each requirement feature is calculated.

Fig. 2.  Better-Worse quadrant coordinate distribution.

 

ID A O M I R Q Better coefficient Worse coefficient Classification results

N1  4 5 61 30 0 0 0.014 0.014 M

N2  25 0 46 29 0 0 0.23 0.11 O

N3 6 0 50 44 0 0 0.21 0.28 M

N4  11 16 46 27 0 0 0.23 0.29 O

N5  21 0 28 51 0 0 0.02 0.32 A

N6  6 8 27 59 0 0 0.29 0.32 I

N7  23 0 29 48 0 0 0.14 0.35 A

N8  12 0 46 42 0 0 0.10 0.37 M

N9 14 0 38 48 0 0 0.14 0.38 I

N10  0 1 0 68 31 0 0.25 0.46 I

N11  17 3 6 60 14 0 0.12 0.46 A

N12  3 0 51 46 0 0 0.06 0.5 M

N13 9 1 36 54 0 0 0.03 0.51 I

N14  1 1 31 67 0 0 0.27 0.55 I

N15  20 9 23 48 0 0 0.27 0.62 A

N16 12 15 40 33 0 0 0.09 0.66 O

Table 3.  Kano model analysis results.
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Step 2. Set the earthquake experience platform user requirement features,,,,,,,,,, and N16 as reference sequences, 
and the technical features,,,,,,,,,, and Y16 as comparison sequences. Calculate the grey relational matrix between 
the requirements and technical features using formulas (3) and (4).

Step 3. The technical feature correlation matrix is filled into the HOQ, and the importance hj  of the key 
technical features Yj for the earthquake experience platform is calculated and ranked according to Eq. (5). The 
positive and negative correlations between technical features are established. This completes the construction of 
the G-HOQ (Quality Function Deployment) house of quality, as shown in Fig. 3.

From Fig. 3, the ranking of technical feature importance is: Y1 Vibration, Y8 Sound Effects, Y16 Physiological 
Monitoring, Y7 Multi-Scenario Configuration, Y11 Wind and Rain Simulator, Y5 Virtual Reality, Y15 Portable 
and Mobile, Y12 Temperature Control, Y4 Multilingual Instruction, Y3 Accessibility, and Y2 Emergency Braking. 
Therefore, the design of the earthquake experience platform should focus on the following five main aspects:

(1) Multi-modal earthquake experience, where the equipment should be capable of switching between 
multiple scene modules and simulating corresponding sound effects and natural phenomena (e.g., wind, rain, 
temperature changes) based on the scene. (2) During the user experience, virtual reality should be integrated to 
provide an immersive experience. Additionally, the system should collect physiological data to assess the user’s 
condition in emergencies and provide recommended strategies. (3) The equipment should be portable for easy 
transport and installation, with accessible auxiliary facilities. (4) A comprehensive multi-language instructional 
unit for the device’s operation should be provided to meet the needs of users from different regions. (5) In case 
of an emergency or discomfort during the experience, the user should be able to activate the emergency brake.

Where Nk  is the requirement feature, X0  is the requirement importance, and  hj is the technical feature 
importance

Functional requirement coding and patent technical feature extraction
This section outlines the main steps of patent technical feature extraction, as shown in the flowchart in Fig. 4. 
First, patent search keywords and scope are defined based on functional requirements, followed by patent 
document retrieval to form the initial dataset. Next, the patent documents are read and preprocessed, including 
the removal of stopwords, tokenization, part-of-speech tagging, and dependency analysis. Finally, Natural 
Language Processing (NLP) techniques are employed to extract N-V-N structures, and irrelevant features are 
filtered out using regular expressions, completing the extraction of patent technical features. The extracted valid 
features are then saved into a new document for subsequent visualization and analysis.

The specific implementation process for the functional requirement encoding and patent technical feature 
extraction of the earthquake experience platform is as follows:

Step 1: Encode the functional requirements of the earthquake experience platform using the N-V-N functional 
feature coding method described in Sect. 2.3.1. The results are shown in Table 5. During the coding conversion 
process, user requirements should be broken down into independent, singular functional requirements as much 
as possible to be consistent with the form of subsequent patent technical feature NLP extraction.

Step 2: Understand the functional features of the earthquake experience platform and construct patent 
search terms: earthquake, experience facilities. Then, search for relevant patents from the past five years on the 
China National Knowledge Infrastructure (CNKI) platform, retrieving a total of 163 patent records, including 
58 invention patents, 99 utility model patents, and 6 design patents. This study focuses on invention and utility 
model patents as the main technical documents, obtaining 157 patents. After screening out 7 patents with weak 
relevance, 150 patents were retained. Finally, extract the text of the claims and invention descriptions from 
the patent technical documents to serve as the corpus for the next step of NLP-based patent technical feature 
extraction.

