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ABSTRACT ARTICLE HISTORY
Industrial designers often present their initial concepts as design Received 25 May 2020
sketches. Rapid creation of new product conceptual images that Accepted 6 May 2021
meet users’ affective preferences remains challenging in real design KEYWORDS
epvironmer)ts._Howe\{er, fevy pubI[shed Wprks in affective design deep learning; PCGA-DLKE;
directly assist industrial designers in creating product conceptual Kansei engineering; PD-GAN;
images. ThUS, we propose a product concept generation approach product concept generation
framework based on deep learning and Kansei engineering (PCGA-

DLKE) to assist industrial designers. Our work focuses on dataset col-

lection, pre-processing, affective preferences recognition, concep-

tual image generation model and product style transfer networks. To

mark users’ affective preferences, we established an affective recog-

nition model by Kansei engineering and deep convolutional neu-

ral networks. To address the product conceptual image generation

problem, we proposed a product design GAN model (PD-GAN), gen-

erating product conceptual images with affective preferences. An

improved fast neural style transfer network was successfully trained

to meet users’ style preferences. This study aims to assist industrial

designers in finding innovative concepts with affective preference.

The Kansei evaluation shows that the innovation of the new product

concept has been enhanced, indicating that the approach can better

assist industrial designers in creating designs that meet users’ emo-

tional needs. Hand drill design and bicycle helmet design are taken

as a case study.

1. Introduction

Nowadays, consumers are not only concerned with the functionality and reliability of a
product, but they are also concerned with product emotions related to the feelings and
impressions of the product, such as form, texture, colour and style (Yanagisawa and Fukuda
2005). People’s demands are have become diversified, especially with the rapid progress
of technology, emotional needs have become more prominent. Simultaneously, for enter-
prises, the era of gaining a competitive advantage by focusing only on product functions
has passed (Khalid 2006). Enterprises need to consider the consumption preferences of

CONTACT Jianning Su € sujn@lut.cn

© 2021 Informa UK Limited, trading as Taylor & Francis Group
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users and consumers, especially emotional needs (Kwong et al. 2013). Products need to
appeal to users and customers on an affective level to succeed in the highly competitive
market (Chan et al. 2020). Therefore, affective design becomes the key point in the product
upgrade process.

However, most of the initial concepts of product design are designed by industrial
designers to explore the design direction through the hand-painted conceptual image pat-
tern, which is a design pattern of personal introspection (Self 2019). This design process
operates entirely in a black box by the designer’s brain (Sutera, Yang, and Elsen 2014). This
traditional design pattern is difficult to capture the emotional preference needs of users and
consumers quickly. Therefore, how to quickly and effectively create conceptual images of
products that meet consumer’s emotional needs is a challenge for industrial designersin a
competitive design environment. In this study, we propose a product concept generation
approach framework based on deep learning and Kansei engineering (PCGA-DLKE).

Kansei engineering is widely used as a quantitative analysis method of new product
affective design and development. It has three core tasks: affective modelling, determi-
nation of design elements settings, and design execution, that is, conceptual generation
(Nagamachi 1995). Many previous researches mainly focused on the first two. Reviewing
related literatures, we find that there are three types of concept generation methods. The
first type concerns algorithm or data-driven design generation. A small number of investi-
gations developed a specialized design tool in the case study, but they cannot be used as
general-purpose tools. For example, Chen et al. developed a 3D knife design tool based
on Kansei engineering and Visual Basic software (Chen and Chang 2014). Big-data min-
ing brings new challenges and opportunities for designer’s idea generation. For example,
Liu et al. proposed data-driven concept network-assisted design concept generation (Liu
etal. 2020). Second, generate a new design scheme using 3D software. Guo et al. (2014), for
example, used Rhino to create a digital camera scheme after the Kansei engineering mole
was determined. Third, design sketches show the results of Kansei engineering. For exam-
ple, the case in (Chen, Yeh, and Lin 2010) shows chair design sketches drawn by a product
designer base on design elements determined by Kansei engineering. These three meth-
ods lack continuity with the first two core tasks in Kansei engineering. Because the design
schemes are not directly generated by Kansei engineering. This shows that concept gen-
eration is a shortcoming of Kansei engineering. Such a short board can easily lead to the
separation of design research and design practice in the implementation process.

Over the past few years, deep learning technology, such as deep convolutional neural
networks (DCNN), have made breakthroughs in many fields, for instance, computer vision,
autopilot, Medical Science and games (Hadji and Wildes 2018). These efforts have resulted
in new state-of-the-art performance on a wide range of classification (Krizhevsky, Sutskever,
and Hinton 2017) and regression tasks (Eigen and Fergus 2015). In industrial design, Pedro
et al. (2018) proposed using CNN to evaluate the usability of a product, and a case study
using a thermostat as an example for rapid product evaluation and development. Pan et al.
(2017) used a scalable deep learning approach to predict and interpret customer aesthetic
perceptions of heterogeneous market design attributes, and used automotive aesthetic
perceptions as a case study. However, the model constructed lacks explanations for the
aesthetic perception of the heterogeneous market. Wang, Mo, and Tseng (2018) proposed
an affective modelling approach based on deep learning techniques that automatically
correlate customer needs with product design parameters. Besides, the invention of the
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Generative Adversarial Networks (GAN) (Goodfellow et al. 2014) has breathed new life into
the innovative design of the product. Kim et al. (Kim et al. 2017) used GAN to implement
the cross-domain generative design, which improves the associative innovation capability
of an aided design system. Chai et al. (2018) proposed a GAN-based automatic colour-
ing model for footwear design sketches, but their model lacks consideration of consumer
affective preferences. Chen et al. (2019) proposed a visual concepts combination model
of the GAN model consisting of a double discriminator for product conceptual innova-
tion, but their model almost ignores the functionality of the product. Quan, Li, and Hu
(2018) proposed a combined deep learning and Kansei engineering method for product
style transfer that can automatically generate a new scheme with a specific style, but this
approach simply changes the style of the product and does not create a new product form.
In addition, the recognition and prediction of product affective preferences is a key issue in
Kansei engineering research (Nagamachi 1995; Quan, Li,and Hu 2018; Wang, Mo, and Tseng
2018). Traditional machine learning methods, such as SVM and Multi-Layer Perceptron, are
unable to recognise the affective preferences of the products at the level of overall visual
perception as humans do.

To overcome the above problem, we proposed a product concept generation approach
framework based on deep learning and Kansei engineering (PCGA-DLKE). This framework
benefits for applying computer-aided design and creation and realizes the integration of
creativity and inspiration.

The success of deep convolutional neural networks in the field of image recognition such
as Alex-Net (Krizhevsky, Sutskever, and Hinton 2017), VGG-Net (Simonyan and Zisserman
2015) reminds us of the recognition of product affective preferences in affective design.
While the invention of GAN (Goodfellow et al. 2014) shocked us, we saw its great potential in
design. The style transfer network (Gatys, Ecker, and Bethge 2015) reborn Van Gogh'’s style,
which aroused widespread concern in academia and industry. This also prompted us to
imagine the space of product style. In short, these works inspired our passion for developing
research into product design applications.

This paper proposes a framework model that produces product concept design for
an industrial designer to inspire innovation. We propose a relatively complete product
concept image generation framework based on deep learning technology and Kansei
engineering.

Our contribution can be described as three points of innovation: (1) An integrated
approach (PCGA-DLKE), which combines Kansei engineering and deep learning techniques,
is proposed for innovation concept generation, to improve the product conception design
process efficiently. It has three core modules. A product affective preferences recognition
module, based on the modified deep residual networks and Kansei engineering. A valid PD-
GAN algorithm framework for product conceptual image generation and a suitable PD-GAN
model based on DCGAN and Residual Networks. We propose using the fast-neural style
transfer technique for a new generative product by reconstructing and merging the style
image’s pattern features. We also improved the structure of the original fast-neural style
transfer networks with more robust feature transfer capability. (2) Previous studies generate
a limited space for conceptual designs. In this paper, our approach framework gener-
ates many innovative conceptual designs with affective preferences and rapidly changes
the style features of the generated solutions. (3) We applied the proposed PCGA-DLKE
framework to the hand drill and bicycle helmet creative concept generation problem to
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demonstrate the value of our method. Experiments demonstrate the innovative design
potential of the methodological framework to improve affective design efficiency through
an end-to-end learning approach.