Step 3: Extract patent technical features according to the method described in Sect. 2.3.2, forming a set of 
technical features F . This task is implemented in a Python 3 environment within Jupyter Notebook, and the 
process includes data preprocessing, tokenization, part-of-speech tagging, dependency analysis, extraction of 
N-V-N structures, regular expression filtering, and saving and outputting the technical features. The specific 
process is as follows:

Requirement ID Requirement classification Requirement tag Technical feature ID Technical feature tag

N1

M

Basic function Y1 Vibration

N3 Generalization Y3 Accessibility

N8 Auditory experience Y8 Sound effects

N12 Physical sensation change Y12 Temperature control

N2

O

Safety Y2 Emergency braking

N4 Communication Y4 Multilingual instruction

N16 Scientific analysis Y16 Physiological monitoring

N5

A

Immersive experience Y5 Virtual reality

N7 Multi-scenario Y7 Multi-scenario configuration

N11 Multi-sensory experience Y11 Wind and eain simulator

N15 Portable and mobile Y15 Portable and mobile

Table 4.  Requirement and technical feature mapping.
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	(1)	 Use the HIT Chinese stop words list for data preprocessing.
	(2)	 Utilize the Chinese natural language processing model spaCy for word segmentation and part-of-speech 

tagging. Additionally, perform dependency analysis on the preprocessed text to extract technical features in 
the Noun-Verb-Noun (N-V-N) structure.

	(3)	 Use regular expressions to clean and filter out feature text (e.g., claim, described, including, comprises, a 
kind of, patent number) to make the extracted technical features more precise and concise. In this experi-
ment, a total of 1766 technical features were extracted from 150 patents.

	(4)	 Store the extracted and filtered technical features in Word documents by patent name.

Fig. 4.  Functional requirement coding and patent technical feature extraction process.

 

Fig. 3.  G-HOQ house of quality.
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Digital characterization of functional and technical features
Digitize the extracted patent technical features and earthquake experience platform functional requirement 
features according to the method described in Sect. 2.4. The key processes include: text feature vectorization, 
dimensionality reduction and principal component extraction, and feature digital characterization.

Step 1: Text Feature Vectorization. Use the BERT pre-trained model to tokenize, label, and vectorize the 
earthquake experience platform functional requirements and patent technical features, ultimately representing 
each technical feature with a 768-dimensional vector.

Step 2: Dimensionality Reduction and Principal Component Extraction. Perform principal component 
analysis (PCA) using the PCA method to reduce the dimensionality of the feature vectors according to 
formula (9). Simultaneously, plot the cumulative explained variance graph to identify the number of principal 
components that can explain over 95% of the variance, as shown in Fig. 5. The analysis results indicate that with 
292 dimensions, the cumulative explained variance is 95%. To standardize the shape of the images during digital 
characterization, 300 dimensions were selected as the digital characterization dimension.

Step 3: Digital Characterization of Features. Normalize the dimensionally reduced vectors according to 
formula (10). Use the heatmap function in the Seaborn tool to reshape the dimensionally reduced vectors into 
a 10 × 30 shape and generate a heatmap, completing the digital characterization of the earthquake experience 
platform’s functional requirements and patent technical features. The digital characterization process of 
functional requirements is shown in Fig. 6, and the digital characterization process of patent technical features 
is shown in Fig. 7.

Feature matching and filtering
First, extract features from the digital images of the earthquake experience platform’s functional requirements 
and patent technical features using the method described in Sect. 2.5. Calculate the cosine similarity between the 
features using formula (11), and the results are shown in Table 6.

Next, select the functional requirements and patent technical features with the highest similarity values as the 
best matching results, as shown in Table 7.

ID User requirement description Functional requirement description N-V-NCoding Functional requirement ID

N1

The platform can simulate various intensities and types 
of earthquakes, providing the most realistic experience 
possible.

Simulate earthquakes of varying 
intensities. Platform-simulate - earthquake intensity R1

Simulate different types of earthquakes. Platform-simulate - earthquake type R2

N2

Ensure absolute safety during the experience, 
including emergency stop functions and safety 
protection facilities.

Provide emergency stop function Device - provide - emergency Stop R3

Provide safety protection facilities Device - provide - safety protection R4

Real-time monitoring of safety 
conditions Device - monitor - safety conditions R5

N3

The facility should consider the needs of disabled 
persons, providing accessible entrances and auxiliary 
facilities.