The rest of this paper is organised as follows. In Section 2, we firstly present the overall
research framework. Next, we describe the product image data preparation, affective pref-
erences recognition and label estimation, product design generative adversarial networks
(PD-GAN), and product style fast-neural style transfer networks (PS-FNSTN). In Section 3, an
empirical case is given to verify the proposed framework for an industrial designer, and the
related experimental results are shown. Finally, discussion, conclusions, and future work are
given in Sections 4 and 5.

2. Methods
2.1. Research framework

In order to exploit artificial intelligence (Al) for innovative conceptual design, we propose
a generative approach to the product concept image, the PCGA-DLKE based on deep con-
volutional neural networks, deep convolutional generative adversarial networks and fast
neural style transfer networks model. As shown in Figure 1, the PCGA-DLKE framework
contains four parts. In part 1, product image data crawling and a series of image data pre-
processing. Step A of data preparation aims to obtain the original data of the target product.
In this step, crawler technology crawls the product pictures from the target websites, and
the design team draws the concept image. Step B involves the pre-processing of the orig-
inal data, aiming to obtain a clean image data set. Based on this module, we can obtain a
clean and uniform productimage dataset. In part 2, Kansei engineering (KE) and deep resid-
ual networks are used for label estimation of product images. In part 3, we use a variant of
vanilla generative adversarial networks (named PD-GAN) to create a newer product design
that meets user and customer’s affective needs. In the last part, the style transfer technique
is applied to extend the affective domain of the product. Because we applied the fast-neural
style networks method to product images, we named it PS-FNSTN. By trained the VGG-19
(Simonyan and Zisserman 2015) model, we can turn the contentimage and styleimageinto
a stylised image, which is generated entirely new product.

2.2. Productimage data preparation

Data is one of the three critical components (big data, computing power and algorithms)
of artificial intelligence. High-quality image dataset is indispensable for successful image
generation. Currently, there are few dedicated open-source product images dataset for
training image generation models. Previous works (Jin et al. 2017; Mattya 2015) have shown
that images crawled directly from the web have high inter-image variance and noise. To
obtain high quality, clean product images dataset, we proposed an efficient operation that
includes two parts. In the first part, we obtain the original product images data through
the web crawler and the work of the design team. The design team can only draw a lim-
ited number of product images. Therefore, the original images data are mainly captured
from the object web pages through web crawlers. We found the Bing search engine to be a
practical tool for collecting product images. To collect more object images, it is important to
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constantly change search keywords for web crawlers and continuously update the landing
page. In the second part, we need to perform some series of pre-processing on the origi-
nal images, including image filter for selecting good images, pixel pre-treatment, uniform
in size, data augmentation, and image noise reduction. During image data pre-processing,
we found that three tools can provide effective auxiliary functions. They are Easy Image
Modifier, Vector Magic, Photoshop and Easy Photo Denoise, as shown in Figure 2. Vector
Magic and Photoshop can be used together to enhance image quality. The combination
of Easy Image Modifier and Photoshop can be used to achieve data augmentation. We did
not use any data augmentation techniques provided by deep learning frameworks (e.g.
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Figure 4. 5-point semantic differential scale for the online questionnaire.

PyTorch and TensorFlow), as we found that they often lead to incomplete product images.
This is not good for subsequent affective preference recognition and product image gener-
ation. To obtain a clean image, image noise reduction is necessary. In this study, Easy Photo
Denoise is used for image noise reduction.

2.3. Affective preference recognition and label estimation

According to Figure 3, the proposed approach to label estimation consists of two mod-
ules: separately affective evaluation data collection and product affective preference
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recognition. this section gives a detailed introduction to the method of affective preference
labels estimation.

Affective evaluation data collection of the product includes collecting product images
from various websites, which is taken from the first part of the approach framework and
Kansei words collection and web questionnaires. This affective evaluation data collection
process aims to build the data onto users and customers’ Kansei evaluations. The product
affective preference recognition includes data splitting and a training process of the deep
convolutional neural networks. It uses the dataset collected from the last step to train the
deep learning models of the product features and affective preference labels (that is Kansei
labels). The network is continuously updated with the growth of data. Lastly, the affective
preference recognition application involves applying the PAR-ResNet to help designers
estimate the types of users’ affective preference and label automatically for the product
image.

2.3.1. Affective evaluation data collection

The data used for affective evaluation includes product image sample data (image
database) and corresponding affective preference labels (Kansei database). Product image
sample data can be randomly extracted from the image data collected in the previous step.
The affective preference labels in the second part can be obtained from the Kansei words.
Because Kansei words are usually adjectives that describe people’s emotions and feelings,
and are widely used in design research and practice.

Affective preferences collection. Generally, the acquisition of affective preferences in
design research and practice requires two steps. First, the extensive collection of Kan-
sei vocabulary. Kansei words usually use adjectives, an expression channel that intuitively
reflects people’s emotions and feelings about the product. They can be collected through
various channels, such as magazines, academic paper, product test reports, product manu-
als, expert reviews, user opinions, web reviews and customer interview (Chou 2016). In this
study, we collect Kansei words from related academic literatures and the internet. Second,
clustering all collected Kansei words result in affective preference attributes. This process
is called affective clustering. Currently, there are three Kansei clustering methods that are
frequently used in an affective design, which are the clustering method based on fuzzy
equivalence relation (Chou 2016), the Kansei clustering method based on a design struc-
ture matrix (DSM) (Huang, Chen, and Khoo 2012), the rough set-based clustering method
(Zhai, Khoo, and Zhong 2009). In this study, we used the methods and steps proposed by
Li et al. (2018), and hand drills are selected to conduct the case study. There was a similar
study about battery drill used 25 adjectives as Kansei words, and cluster analysis (Grimsaeth
etal.2010).

Questionnaire construction. Because the internet and smartphones have become an
integral part of people’s lives, such as online office, online learning and online shopping, it
is natural to save time and labour by performing surveys online traditional surveys. Besides,
what excites us most is that the speed of data update online surveys is unmatched by
traditional surveys. Consumers’ and user’s affective responses obtained through online
questionnaires are more authentic than conventional surveys. We used the determined
affective preference tags and product images to construct an online questionnaire based
on the semantic differential. Semantic differential, proposed by Osgood, Suci, and Tan-
nenbaum (1957), an American psychologist, is a user-centric design technique commonly
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used to obtain consumer affective scores for products. This study uses the 5-point seman-
tic differential scale for quantifying consumers and user’s affective preferences. As shown in
Figure 4, from 1 to 5, each point represents a preference level of the customers and users.
For instance, 1 and 5 represent a pair of bipolar adjectives, while 3 represents a medium
level. Finally, the user Kansei evaluation data set was obtained through online surveys.

2.3.2. Affective preferences recognition

Essentially, the product affective preferences recognition is a classification problem.
Obtaining the user evaluation Kansei evaluation data set, we use a deep learning algorithm
to model the relation between product (images) and consumers’ and users’ affective
preferences tags.

Deep learning, especially deep convolutional neural networks (CNNs), has been widely
used in image recognition (Krizhevsky, Sutskever, and Hinton 2017; Simonyan and Zis-
serman 2015). Because of their ability to hierarchically abstract representations with local
operations (Hadji and Wildes 2018). Many experiments have proved that CNNs can extract
the identifiable overall features of the images through local receptive fields, weight
sharing and local down sampling (Dong et al. 2014). More and more network architec-
tures with high representation capabilities have been proposed and refreshed the image
recognition records again and again, for example, LeNet (Lecun et al. 1998), Alex-Net
(Krizhevsky, Sutskever, and Hinton 2017), VGG-Net (Simonyan and Zisserman 2015), Goole-
LeNet (Szegedy et al. 2015) and ResNet (He et al. 2016). In this study, we used a modified
ResNet18 as the affective preferences recognizer, namely PAR-ResNet. Therefore, more new
productimages can be automatically recognised by the trained model and labelled with the
affective preference tags. Since it is a classification problem, we use the cross-entropy loss
function to evaluate PAR-ResNet.

m

1 . . ,
L(0)pAR-ResNet = — (E) > loghg(x?) + (1 —yP)log(1 — hy(x"))] (1)
j=1

The architecture of par-resnet will be presented in Section 3.2, the recognition accuracy
is measured by the confusion matrix, which is calculated by Equation (2):
TP+ TN

accCuracypataset = TP+ TN + FP + FN (2)

where, TP is True Positive, TN is True Negative, FP is False Positive and FN is False Negative.

2.4. Product design generative adversarial network

Generative Adversarial Networks (GANs) is a hybrid generative model whose core idea
comes from the two-person zero-sum game in game theory (Goodfellow et al. 2014). The
basic GAN model consists of two networks: A Generator and a Discriminator. Sampling ran-
dom variable z from a probability distribution P, (for example, Gaussian) as input to the
Generator G, through a nonlinear mapping of G, output signal G(z). The discriminator D
takes G(z) or x as input, and determines whether the input data comes from real data or
generated data by calculating the probability that it belongs to real data. Specifically, the
original GAN adopts the adversarial learning strategy to train G and D, so that the training
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objectives of the two are opposite. Mathematically, the goal of GAN can be expressed as

m(;n mgx V(D, G) = Ex~p . x)[10g D(X)] + Ezp,z)[log(1 — D(G(2)))] (3)

In Equation (3), the discriminator D tries to maximise the log likelihood function from real
data. Meanwhile, it also minimises the log likelihood function from fake data generated by
generator G. In contrast, the goal of G is to minimize the log-likelihood function and make
the distribution Pg of G(z) approach the distribution P44, of real data. The discriminator D
is the object deceived by generator G.

Although Goodfellow et al. (2014) have theoretically proved the convergence of the
GAN model. However, in practice, GANs still has problems such as training instability,
mode collapse, convergence difficulties, difficulty inaccurate control of generated content
(Arjovsky and Bottou 2017). Therefore, different architectures, loss functions, conditional
techniques and constrain methods were introduced, easing the convergence of GAN mod-
els. In improving the architecture of networks, such as Deep Convolutional GAN (2016)
(Radford, Metz, and Chintala 2016), Deep Regret Analytic GAN (2017) (Kodali et al. 2017),
PGAN (2018) (Karras et al. 2018) and Big-GAN (2019) (Brock, Donahue, and Simonyan 2019).
In terms of improving the loss function, such as Least Squares GAN (2016) (Mao et al. 2017),
Wasserstein GAN (2016) (Arjovsky, Chintala, and Bottou 2017) and Boundary-Seeking GAN
(2018) (Hjelm et al. 2017). In terms of improving the conditional techniques, such as Condi-
tional GAN (2014) (Mirza and Osindero 2014), Auxiliary Classifier GAN (2016) (Odena, Olah,
and Shlens 2017), Triple GAN (2017) (Li et al. 2017) and Style GAN (2019) (Karras, Laine,
and Aila 2019). Unfortunately, there is currently no comprehensive comparative study of
GAN models. However, we can always make the right choice since no free lunch theorem
in machine learning and considering the reality of industrial product design.

In this paper, we choose DCGAN (Radford, Metz, and Chintala 2016) as the basic GAN
model. We have three reasons: First, the number of images of the same product in real world
is limited, for example, the number of hair dryers is far less than the number of faces. Sec-
ond, the network architecture should not be too complex because of the limited amount of
data. The parameters that need to be calculated for a complex network structure will also
increase dramatically. Third, the model must be easy to train. Besides, the work of Mattya
(2017) and Elgammal et al. (2017) also shows that DCGAN'’s generation ability is excellent.
In our experiments, we successfully train the PD-GAN model based on ResNet (He et al.
2016) and DCGAN (Radford, Metz, and Chintala 2016). Figure 5 shows an overview of our
PD-GAN algorithm framework. The architecture of the generative network will be presented
in Section 3.3.

The discriminator model needs to determine whether each sample is true or false, and
it also needs to complete to a categorisation task to predict affective preference type ¢ by
adding an auxiliary classifier. Thus, the loss function of the discriminator is described as
following:

Lady(D) = —Ex~p,,,,x)[109 D(X)] — Ez~p, (z),nc~Ppc(nc) [109(1 — D(G(z, nc)))] (4)
Les(D) = ]EXNPdam(x) [logPp(cx|x)] + Ez~P,(z),nc~Ppc(nc) [logPp(nc|G(z, nc))] (5)
Lgp(D) = Exepe o [(1 VD3O Il2 — 1)°] (6)

where the term Ly, from DRAGAN (Kodali et al. 2017).
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For the generator model, the loss function is as follows:

Ladv(G) = Ezp,(z).nc~Ppe (ne)[109(D(G(Z, nc)))] (7)
Lcs(G) = Ez~p,(z),nc~Pnc(nc) [Pp(N€|G(Z, NC))] (8)

Summarily, the loss function of PD-GAN can be expressed as the following two simple
expressions:

L(D) = »Cadv(D) + ,B»CCIS(D) + )‘»Cgp(D) 9)
E(G) = £adv(G) + IB‘CC/S(G) (10)

where 8 and A are balance factors for the adversarial loss and gradient penalty, respectively.

2.5. Fast neural style transfer network

Style transfer is also called style conversion. The intuitive analogy adds a filter to the input
image, but it is different from traditional filters. Generally, style transfer uses a convolutional
neural network to automatically apply styles from one image to another. A content image
and a style image are used to create an output image whose ‘content’ mirrors the content
image and whose style resembles that of the style image (Gatys, Ecker, and Bethge 2015). In
contrast to Neural Style, Fast Neural Style has designed a network specifically for style trans-
fer. When inputting a picture, the network automatically generates the target picture in real
time (Johnson, Alahi, and Fei-Fei 2016). This network needs to train a corresponding style
network for each style image, but once the training is completed, it only takes 20s less to
complete a style transfer. This is well suited to early product concept design needs and helps
designers quickly experiment with different styles in order to make the right judgment.
The network structure of a fast-neural style consists of two parts: an image transformation
network fw (that is generative network) and a loss network ¢. Figure 6 shows a structural
overview of our fast-neural style transfer network, in other words, generative network on
the left and loss network on the right. The former is the network we need to train, the latter
is a trained network. We utilised the ‘Encoder-IN-Decoder’ architecture. The architecture of
the generative network is presented in section 3.4.

The transform network fw takes a content image ¢ and a style image s as inputs and
synthesises an output image that recombines the content of the former and style of the
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Figure 6. Fast style transfer model for product design. Left: style transfer network. Right: loss network.

later. In the task of style transform, x is the inputimage, y. = x, y is the style image. For the
input image x, fw can return a new image y, so fw is naturally the style transform network
we want to design. y is similar to y, in content, but is similar to y. in style. Generally, the
loss network can be used to calculate visual features and style features without training.
In this study, we used VGG-19 (Simonyan and Zisserman 2015), which has been trained on
the ImageNet dataset. The choice of content presentation layer and style presentation layer
is derived from the literature (Luan et al. 2017). Therefore, all three (y, y and y) are input
into the loss network ¢, and corresponding losses (including content loss and style loss) are
generated. In this way, we can get ideal style images by end-to-end training.

The contentloss is the (squared and normalised) Euclidean distance between the stylised
image and the original image:

. R ‘I R
LY @Y = =116, — $;¥ I3 (1)

CiH;W;
where C;H;W; is the shape of the feature map. According to our definition of style percep-
tion, the style loss can be simply understood as removing the spatial information and fusing
the feature response of each channel. The style loss is the squared Frobenius norm of the
difference between the Gram matrices of the output and target images:

— 1 R
L5159 = g 167 ) = 6wl (12

The loss function that is ultimately used for training is weighted sum of content loss and
style loss.