Provide auxiliary facilities Device - provide - auxiliary facilities R6

ConFig. wheelchair access Device - conFig. - wheelchair access R7

N4
Considering users from different countries and 
regions, provide multilingual interfaces and guidance.

Support multilingual interfaces Device - install - multilingual interface R8

Provide multilingual output Device - provide - voice output R9

N5

Add interactive elements such as Virtual Reality (VR) 
or Augmented Reality (AR) technology to enhance the 
immersive experience.

Integrate virtual reality technology Device - integrate - virtual or augmented reality 
technology R10

Provide interactive control interface Device - provide - interactive interface R11

N7
Simulate various earthquake scenarios, such as indoor, 
outdoor, nighttime, and different terrain conditions.

Simulate indoor earthquake scenarios Platform - simulate - indoor earthquake scenario R12

Simulate outdoor earthquake scenarios Platform - simulate - outdoor earthquake scenario R13

Simulate nighttime earthquake scenarios Platform - simulate - nighttime earthquake 
scenario R14

Simulate earthquakes in different terrains Platform - simulate - terrain earthquake scenario R15

Simulate various scene sound effects, such as objects 
hitting, falling, and breaking.

Simulate sound effects of objects hitting, 
falling, and breaking

Device - simulate - impact, fall, break sound 
effects R16

N8 Simulate wind and rain environments.
Simulate wind environment Platform - simulate - wind environment R17

Simulate rain environment Platform - simulate - rain environment R18

N11 Simulate temperature changes. Simulate temperature changes Device - install - temperature control facilities R19

N12
Be portable and mobile, serving users at different 
locations.

Easy device installation Device - install - portable R20

Easy to move and transfer Device - transfer - convenient R21

N15

The platform integrates physiological monitoring 
functions, such as heart rate, blood pressure, 
respiratory rate, and body temperature, to assess 
and predict participants’ state responses during 
an earthquake and provide corresponding coping 
strategies.

Monitor participants’ heart rate System - monitor - heart rate R22

Monitor participants’ blood pressure System - monitor - blood pressure R23

Monitor participants’ respiratory rate System - monitor - respiratory rate R24

Monitor participants’ body temperature System - monitor - body temperature R25

Table 5.  N-V-N coding of functional requirements for earthquake experience platform.
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Construction of the functional model for the earthquake experience platform
Based on the matching results in Sect. 3.5 and the understanding of the original product requirements, construct 
the functional model of the earthquake experience platform, as shown in Fig. 8. The process and explanation of 
the functional model construction are as follows.

First, according to the classification results of functional requirements in Sect. 3.1 and 3.3, R1-R2, R6-R7, R16, 
and R19 are Must-be requirements, which are essential functions. Based on the best matching results in Table 6, 
select an earthquake simulation experience system and method using VR technology (CN202311629779.9)39 
and a six-degree-of-freedom platform for earthquake simulation experience equipment (CN202221992770.5)40 
to achieve R1 simulating the intensity of earthquakes and R2 different types of earthquakes. Choose a tilted 
component from an earthquake escape simulation drill device (CN202122920277.4)41 as the basic structure for 
R6 and R7 auxiliary facility wheelchair access. Select the virtual earthquake disaster scenario optimization method 
from a virtual earthquake rescue drill system patent (CN202111246012.9)42 combined with a temperature 
control device to achieve R19’s function of simulating temperature changes based on the scenario.

Secondly, construct functional prototypes for the One-dimensional requirements R3-R5, R8-R9, and R22-
R25. R3, R4, and R5 belong to the equipment safety protection devices, including emergency stop functions and 
safety protection facilities. Based on the matching results, select the protective devices proposed in the patents 
for an experiential comprehensive safety training facility (CN202021278885.9)43 and a VR real earthquake 
experience device for earthquake museums (CN202120986637.8)44 as the foundation. Choose the interface form 
from a neural network and virtual reality-based multi-scenario earthquake escape drill system for campuses 
(CN202311396237.1)45 as the prototype for R8 and R9 multilingual selection and output. R22-R25 involve 
monitoring the physiological indicators of participants. Since the earthquake experience platform focuses on 
the experiential aspect, precise monitoring of participants’ physiological indicators is unnecessary and can be 
done through the use of smart wristbands.

Fig. 6.  Digital characterization process of functional requirements.