Leotal = 0L went 9.¥O) + BLY .G,y + v Lo ) (13)

where Lot/ is the loss function, « is the weight of the content loss, 8 is the weight of the
style loss, L, (y) total variation regularizer, and y is total variation weight.

3. Empirical study

In this paper, two case studies of generating hand drills and bicycle helmets were con-
ducted to verify the proposed framework’s practicality and effectiveness. It had the fol-
lowing steps: (1) Data collection and data pre-processing. To obtain a clean dataset, we
pre-processed the messy raw data by web crawler using a series of the combined steps
and methods. (2) A modified ResNet18 (PAR-ResNet) was trained to identify the type of
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Figure 7. Example of a Bing Search Web page search hand drills.

affective preference of the target product. (3) The PD-GAN model based on DCGAN and
residual blocks was trained to generate new product images and evaluate them. (4) A mod-
ified fast neural style transfer networks (PS-FNSTN) was trained to transfer the style of the
new product concept image.

Our PCGA-DLKE framework was developed using Python. Comprehensively, PAR-
ResNet, PD-GAN, PS-FNSTN were built using the Python language along with Python
modules such as PyTorch, TorchVision, TorchNet, Torchsummary, Visdom and NumPy. All
experiments were run on a YunXuan workstation (YunXuan Inc., Shanghai, China) with Intel
i7-9700K and RTX2080 8G (double) and Ubuntu 18.04. operating system.

3.1. Image data preparation

It is well known that an image dataset in high quality is essential, if not most impor-
tant, to the success of product concept image generation. However, it is not easy to get
enough product pictures. Our collection of images is based on the approach mentioned
in Section 2.2. First, some of the product images are crawled from a web page provided
by the Bing search engine using a web crawler tool, and others are crawled from Ama-
zon.com, JD.com and Taobao.com. For example, the results of the Bing search are shown
in Figure 7. Table 1 lists the keywords and samples we used in the process of searching
for hand drill images. Second, we manually check all product images and remove unde-
sired images. It should be noted that we do not use a hammer drill as a search keyword.
Thus, there are no hammer drill images in our dataset. Third, we used Easy Image Mod-
ifier for image filtering, format conversion (x.jpg), standard size (resolution: 256 x 256,
128 x 128). The combination of Vector Magic and Photoshop was used to improve pixel
quality. Easy Photo Denoise was used for image noise reduction. Easy Image Modifier and
Photoshop were combined for data augmentation technology (random colour and image
flipping). Finally, we harvested 18,285 images of hand drills (i.e. hand drill dataset, named
HD dataset) and 15,456 images of bicycle helmets (i.e. bicycle helmet dataset, named BH
dataset).
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Table 1. The list of search keyword for hand-held electric tools.

Sample picture  Search keyword ~ Sample picture Search keyword Sample picture Search keyword

‘ Hand Drill i Power Dirill «T Electric Drill
- = 1 .
"‘ Cordless Drill Battery Drill 1 Electrical Drill
‘ Cord Drill ﬁ Automatic Screwdriver ”k'(% Electric Screwdriver

3.2. Product affective recognition and labelling

=

3.2.1. Affective evaluation data

The procedure for obtaining affective evaluation data uses the approach proposed in
Section 2.3. The data consists of two parts: image database, that is hand drill images and
Kansei database, that is affective preference labels data. In this study, 840 hand drills are
randomly selected from the previous hand drill image dataset.

Table 2 shows the collected Kansei words and Kansei labels (i.e. affective preference
labels). We collected 168 Kansei words from the existing literatures and online shop reviews.
We referred to the method mentioned in (Li et al. 2018) to cluster and optimise the Kan-
sei words. First, the collected Kansei words with opposite meanings are clustered into a
cluster by semantic cluster analysis. Sixteen clusters were obtained in total. Second, all the
clusters were ranked by the value of the sum of the amount and total frequency of the
Kansei words. Third, the first six high-scoring clusters were naturally selected, and the affec-
tive attribute of each cluster is determined based on the semantic matching degree and
common degree. Finally, six representative affective attributes were identified. They are
Ergonomic-Uncomfortable, concise-complex, powerful-powerless, Practical-Unpractical,
Handy-Bulky and Appealing-Unaesthetic. This means that we have 6 Kansei preference
dimensions, that is, 12 Kansei labels. These Kansei words relate to four essential aspects of
the hand drill: function, material, operation control and appearance, which are of interest
to users (Grimsaeth et al. 2010).

The online questionnaire consists of three parts: a hand drill image, 6 Kansei dimensions
(i.e. 12 Kansei labels) and a 5-point semantic difference scale. The first example is shown in
Figure 8. About 840 different hand drill samples we selected to be investigated in total.

There are two types of questionnaires, mobile and computer versions, distributed
through social networking sites. To ensure the accuracy of the evaluation and consider-
ing the respondent’s visual tolerance, we randomly divided 840 hand drill samples into 20
parts, each part containing 42 samples. Each participant was given an incentive during the
implementation. The minimum number of participants for each online questionnaire was
set at 32, and each participant answered the question up to 2 times. In the end, a total of
655 people participated in the online survey on affective preferences for the hand drill. Their
age range: 28-45 years. They have diverse careers, including engineers, construction work-
ers, designers, college students, renovators, etc. Therefore, only 42 sample images were
scored for each participant, and 640 (32 x 20) complete questionnaires were obtained. Each
of the six Kansei dimensions is evaluated independently of each other. Finally, the number
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Table 2. Kansei labels and Kansei words.

Kansei labels Kansei words (examples) References (examples)
K1 Uncomfortable— comfortable, handling comfort, (Kim et al. 2019), (Grimsaeth
Ergonomic cozy, restrained, Ergonomic, et al. 2010), (Chang and
round Chen 2016), Online shop
reviews
K2 Complex— minimal, simple, plain, (Grimsaeth et al. 2010), (Chang
Concise complex, complicated, and Chen 2016), (Razza and
dazzling, simplistic, compact Paschoarelli 2015), Online
shop reviews
K3 Powerless— powerful, strong, forceful, (Vieira et al. 2017), (Wang et al.
Powerful vigorous, energetic, 2016), online shop reviews
energetical, weak, flaccid,
powerless
K4 Unpractical- quality, reliable, high-quality, (Kim et al. 2019), (Guo et al.
Practical sturdy, safe, accurate, robust, 2016), (Hsiao, Chen, and Liao
solid, durable, unreliable, 2017), Online shop reviews
K5 Bulky- handy, portable, heavy, (Kim et al. 2019), (Chou 2016),
Handy ingenious, bulky, flexible, Online shop reviews

lightweight

artistic, aesthetic, appealing,
cute, elegant, good-looking,
exquisite, eye-catching,
unaesthetic, artless,
attractive

K6 Unaesthetic—
Appealing

(Chou 2016), (Fung et al. 2014),
(Jiao, Zhang, and Helander
2006), Online shop reviews

Table 3. The Kansei evaluation data of hand drill.

Label Ergonomic Uncomfortable Concise Complex
Number 447 393 452 388
Label Powerful Powerless Practical Unpractical
Number 445 395 446 394
Label Handy Bulky Appealing Unaesthetic
Number 464 376 416 424

of samples corresponding to each Kansei label is shown in Table 3. Figure A1 shows the
distribution of hand drill images in our dataset.

3.2.2. PAR-ResNet architecture

Figure 9 shows PAR-ResNet’s architecture, a minor modification from ResNet18 (He et al.
2016). We only added a data deformation layer before the last Linear layer, which is named
Flatter layer. Of course, the number of output features of the Linear layer must modify to
what we need. The Model contains four modules made up of ResBlocks, each of which uses
two ResBlocks with the same number of output channels. There are four convolutional lay-
ers in each module except for 1 x 1 convolutional layer. The number of all channels in the
first module is 64. Because the previous layer is a maximum pooling layer with a stride of
2, there is no need to reduce the height and width. A residual block with a 1 x 1 convolu-
tion layer can double the number of channels of the previous residual block, and the height
and width are also halved. Furthermore, Gaussian error linear units (GELUs) (Hendrycks and
Gimpel 2016) is introduced as activation function in our model.
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Affective Preference Online Survey

Score for the hand drill according to your perception.

1 2 3 4 5
Uncomfortable Ergonomic
Complex Concise
Powerless Powerful
Unpractical Practical
Bulky Handy
Unaesthetic Appealing

Figure 8. The question corresponding to the first-hand drill.
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Figure 9. Product affective recognition resnet architecture.

3.2.3. Training and results
Obviously, 840 data samples are not enough. During training, therefore, we used data
augmentation techniques to augment the dataset. All 840 images were flipped, including
mirror flipping (left and right) and five random rotations (—25 degrees to 25 degrees), but
the labels were not changed. To ensure the consistent visual perception of humans and
machines, we did not change the colour and cropping on all sample images.

Since there are 6-dimensioanl emotion categories, the affective recognition task in this
paper is a 6-dimensional binary classification problem, so the model needs to be trained six
times individually.
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Table 4. Evaluation results of hand drill affective preferences recognition.

Recognition accuracy (%)

K1 K2 K3 K4 K5 K6
Uncomfortable- Complex— Powerless— Unpractical- Bulky- Unaesthetic— Mean
Method Ergonomic Concise Powerful Practical Handy Appealing (%)
Alex-Net 56.34 75.59 74.20 71.82 69.98 70.83 64.83
VGG-11 58.88 73.21 81.52 77.97 72.26 80.95 54.13
VGG-16 63.96 7842 75.99 83.53 78.51 82.93 77.22
PAR-ResNet 78.57 82.93 92.31 88.49 88.86 91.46 87.10

Table 5. Number of hand drill images for each label.

Tag Ergonomic Uncomfortable Concise Complex
Number 9457 8828 7881 10,404
Tag Powerful Powerless Practical Unpractical
Number 8652 9633 8835 9450
Tag Handy Bulky Appealing Unaesthetic
Number 11,880 6405 8401 9884

PAR-ResNet model is optimized using AdamW optimizer (Loshchilov and Hutter 2017)
with 81 = 0.9, 82 =0.999. We use a batch size of 32 in the training procedure. The learning
rate is initialised to 5e — 2, and the learning rate decay is initialised to 5e — 1. The number
of max training epoch is set to 50. Figure A2 shows the loss of PARA-ResNet in our dataset.

Given a hand drill image, PAR-ResNet can predict probabilities of belonging to 12
kinds of Kansei labels such as ‘concise’, ‘appealing’ and ‘powerful’. The average accu-
racy rate of six Kansei dimensions is 87.10% in validation set (Table 4). Besides, we used
PyTorch to construct the Alex-Net, VGG-11 and VGG-16 models for comparison with PAR-
ResNet. The recognition accuracy is calculated by the formula (2). The evaluation results are
shown in Table 4. Table 5 shows the Kansei labels and the number of HD dataset images
corresponding to each estimated label.

3.3. Product design generative adversarial network

3.3.1. PD-GAN architecture

The generator’s architecture is shown in Figure 10, which is a modification from ResNet
(He et al. 2016) and DCGAN (Radford, Metz, and Chintala 2016). The network contains five
Residual Blocks and six Transpose convolutional layer for feature map extraction. We use
Gaussian error linear units (GELUs) (Hendrycks and Gimpel 2016) as the activation function
layer. Figure 11 shows the discriminator architecture, which includes five Residual Blocks in
all. The GELUs (Hendrycks and Gimpel 2016) is also used as the activation function layer in
the discriminator. The batch norm layer is replaced by the Instance norm layer in the dis-
criminator. The batch normalisation layer is not used in all Residual Blocks, since it would
bring correlations with the mini-batch, which is undesired for the computation of the gradi-
ent norm. Additionally, the output includes two branches that perform discriminatory and
classification tasks, respectively.
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3.3.2. Network training and results

Noise data is designed to 128 dimensions. The learning rate is initialised to 2e — 4. Two
models (PD-G and PD-D) are optimised using Adam optimiser (Kingma and Ba 2015) with
B1 =0.582 =0.999 and learning rate n = 2e — 4. We use a batch size of 64 in the training
procedure. Regarding the super parameters g and A of the loss function, we refer to the
literature (Zhou et al. 2018). Here we set 8 = 3 and A = 0.05.

Two types of PD-GAN models were successfully trained during our actual experiments.
The first type is a hand drill generator with Kansei labels trained based on the hand drill
data set with a resolution of 256 x 256 pixels. The second type is a bicycle helmet generator
without labels, it is trained based on the bike helmet dataset with a resolution of 128 x 128
pixels.

Figure 12 shows an example with Kansei labels. By fixing the random noise part and
Kansei labels, the model can generate hand drill images that have similar morphological
features. This is a valid proof of the learning ability of the PD-GAN under labelled conditions,
showing that our generator can avoid memory training samples.

Figure 13 shows hand drill images generated from the PD-GAN model. It is worth noting
that these hand drill images were generated without any labelling conditions. From the
perspective of visual layer perception, we found that some of the newly generated hand
drill images result from PD-GAN innovative synthesis after learning real product samples.
Figure 14 shows an example of bicycle helmet designed by PD-GAN without any Kansei
labels. However, there are also new samples that memorise training samples. The main rea-
son for this result is the small number of some samples in the training sample. It is worth
emphasising that when training without labels, 8 is set to 0 and A is set to 10.

We constructed a questionnaire (Figure 15) to verify whether the hand drills (Figure 12)
produced by PD-GAN matches the relevant Kansei label and the level of form innovation.
Eight professional designers, eight experts and eight graduate students from industrial



Figure 12. Generated hand drills with random noise and Kansei labels. First column: Unaesthetic.
Second column: Practical. Third column: Powerful. Fourth column: Ergonomic.

design were invited to finish the questionnaires. By sorting the data from questionnaires,
and calculating the averages, we obtained the results shown in Figure 16.

For result 1, the first column in Figure 12 had the lowest average score (3.7) on the
‘Unaesthetic-Appealing’ dimension, which is consistent with the Kansei label (Unaesthetic)
of the first column in Figure 12. The second column has the highest average score (5.5) on
‘Unpractical-Practical’ dimension, which is consistent with the Kansei label (Practical) of the
second column in Figure 12. The same consistency also happened in the third and fourth
columns of Figure 12.

For result 2, the total average of form innovation is 4.4. The average values of the four
Kansei categories are 4.2, 4.1, 4.6 and 4.5, which shows that the overall form innovation
difference was not obvious. Although the differences between the means for each category
were small, this fluctuation indicates that the PD-GAN has a different form of innovation
capabilities in different Kansei preference categories.
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Comparing Result 1 and Result 2, we found that the second conceptual design in Figure
12 had the lowest score for the six Kansei preferences. However, the form innovation
score of 4.1 was close to the middle. This apparent difference indicates that the second
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(1) Score for the hand drill according to your perception.
15. Kansei Questionnaire 1 2 3 4 5 6 7

Uncomfortable O O O O O O QO Ergonomic Score:____
-, Complex O O O O O O O concise Score: ____
Powerless O O O O O O O Powerful Score:____
Unpractical O O O O O O O Practical Score:____
Bullky O O O O O O O Handy Score:
Unaesthestc O O O O O O O Applealing Score:____

(2) Score for the form innovation of the hand drill
according to your perception.

innovation O O O O O O O innovation Score:____

Figure 15. The question corresponding to the concept image of the fifteenth hand drill.
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Figure 16. New concept image evaluation results. (a) Result 1: Score results of Kansei preferences (b)
Result 2: Score results of form innovation.
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conceptual design is the result of the PD-GAN model’s imbalance in the game between
Kansei preferences and innovation. However, this is not evident in our model.

We also did a simple test just to check whether the product images generated by PD-
GAN are instructive for industrial designers. First, two industrial designers were invited to
view the product images generated by PD-GAN. Then, they were asked to draw some quick
sketches, as shown in Figure 17. Finally, we learned their feelings through interviews. The
core points as follows.