 

Fig. 5.  Cumulative explained variance plot.
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Finally, construct functional prototypes for the Attractive requirements R10-R15, R17-R18, and R20-R21. 
R10-R15 involve the simulation of virtual earthquake scenarios, which can be achieved by using the methods 
described in a virtual simulation-based earthquake scenario simulation and risk avoidance training device 
(CN202321665823.7)46 and an earthquake simulation experience system and method using VR technology 
(CN202311629779.9)38 for scene modeling and simulation. R17-R18, the simulation of wind and rain 
environments, can be achieved by configuring water tanks, fans, and atomizers. R20-R21 can be realized through 
modularization and built-in mobile wheels for easy assembly, disassembly, and mobility of the equipment.

Design and evaluation
Design plan and explanation
To verify the effectiveness of the method, the design scheme was divided into two groups, A and B, which 
completed the design independently. Group A consisted of one designer who used the methods and processes 
described in the paper. Group B served as the control group, composed of three designers who employed 
traditional design processes and methods. The design process for groups A and B was documented, including 
the time taken, sources of information, and product feature settings, for comparative analysis.

The design scheme of Group A is based on the matched patent technical features from Sect. 3.5 and the 
summarized functional architecture of the earthquake experience platform in Sect. 3.6. The design scheme is 
shown in Fig. 9, with the key design points explained as follows:

	(1)	 To provide a more realistic experience and accommodate a wider range of people, the earthquake expe-
rience platform uses a standing experience mode. A six-degree-of-freedom platform is used to simulate 
different types and intensities of earthquakes.

Fig. 7.  Digital characterization process of patent technical features.
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	(2)	 The earthquake experience platform is equipped with temperature control and fan atomization devices. 
The top and sides of the equipment have air vents to simulate changes in environmental temperature and 
weather under different scenarios, providing a multi-modal earthquake experience.

	(3)	 Foam drop simulation blocks are set at the top of the equipment to simulate debris falling during an earth-
quake.

	(4)	 A prominent emergency stop button is located on the left side of the equipment, and semi-enclosed protec-
tive panels and guardrails surround it to provide comprehensive safety protection for participants. Lights 
are set around the top and bottom to simulate environmental changes and create ambiance.

	(5)	 The equipment is equipped with VR glasses, scene simulation screens, and speakers to provide a mul-
ti-scenario, immersive earthquake experience. The control interactive screen is used for equipment control, 
language selection, and instructions.

	(6)	 The equipment is equipped with wristbands to monitor the physiological indicators of participants, provid-
ing assessments and suggestions for psychological responses.

	(7)	 The equipment can be accessed via steps or an accessible ramp, accommodating the needs of special groups.
	(8)	 An adjustable mobile base is set at the bottom of the equipment, making it easy to level and move the equip-

ment.

Group B includes three designs. Designers developed these based on their own experience and understanding 
of the product. The designs are shown in Fig. 10. Design a uses a three-degree-of-freedom platform, a standing 
experience mode, and a step-in entry. It is equipped with VR glasses, and semi-enclosed side panels provide 
safety protection for participants. Design b uses a six-degree-of-freedom platform, a sitting experience mode, 
and is equipped with VR glasses. The low platform design facilitates easy entry and exit for participants. Design c 
uses a low-position vibration platform, making it easy for participants to enter. It provides a standing experience 
mode and is equipped with an LCD screen for playing and switching earthquake scenarios.

Scheme comparison and analysis
By recording and comparing the differences between Group A and Group B design schemes in terms of time 
taken, functional features, and sources of design reference materials (as shown in Table 8), we found that Group 
A completed their design in the shortest time of 18.4 h, while Group B took an average of 24.1 h, significantly 
longer than Group A. The time statistics here cover the period from requirement analysis to the completion of 
the design scheme, but do not include the earlier stages of basic research (case collection, literature review). 

Functional requirements

Patent technical features ...