Although these images still look a little fuzzy, and the details are not clear, the forms created
by artificial intelligence have created more imagination for designers. Because design usually
starts with fuzzy concepts, it is wonderful that these concepts suddenly appear before you.

Therefore, we believe that the combination of deep learning and Kansei engineering can
generate product designs and stimulate the innovation of industrial designers.

3.4. Product style fast transfer

3.4.1. PS-FNSTN architecture

The fast-neural style model’s architecture is shown in Figure 18, which is a modification from
(Johnson, Alahi, and Fei-Fei 2016). The model contains three parts: encoder (composed of
down sampling convolutional layers), deep residual module (12 ResBlocks and a skip con-
nection ResBlock) and decoder (composed of up sampling convolutional layers). We use
GELUs (Hendrycks and Gimpel 2016) as the activation function layer.

3.4.2. Network training and results

We used the HD dataset and the MS COCO (2014) (Lin et al. 2014) dataset for contentimages
to train our transform network fw. The former was used to train a style transfer model
for hand drills, and the latter was used to train a style transfer model for bicycle helmets.
There are 80,000 samples in the training data of MS COCO. Although MS COCO has fewer
categories than ImageNet and SUN, it has more instances of each category, more like life
photos. We think this is more suitable for transfer learning. We used the AdamW optimiser
(Loshchilov and Hutter 2017) with default parameters setting (81 = 0.9 and 2 = 0.999).
We used a batch size of eight content-style image pairs. The learning rate is initialised to
1e — 3. Content weight and style weight are 1e5 and 1e10, respectively. The total variation
weight y = 0. In the pre-processing, we used TorchVision’s Scale and CenterCrop tools to
standardise the image to 256 x 256 or 128 x 128. However, our transform network fw does
not have any restrictions on the size of the image during the test because it is a fully convo-
lutional neural network (Figure 18). For all product style transfer experiments, we compute
content loss at layer relu2_2 and style loss at layers relu1_2, relu2_2, relu3_4, relu4_4 and
relu5_4 of the VGG-19 loss network ¢ (Figure 6).

Partial results are shown in Figure 19. We inputted the content images (Figure 19(a)) and
style images (Figure 19(b)) into our style transform network model to obtain new prod-
uct style images (Figure 19(c)). For the bike helmet results, we removed the background
colour, while the hand drills have no background colour. We found no style image suitable
for product style transfer design in our style transfer experiments. We needed to choose the
right style image according to the shape and function of the product. Otherwise, the result
is not satisfactory, as shown in Figure 20. Because the product image and style image have



Figure 17. Quick sketches drawn by two industrial designers. (a): hands drill sketches were drawn by
designer A. (b): bicycle helmet sketches were drawn by designer B.
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Figure 19. The results of product style transfer based on Fast Neural Style Architecture. (a) The content
images. (b) The style images. (c) The generated results.

too much loss in content. Besides, fabric and leather products are more suitable for style
transfer, which explains why literature (Quan, Li, and Hu 2018) chose women'’s coats as a
research case.

In addition, the training time, and the number of parameters for the above three deep
neural network models (i.e. PAR-ResNet, PD-GAN and PS-FNSTN) are shown in Table A1.

4. Discussion

According to the literature (Nagamachi 1995), (Quan, Li, and Hu 2018) and (Wang et al.
2016), there is always a fatal flaw (cannot directly generate products) in product concept
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content image_ 1 style image 11 result 11

content image 12 style image 12 result 12
(a) content images (b) style images () result images

Figure 20. The results of product style transfer based on Fast Neural Style Architecture. (a) The content
images. (b) The style images. (c) The generated results.

design based on Kansei engineering. Although the genetic algorithm has been used for
product design generation (Hsiao and Tsai 2005; Lo, Ko, and Hsiao 2015), its design space
is limited. It is challenging to deal with complicated products like cars and hand drills.
Industrial designers still need to deal with specific design implementations based on expe-
rience in early design development. Therefore, it is necessary to develop an effective design
method to directly generate product conceptual images based on the users’ and customers’
affective preferences. A product concept generation approach framework based on deep
learning and Kansei engineering (PCGA-DLKE) is proposed in this article to automatically
recognise affective preferences, to generate designs and to quickly transfer product styles
directly.

Comparing the generated results in Figures 12 and 13 from the visual perception level,
the results with Kansei preferences in Figure 12 are more beneficial to inspire designers to
manoeuver the affective design direction of the product and help improve design efficiency
compared to the randomly generated results in Figure 13. The evaluation results in Figure
16(a) show that there is still Kansei error in the hand drill generated under the same Kan-
sei label, but the average of the six Kansei dimensions indicates that PD-GAN has a strong
design generation capability. The results in Figure 19 show that style transfer can modify
the results generated by PD-GAN and give new style preferences to the results randomly
generated by PD-GAN to meet the emotional preferences of consumers.

The advantages of the PCGA-DLKE are described below. Most of the previous works use
traditional approaches for product innovation design. Still, it can only provide theoretical
guidance for industrial designers and cannot directly generate visible product forms, which
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is a fatal flaw in industrial product form design. Although the parametric design based on
script technology can directly create product forms, this is only the result of the creation of
algorithms, and it has no ‘learning’ process. For the proposed PCGA-DLKE, we build a prod-
uct form generation system based on deep learning and Kansei engineering techniques,
including product images data acquisition methods, product affective preference recog-
nition, automatically generate product images, and product style transfer. As a result, this
method constructs a relatively complete generation design system, which makes up for the
lack of Kansei engineering and cannot directly generate product conceptual images, while
providing a more effective design tool for industrial designers. Therefore, comparing to tra-
ditional approaches and digital approaches, the proposed approach not only can maximise
user satisfaction, but more importantly, the ability to create product concepts is far superior
to previous approaches, greatly improving design efficiency. The case study result shows
that PCGA-DLKE is feasible and reasonable for product design generation. However, there is
one thing to be reminded of in product style transfer: the results shown in Figure 20 prove
that no style image can be used for product style transfer design. At percent, we do not
think this is directly related to the architecture and performance of the transform network,
mainly due to the functions and attributes of the product itself.

Besides, comparing Figures 13 and 14 at the level of visual perception, we found that
most of the hand drill concept images generated by PD-GAN are better than the bicycle
helmet images it generates. This is because the morphology of bicycle helmets is inher-
ently more complex. It is more difficult for PD-GAN to learn the data distribution patterns
of bicycle helmet images than the hand drill dataset. Furthermore, we found that when
training large pixel datasets in our experiments, the residual blocks in the PD-GAN can be
removed, which helps to save memory and shorten the training time. Style transfer is the
deconstruction and reconstruction of two image features by a deep convolutional neural
network. Still, for product design sketches, it requires the industrial designer to give more
consideration to the gains and losses of the product’s morphological details.

5. Conclusions

Kansei appeal is of critical importance to customer-centric product designs in a competi-
tive market environment. This creates an ongoing challenge for industrial designers as they
need to understand the affective preferences that influence users and consumers and comp
up with innovative design concepts as quickly as possible.

In this research, we propose PCGA-DLKE, a deep learning-based product concept gen-
eration design framework for an industrial designer. Firstly, we use a web crawler to obtain
product image data and propose a simple and effective image preprocessing method. Sec-
ondly, we construct a tag estimation model to recognise the Kansei label of the product
image based on Kansei engineering and deep residual networks. Thirdly, we train a prod-
uct design GAN model to generate new designs. Finally, we construct a fast-neural style
transfer model to create a new style for the previous step. Taking the hand drill and bicycle
helmet as examples, we demonstrate the effectiveness and feasibility of PCGA-DLKE. While
deep learning-based design method has been used to create anime characters before (Jin
et al. 2017; Mattya 2015), our study is the first to combine deep learning with Kansei engi-
neering to assist industrial designers in creating product concept images, which lays a solid
foundation for deep learning-based product design.
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Deep learning provides a new interface for human-machine co-design, and our pro-
posed approach is an exploration of the human-machine co-design approach. This
approach makes up for the shortcomings that Kansei engineering cannot directly gener-
ate designs and provides a new innovative design paradigm for industrial designers. The
essence of PD-GAN is to use high-dimensional random noise data and Kansei labels to
approximate and simulate distribution patterns that approximate a large amount of real
productimage pixel data, which is why PD-GAN creates new concepts as well as new colour
schemes. Our results show that this research framework is indeed able to predict users’
affective preferences, and generate innovative product conceptual images and new style,
which can effectively help industrial designers break for design fixation. Besides, we show
a visual interpretation of the Kansei attributes of PD-GAN-generated conceptual images.

This paper integrates emotion recognition, concept generation and style transformation
into an effective intelligent design methodology, which is of high value in a real design envi-
ronment, not only to improve affective design efficiency, but also to stimulate the potential
of designers. The combination of deep learning and Kansei engineering provides an end-to-
end intelligent design approach that meets the emotional preferences of the user. This also
indicates that designers will have to play the design game with intelligent design systems
in the future. That is human-machine design game. This game is reflected in the fact that Al
is driven by data and algorithms, while human designers are driven by design knowledge
and experience. Artificial intelligence, such as GAN, will help us discover the underlying
patterns in human design outcomes. Conversely, the knowledge and experience of profes-
sional designers can compensate for the random creation of artificial intelligence. Soon,
Al will change the way industrial designers work, their habits of mind, and their design
processes.

Although our framework can automatically generate brand-new products with new
styles, there are still some drawbacks. For example, colour labels are overlooked in affec-
tive recognition, our data preprocessing capabilities are not fully automated, Kansei labels
are obtained in a single way, and there is room for improvement in the generative adver-
sarial networks for product design. Besides, the size of the dataset also affects the quality of
the generated image. Therefore, in the future, we will focus on improving the data prepro-
cessing capabilities, the accuracy in capturing the user’s affective preference, the structure
and loss function of generator to generate conceptual images with high affective prefer-
ences, and the scale of the extended dataset to improve our framework. This is some very
challenging and interesting work for us.

In the research of this project, we also found that there is still much more to explore
in industrial design assisted by artificial intelligence. In the cyber-physical network com-
puting environment of the Internet of Everything, Big Data, Artificial Intelligence, Cloud
Computing, and Cloud Services, Al will open another window for designers. In the future,
therefore, artificial intelligence will be applied to various fields as a general technology, and
it is naturally no exception in industrial design.

Acknowledgements

The author first thank own long-term interest in the design innovation and design drawing. Secondly,
the author thank to the open source of GAN, CGAN and DCGAN authors on GitHub, our ideas can be
implemented efficiently.



JOURNAL OF ENGINEERING DESIGN 27

Disclosure statement

No potential conflict of interest was reported by the author(s).

Funding
This work was supported by National Natural Science Foundation of China [grant number 51465037].

References

Arjovsky, M., and L. Bottou. 2017, April 24-26. Towards Principled Methods for Training Generative
Adversarial Networks. Paper presented at the International Conference on Learning Representa-
tions (ICLR).

Arjovsky, M., S. Chintala, and L. Bottou. 2017. “Wasserstein Generative Adversarial Networks.” In
Proceedings of the 34th International Conference on Machine Learning, 214-223 PMLR.

Brock, A., J. Donahue, and K. Simonyan. 2019. “Large Scale GAN Training for High Fidelity Natural
Image Synthesis.” In. https://arxiv.org/abs/1809.11096v1: ArXiv e-Print.

Chai, C,, J. Liao, N. Zou, and L. Sun. 2018. “A One-to-Many Conditional Generative Adversarial Network
Framework for Multiple Image-to-Image Translations.” Multimedia Tools and Applications 77 (17):
22339-22366.d0i:10.1007/s11042-018-5968-7.

Chan, K. Y., C. K. Kwong, P. Wongthongtham, H. Jiang, Cky Fung, B. Abu-Salih, Z. Liu, T. C. Wong, and P.
Jain. 2020. “Affective Design Using Machine Learning: A Survey and its Prospect of Conjoining Big
Data.” International Journal of Computer Integrated Manufacturing, 33 (7) 645-669.

Chang, Y. M., and C. W. Chen. 2016. “Kansei Assessment of the Constituent Elements and the Over-
all Interrelations in Car Steering Wheel Design.” International Journal of Industrial Ergonomics 56:
97-105.doi:10.1016/j.ergon.2016.09.010.

Chen, H. Y., and Y. M. Chang. 2014. “Development of A Computer Aided Product-Form Design Tool
Based on Numerical Definition Scheme and Neural Network.” Journal of Advanced Mechanical
Design, Systems, and Manufacturing 8 (3): JAMDSM0033-JJAMDSMO033..

Chen, L., P. Wang, H. Dong, F. Shi, J. Han, Y. Guo, P. R. N. Childs, J. Xiao, and C. Wu. 2019. “An Artificial
Intelligence Based Data-Driven Approach for Design Ideation.” Journal of Visual Communication
and Image Representation 61: 10-22. doi:10.1016/j.jvcir.2019.02.009.

Chen, C. F,, C. H. Yeh, and Y. C. Lin. 2010. A Neural Network Approach to Eco-Product Form Design.
Paper presented at the 2010 5th IEEE Conference on Industrial Electronics and Applications, 15-17
June 2010.

Chou, J. R. 2016. “A Kansei Evaluation Approach Based on the Technique of Computing with Words.”
Advanced Engineering Informatics 30 (1): 1-15. doi:10.1016/j.aei.2015.11.001.

Dong, C,, C.C. Loy, K. M. He, and X. Tang. 2014. Learning a Deep Convolutional Network for Image Super-
Resolution. Paper presented at the European Conference on Computer Vision (ECCV).

Eigen, D.,and R.Fergus. 2015. Predicting Depth, Surface Normals and Semantic Labels witha Common
Multi-scale Convolutional Architecture. Paper presented at the 2015 |IEEE International Conference
on Computer Vision (ICCV), 7-13 Dec. 2015.

Elgammal, A., B. Liu, M. Elhoseiny, and M. Mazzone. 2017. “CAN: Creative Adversarial Net-
works, Generating “Art” by Learning About Styles and Deviating from Style Norms.” In.
https://arxiv.org/abs/1706.07068v1: ArXiv e-Print.

Fung, C.K. Y., C. K. Kwong, K. Y. Chan, and H. Jiang. 2014. “A Guided Search Genetic Algorithm Using
Mined Rules for Optimal Affective Product Design.” Engineering Optimization 46 (8): 1094-1108.
doi:10.1080/0305215X.2013.823196.

Gatys, L. A, A. S. Ecker, and M. Bethge. 2015. “A Neural Algorithm of Artistic Style.” In.
https://arxiv.org/abs/1508.06576: ArXiv e-Print.

Goodfellow, I., J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley, S. Ozair, A.C. Courville,and Y. Bengio.
2014. “"Generative Adversarial Networks.” In. https://arxiv.org/abs/1406.2661: ArXiv e-Print.



28 (&) X.LIETAL

Grimsaeth, K., M. Gangwar, B. Baggerud, and R. Narain. 2010. “Kansei Engineering Based Emotional
Product Design: An lllustration by a Battery Drill Case-Study.” Kansei Engineering International
Journal 9 (2): 67-79. doi:10.5057/kei.9.67.

Guo, F.,W.L.Liu,Y.Cao,F.T.Liu,and M. L. Li.2016. “Optimization Design of a Webpage Based on Kansei
Engineering.” Human Factors and Ergonomics in Manufacturing & Service Industries 26 (1): 110-126.
doi:10.1002/hfm.20617.

Guo, F., W. L. Liu, F. T. Liu, H. Wang, and T. B. Wang. 2014. “Emotional Design Method of Product Pre-
sented in Multi-Dimensional Variables Based on Kansei Engineering.” Journal of Engineering Design
25 (4-6): 194-212.d0i:10.1080/09544828.2014.944488.

Hadiji, I., and R. P. Wildes. 2018. “What Do We Understand About Convolutional Networks?” In.
https://arxiv.org/abs/1803.08834: ArXiv e-Print.