P1 P2 P3 P4 P5 P6 P7 ... P1766

R1 0.8139 0.9539 0.9732 0.9747 0.9595 0.9355 0.9694 ... 0.8708

R2 0.8108 0.9692 0.9306 0.9677 0.9089 0.9420 0.9754 ...  0.8689

R3 0.8278 0.9724 0.9371 0.9796 0.8774 0.9736 0.9675 ... 0.9074

R4 0.7878 0.9343 0.9852 0.9623 0.9645 0.9190 0.9561 ...  0.8516

R5 0.8079 0.9587 0.9608 0.9802 0.9229 0.9479 0.9642 ... 0.8838

R6 0.7995 0.9319 0.9827 0.9615 0.9484 0.9217 0.9471 ... 0.8619

R7 0.8367 0.9648 0.9527 0.9747 0.9079 0.9653 0.9717 ... 0.9023

R8 0.8235 0.9535 0.9701 0.9775 0.9275 0.9547 0.9611 ... 0.8940

R9 0.7811 0.9161 0.9842 0.9544 0.9572 0.9111 0.9408 ... 0.8545

R10 0.8250 0.9586 0.9649 0.9791 0.9208 0.9556 0.9679 ... 0.9000

R11 0.8417 0.9754 0.9616 0.9863 0.9086 0.9719 0.9737 ...  0.9102

R12 0.8315 0.9643 0.9790 0.9796 0.9549 0.9491 0.9809 ... 0.8921

R13 0.8246 0.9421 0.9861 0.9674 0.9663 0.9324 0.9670 ... 0.8817

R14 0.8047 0.9446 0.9823 0.9661 0.9756 0.9279 0.9698 ... 0.8602

R15 0.8065 0.9589 0.9721 0.9713 0.9549 0.9336 0.9735 ... 0.8725

R16 0.8104 0.9674 0.9510 0.9768 0.9090 0.9647 0.9694 ... 0.8865

R17 0.8117 0.9398 0.9759 0.9618 0.9681 0.9237 0.9623 ... 0.8662

R18 0.7892 0.9225 0.9833 0.9454 0.9795 0.9020 0.9506 ... 0.8423

R19 0.8315 0.9836 0.9521 0.9818 0.9121 0.9605 0.9816 ... 0.8941

R20 0.8550 0.9550 0.9396 0.9720 0.8858 0.9744 0.9613 ... 0.9206

R21 0.8255 0.9641 0.9484 0.9734 0.8851 0.9645 0.9636 ... 0.9041

R22 0.8201 0.9673 0.9446 0.9758 0.8927 0.9546 0.9648 ... 0.8943

R23 0.8464 0.9635 0.9360 0.9741 0.8758 0.9722 0.9626 ... 0.9271

R24 0.8055 0.9677 0.9665 0.9834 0.9243 0.9508 0.9749 ... 0.8815

R25 0.8468 0.9685 0.9460 0.9844 0.8900 0.9671 0.9676 ... 0.9166

Table 6.  Similarity matrix between functional requirements and patent technical features of the earthquake 
experience platform.
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Meanwhile, in the three critical stages of patent NLP feature extraction, digital representation of functional 
features, and image similarity matching, Group A’s solution utilized the pre-set model code described in this 
paper, requiring no complex training or re-modeling. In the comparison of functional features for the earthquake 
experience platform, Group A’s solution exhibited richer features, more closely aligning with user needs, and 
achieved a 23.65% improvement in design efficiency.

In contrast, Group B’s schemes were limited by the designers’ personal understanding and existing product 
cases, resulting in more basic functional designs that lacked One-dimensional and Attractive features.In terms 

Functional 

requirements 

Digitalization of 

functional requirements 

Best matched patent and feature Digitalization of 

technical features 

Similarit

y 

1R  

 

CN202311629779.9 feature_8 

 

0.9921 

2R  

 

CN202221992770.5 feature_10 

 

0.9905 

3R  

 

CN202021278885.9 feature_2 

 

0.9941 

4R  

 

CN202211418681.4 feature_2 

 

0.9934 

5R  

 

CN202120986637.8 feature_8 

 

0.9932 

6R  

 

CN202122920277.4 feature_12 

 

0.9911 

7R  

 

CN202111246038.3 feature_16 

 

0.9930 

8R  

 

CN202311396237.1 feature_4 

 

0.9931 

9R  

 

CN202111330347.9 feature_14 

 

0.9939 

10R  

 

CN202321973312.1 feature_9 

 

0.9929 

11R  

 

CN202321665823.7 feature_6 

 

0.9921 

12R  

 

CN202311629779.9 feature_24 

 

0.9927 

13R  

 

CN202210951051.7 feature_2 

 

0.9920 

14R  

 

CN202311396237.1 feature_1 

 

0.9940 

15R  

 

CN202222821521.6 feature_9 

 

0.9906 

16R  

 

CN202210306113.9 feature_2 

 

0.9930 

17R  

 

CN202022531000.8 feature_4 

 

0.9884 

18R  

 

CN202010515428.5 feature_1 

 

0.9953 

19R  

 

CN202111246012.9 feature_23 

 

0.9905 

20R  

 

CN202111246047.2 feature_29 

 

0.9896 

21R  

 

CN202221206462.5 feature_1 

 

0.9921 

22R  

 

CN201980059524.9 feature_7 

 

0.9919 

23R  

 

CN202123365414.9 feature_6 

 

0.9931 

24R  

 

CN201910690878.5 feature_6 

 

0.9938 

25R  

 

CN202110504187.9 feature_2 

 

0.9908 

Table 7.  Best matching results between functional requirements and patent technical features.
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of sources of design reference materials, Group A not only referred to existing cases but also covered 150 related 
patent documents, while Group B mainly relied on case references. The reason for this difference lies in the 
difficulty of reading and understanding patent documents, and in traditional design practice, the method of 
using patent documents to obtain innovative technology is not yet mature. Most designers have not developed 
the habit of using patents in the early stages of design to seek technical innovation. Typically, in traditional 
design processes, designers encounter patent documents mainly after the technical scheme is completed, to draft 
patent application documents, rather than utilizing patents for innovation at the beginning of the design process.

Scheme evaluation
The fuzzy comprehensive evaluation method47 is used to assess the requirement satisfaction for the four solutions 
from Groups A and B. The evaluation criteria are based on the 11 requirement features of the earthquake 
experience platform proposed in Sect. 3.2. The weight of each criterion is derived from the importance of the 
technical features, and the weights are normalized by summing and applying Formula (12). The evaluation 
criteria consist of four categories (Very Satisfied, Satisfied, Neutral, and Dissatisfied), with corresponding scores 
of 4, 3, 2, and 1, respectively. A total of 63 participants were invited for the evaluation, including 26 designers 
(9 frontline designers and 17 university faculty members and students with backgrounds in industrial design 
and mechanical design) and 46 users. The evaluation criteria system and the evaluation results are presented in 
Table 9.

The overall membership degree is calculated using the fuzzy weighted average method (via formulas 13–14), 
and the comprehensive score of each scheme is obtained using formula (15) and ranked accordingly. The results 
of the comprehensive evaluation are shown in Table 10. According to the maximum membership degree rule, 
the overall evaluation of Scheme A is “Very Satisfied” with a membership degree of 0.457 and a comprehensive 
score of 3.287. The overall evaluation of the three schemes in Group B is “Average.” The evaluation results clearly 
show that the demand satisfaction for Scheme A is significantly higher than that of Group B, thus validating the 
effectiveness and practicality of the design innovation method proposed in this study.

Fig. 8.  Functional architecture of the earthquake experience platform.
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Discussion
Research value
This research proposes a systematic product design method from requirement analysis to design innovation, 
aiming to achieve effective mapping between requirements, functions, and technical knowledge. Based on the 
Kano model combined with grey relational analysis and the House of Quality, the study introduces the G-HOQ 
model for requirement mining, classification, and functional mapping. This method can accurately mine user 
requirements in small sample conditions and reduce subjectivity in decision-making.

Furthermore, to enhance the efficiency and methods for designers in seeking functional and technical 
knowledge during the innovation process, this paper proposes a method based on NLP, digital characterization 
technology, and image similarity algorithms to identify and match technical features from patent literature 
according to requirements. Utilizing the rich resources of patent knowledge for design innovation activities not 

Fig. 10.  Display of group B’s design schemes.

 

Fig. 9.  Display and component description of group A’s design scheme.
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only broadens the sources of innovative knowledge for designers and enriches their design inspiration but also 
allows for the recombination and utilization of the latest technical knowledge in related fields.

Traditional product design methods mostly focus on only part of the design process. In contrast, a systematic 
product design approach ensures that design knowledge is coherent, well-founded, and traceable, reducing 
randomness, uncertainty, and fragmentation of knowledge in the design process. This makes the product design 
process more efficient and purposeful, enhancing design efficiency and innovation levels, thus filling a gap in 
this field.

Limitations of the study
Some limitations of this study and directions for future work are as follows.

	(1)	 The patent technical features extracted from the N-V-N structure using the method have certain accu-
racy limitations, and some results fail to accurately and completely describe the relationships and action 
properties between components. The accuracy of technical feature extraction is a key factor affecting the 
quality of subsequent matching and the effectiveness of design innovation. In the experiment, we used the 
N-V-N structure for patent technical feature extraction, but some of the extracted technical features from 
certain patent documents, such as those from the patent “Transverse and Longitudinal Seismic Experience 
Platform” (CN202220214452.X), include N-V-N features like: feature2 = “when switching to seismic isola-
tion” and feature6 = “directional transverse wave electric cylinder”. From these outputs, it is clear that they 
fail to fully describe the relationships and action properties between components. There are three main 
reasons for this issue: first, the complexity of Chinese patent corpora, where long sentences, ambiguity, and 
industry-specific terms may cause key information to be lost during the word segmentation and sentence 
splitting stages. Second, the limitations of the text preprocessing strategy, which may be influenced by the 
rules of word segmentation, sentence splitting, and regular expression filtering during text preprocessing, 
leading to the omission of certain key verbs or nouns. Third, the insufficient contextual understanding of 
semantic models. Currently, the N-V-N extraction method only focuses on sentence-level semantics and 
fails to fully capture the implicit logic within technical features. Additionally, the complexity of the Chinese 
patent corpus structure and the aim for simplified expression of the patent technical feature recognition 
results in the experiment are also direct contributing factors.

	To assess the accuracy of technical feature extraction, we extracted 1,766 technical features from 150 patents, 
of which 1,525 were valid features, 241 were inaccurate, resulting in a usability rate of 86.35%. This indicates 
that, although the extraction of technical features is not completely accurate, it still holds significant academic 
and practical value overall.

	Therefore, future research should expand the contextual relationships within the N-V-N structure and develop 
patent technical feature mining techniques that are more aligned with cognitive understanding, in order to 
improve the accuracy and reliability of feature extraction.

	(2)	 Experimental results indicate that the proposed method achieves the matching of requirement features 
with patent technical features, significantly improving the efficiency of designers in reviewing and under-
standing patent technical documents, and gaining insights into the technical status and innovations in 
relevant fields. Additionally, it stimulates design innovation through external design knowledge. However, 
the matching results should not be directly used as the sole standard for technical innovation. Currently, the 
method requires designers’ experience for technical selection, evaluation, and reorganization based on the 
identified matching results. Future research will incorporate AI tools to provide design scheme suggestions 
based on matching results, enhancing design efficiency and innovation.

	(3)	 The functional requirement coding process involves subjective elements influenced by the coder’s design 
experience and understanding of the coding implications. Different coders may have varying interpreta-
tions of the same task, affecting subsequent technical feature matching results. However, considering design 
diversity and the non-uniqueness of innovation, this difference preserves the diversity of design schemes, 
enriching the technological routes for design innovation.

ID
Time taken 
(h)

Functional features

Design 
referencesSimulation platform

Multi-scenario 
+ VR

Multi-modal 
experience

Emergency 
protection

Equipment 
mobility Accessibility design

A 18.4 Six degrees of freedom Y Y Y Y Y Cases 
patents

B
(a) 21.5 Three degrees of freedom Y N N N N Cases

B
(b) 27.6 Six degrees of freedom Y N N N N Cases

B
(c) 23.2 Low-position vibration N N N N N Cases

Table 8.  Comparison of design scheme features.
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ID Evaluation criteria Explanation of evaluation criteria hj W

Evaluation comments and count results

Very satisfied Satisfied Average Dissatisfied

A

Y1 Basic function 61.440 0.1113 43 17 3 0

Y2 Generalization 43.945 0.0796 34 26 2 1

Y3 Auditory experience 44.435 0.0805 15 37 9 2

Y4 Physical sensation change 45.615 0.0826 47 11 5 0

Y5 Safety 48.767 0.0883 35 26 2 0

Y6 Communication 50.946 0.0923 15 33 10 5

Y7 Scientific analysis 56.903 0.1031 19 29 12 3

Y8 Immersive experience 49.927 0.0904 35 24 2 2

Y9 Multi-scenario 46.708 0.0846 29 33 1 0

Y10 Multi-sensory experience 49.429 0.0895 32 26 5 0

Y11 Portable and mobile 53.881 0.0976 13 22 19 9

ID Evaluation criteria Explanation of evaluation criteria hj W
Evaluation comments and count results

Very Satisfied Satisfied Average Dissatisfied

B-a

Y1 Basic function 61.440 0.1113 39 11 10 3

Y2 Generalization 43.945 0.0796 3 21 30 9

Y3 Auditory experience 44.435 0.0805 9 27 14 13

Y4 Physical sensation change 45.615 0.0826 7 10 36 10

Y5 Safety 48.767 0.0883 7 10 35 11

Y6 Communication 50.946 0.0923 0 9 39 15

Y7 Scientific analysis 56.903 0.1031 0 3 43 17

Y8 Immersive experience 49.927 0.0904 20 19 23 1

Y9 Multi-scenario 46.708 0.0846 28 18 14 3

Y10 Multi-sensory Experience 49.429 0.0895 10 12 29 12

Y11 Portable and mobile 53.881 0.0976 1 9 39 14

ID Evaluation criteria Explanation of evaluation criteria hj W
Evaluation comments and count results

Very satisfied Satisfied Average Dissatisfied

B-b

Y1 Basic function 61.440 0.1113 33 15 14 1

Y2 Generalization 43.945 0.0796 5 15 32 11

Y3 Auditory experience 44.435 0.0805 13 23 18 9

Y4 Physical sensation Change 45.615 0.0826 16 15 20 12

Y5 Safety 48.767 0.0883 9 17 28 9

Y6 Communication 50.946 0.0923 2 18 30 13

Y7 Scientific analysis 56.903 0.1031 4 11 34 14

Y8 Immersive experience 49.927 0.0904 23 14 21 5

Y9 Multi-scenario 46.708 0.0846 24 20 17 2

Y10 Multi-sensory Experience 49.429 0.0895 4 14 35 10

Y11 Portable and mobile 53.881 0.0976 2 13 37 11

ID Evaluation criteria Explanation of evaluation criteria hj W
Evaluation comments and count results

Very satisfied Satisfied Average Dissatisfied

B-c

Y1 Basic function 61.440 0.1113 19 21 19 4

Y2 Generalization 43.945 0.0796 11 18 26 8

Y3 Auditory experience 44.435 0.0805 9 21 27 6

Y4 Physical sensation change 45.615 0.0826 8 13 29 13

Y5 Safety 48.767 0.0883 6 11 33 13

Y6 Communication 50.946 0.0923 5 16 34 8

Y7 Scientific analysis 56.903 0.1031 0 2 42 19

Y8 Immersive experience 49.927 0.0904 2 7 25 29

Y9 Multi-scenario 46.708 0.0846 15 17 23 8

Y10 Multi-sensory Experience 49.429 0.0895 1 6 43 13

Y11 Portable and Mobile 53.881 0.0976 6 12 38 7

Table 9.  Scheme criteria system and evaluation count results.
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	(4)	 The patent technical feature recognition method proposed in this paper is primarily aimed at Chinese pat-
ent literature and has not yet been validated for its applicability to international patent literature. Due to 
differences in language, structure, and expression conventions between domestic and international patent 
literature, the effectiveness of this method in international patent documents has not been evaluated. There-
fore, the generalizability of the method still needs further validation. In future research, we will conduct an 
in-depth exploration of this limitation and assess the applicability of this method in international patent 
literature, specifically focusing on aspects such as the accuracy and usability of technical feature extraction. 
Although the method has not been validated in international patent literature, it still possesses potential 
cross-lingual applicability from a theoretical perspective for the following reasons:

Firstly, the BERT model used in this paper has a multilingual version that supports semantic representation 
in multiple languages, making it applicable to international patent literature. Secondly, the N-V-N structure 
is highly universal as a functional description framework, with its core logic (noun-verb-noun relationships) 
independent of any specific language, thereby offering strong cross-lingual applicability. Thirdly, the universality 
of text preprocessing, such as tokenization, stopword filtering, and normalization rules, can be adapted for 
different languages (e.g., English tokenization tools and stopword lists can be used for English), making the 
method adaptable to patent literature in different languages.

Therefore, although the effectiveness of the method has not yet been validated in international patent 
literature, its core logic demonstrates good scalability and lays a foundation for future research on adapting the 
method to international patent literature.

Conclusion
This study proposes a method that combines Kano, GRA, QFD, PCA, and NLP for the digital characterization 
and intelligent identification and matching of functional requirements and patent technical features. This method 
achieves effective mapping between requirements, functions, and technical knowledge, providing a practical and 
systematic approach for product design innovation.

Firstly, this study integrates GRA to improve the QFD method and proposes the G-HOQ functional mapping 
and technical feature correlation analysis method. This approach avoids subjective interference in small sample 
scenarios and provides weights and indicators for design evaluation. Secondly, the study constructs an N-V-N 
technical feature extraction structure and applies NLP, the BERT model, PCA, and cosine similarity algorithms 
to propose a design innovation method for intelligent extraction, visualization, and matching of patent technical 
features. This method enables the rapid and effective identification of technical features that meet product 
functional requirements from patent documents, thereby enhancing design innovation efficiency and the 
intelligent design level of product technical solutions. Finally, the feasibility and effectiveness of the method 
were comprehensively validated through the design and evaluation of the earthquake experience platform. The 
results indicate that this method significantly reduces the difficulty for designers in reviewing and understanding 
patent technical documents, expands the sources of design knowledge, and provides ample inspiration for design 
innovation. Additionally, the proposed method can offer designers intelligent means for technical innovation and 
access to technical resources, thus facilitating efficient, scientific, and high-quality design innovation activities.

Data availability
Data availability statement Data associated with the study has not been deposited into a publicly available repos-
itory and data will be made available on request. For research inquiries, please contact the author Jianwei Yang 
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