He, K., X. Zhang, S. Ren, and J. Sun. 2016. Deep Residual Learning for Image Recognition. Paper pre-
sented at the 2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 27-30
June 2016.

Hendrycks, D., and K. Gimpel. 2016. “Gaussian Error Linear Units (GELUs).” In. https://arxiv.org/abs/
1606.08415v4: ArXiv e-Print.

Hjelm,R.D., A.P.Jacob, T. Che, A. Trischler, K. Cho, and Y. Bengio. 2017. “Boundary-Seeking Generative
Adversarial Networks.” In. https://arxiv.org/abs/1702.08431: ArXiv e-Print.

Hsiao, Y. H., M. C. Chen, and W. C. Liao. 2017. “Logistics Service Design for Cross-Border E-Commerce
Using Kansei Engineering with Text-Mining-Based Online Content Analysis.” Telematics and Infor-
matics 34 (4): 284-302. doi:10.1016/j.tele.2016.08.002.

Hsiao, S. W., and H. C. Tsai. 2005. “Applying A Hybrid Approach Based on Fuzzy Neural Network and
Genetic Algorithm to Product Form Design.” International Journal of Industrial Ergonomics 35 (5):
411-428. doi:10.1016/j.ergon.2004.10.007.

Huang, Y., C. H. Chen, and L. P. Khoo. 2012. “Kansei Clustering for Emotional Design Using A Com-
bined Design Structure Matrix.” International Journal of Industrial Ergonomics 42 (5): 416-427.
doi:10.1016/j.ergon.2012.05.003.

Jiao, J.,,Y.Zhang, and M. Helander. 2006. “A Kansei Mining System for Affective Design.” Expert Systems
with Applications 30 (4): 658-673. doi:10.1016/j.eswa.2005.07.020.

Jin, Y., J. Zhang, M. Li, Y. Tian, H. Zhu, and Z. Fang. 2017. “Towards the Automatic Anime Characters
Creation with Generative Adversarial Networks.” In. https://arxiv.org/abs/1708.05509: ArXiv e-Print.

Johnson, J,, A. Alahi, and L. Fei-Fei. 2016. “Perceptual Losses for Real-Time Style Transfer and Super-
Resolution.” European Conference on Computer Vision (ECCV), 694-711.

Karras, T, T. Aila, S. Laine, and J. Lehtinen. 2018. “Progressive Growing of GANs for Improved Quality,
Stability, and Variation.” In. https://arxiv.org/abs/1710.10196: ArXiv e-Print.

Karras, T., S. Laine, and T. Aila. 2019. A Style-Based Generator Architecture for Generative Adversar-
ial Networks. Paper presented at the 2019 IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), 15-20 June 2019.

Khalid, H. M. 2006. “Embracing Diversity in User Needs for Affective Design.” Applied Ergonomics 37
(4): 409-418.doi:10.1016/j.apergo.2006.04.005.

Kim, T., M. Cha, H. Kim, J. Lee, and J. Kim. 2017. Learning to Discover Cross-Domain Relations with
Generative Adversarial Networks. Paper presented at the Proceedings of the 34th International
Conference on Machine Learning (ICML).

Kim, W., T. Ko, I. Rhiu, and M. H. Yun. 2019. “Mining Affective Experience for A Kansei Design Study on
A Recliner.” Applied Ergonomics 74: 145-153. doi:10.1016/j.apergo.2018.08.014.

Kingma, D. P., and J. L. Ba. 2015. “Adam: A Method for Stochastic Optimization.” In. https://arxiv.org/
abs/1412.6980: ArXiv Preprint.

Kodali, N., J. Abernethy, J. Hays, and Z. Kira. 2017. “On Convergence and Stability of GANs.” In.
https://arxiv.org/abs/1705.07215v5: ArXiv e-Print.

Krizhevsky, A., I. Sutskever, and G. E. Hinton. 2017. “ImageNet Classification with Deep Convolutional
Neural Networks.” Communications of The ACM 60 (6): 84—90. doi:10.1145/3065386.

Kwong, C. K., K. Y. Fung, H. Jiang, K. Y. Chan, and K. W. M. Siu. 2013. “A Modified Dynamic Evolv-
ing Neural-Fuzzy Approach to Modeling Customer Satisfaction for Affective Design.” The Scientific
World Journal 2013: 1-11.doi:10.1155/2013/636948.



JOURNAL OF ENGINEERING DESIGN 29

Lecun, Y., L. Bottou, Y. Bengio, and P. Haffner. 1998. “Gradient-Based Learning Applied to Document
Recognition.” Proceedings of the IEEE 86 (11): 2278-2324. doi:10.1109/5.726791.

Li, Z,, Z. G. Tian, J. W. Wang, W. M. Wang, and G. Q. Huang. 2018. “Dynamic Mapping of Design Ele-
ments and Affective Responses: A Machine Learning Based Method for Affective Design.” Journal
of Engineering Design 29 (7): 358-380. doi:10.1080/09544828.2018.1471671.

Li, C,, K. Xu, J. Zhu, and B. Zhang. 2017. Triple Generative Adversarial Nets.” In. https://arxiv.org/abs/
1703.02291: ArXiv e-Print.

Lin, T.Y., M. Maire, S. Belongie, L. Bourdev, R. Girshick, J. Hays, P. Perona, D. Ramanan, C. L. Zitnick, and
P. Dollar. 2014. Microsoft COCO: Common Objects in Context. Paper presented at the European
Conference on Computer Vision (ECCV), September 2014.

Liu, Q., K. Wang, Y. Li, and Y. Liu. 2020. “Data-Driven Concept Network for Inspiring Design-
ers’ Idea Generation.” Journal of Computing and Information Science in Engineering 20 (3): 1-12.
doi:10.1115/1.4046207.

Lo, C. H,, Y. C. Ko, and S. W. Hsiao. 2015. “A Study That Applies Aesthetic Theory and Genetic
Algorithms to Product Form Optimization.” Advanced Engineering Informatics 29 (3): 662-679.
doi:10.1016/j.a€i.2015.06.004.

Loshchilov, I, and F. Hutter. 2017. “Fixing Weight Decay Regularization in Adam.” In. https://arxiv.org/
abs/1711.05101v3: ArXiv e-Print.

Luan, F., S. Paris, E. Shechtman, and K. Bala. 2017. Deep Photo Style Transfer. Paper presented at the
2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 21-26 July 2017.

Mao, X., Q. Li, H. Xie, R. Y. K. Lau, Z. Wang, and S. P. Smolley. 2017. Least Squares Generative Adversarial
Networks. Paper presented at the 2017 IEEE International Conference on Computer Vision (ICCV),
22-29 Oct. 2017.

Mattya. 2015. “Chainer-DCGAN.” In. https://github.com/mattya/chainer-DCGAN.

Mattya. 2017. “Chainer-Gan-Lib.” In. https://github.com/pfnet-research/chainer-gan-lib.

Mirza, M., and S. Osindero. 2014. “Conditional Generative Adversarial Nets.” In. https://arxiv.org/abs/
1411.1784: ArXiv e-Print.

Nagamachi, M. 1995. “Kansei Engineering: A New Ergonomic Consumer-Oriented Technol-
ogy for Product Development.” International Journal of Industrial Ergonomics 15 (1): 3-11.
doi:10.1016/0169-8141(94)00052-5.

Odena, A, C. Olah, and J. Shlens. 2017. Conditional Image Synthesis with Auxiliary Classifier
GANs. Paper presented at the International Conference on Machine Learning (ICML), August
2017.

Osgood, E. C,, G. J. Suci, and P. H. Tannenbaum. 1957. The Measurement of Meaning. Urbana, IL:
University of lllinois Press.

Pan, Y., A.Burnap, J. Hartley, R. Gonzalez, and P. Y. Papalambros. 2017. “Deep Design: Product Aesthet-
ics for Heterogeneous Markets.” In Proceedings of the 23rd ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, 1961-1970. Halifax, NS, Canada: Association for Computing
Machinery.

Ponce, P., D. Balderas, T. Peffer, and A. Molina. 2018. “Deep Learning for Automatic Usability Eval-
uations Based on Images: A Case Study of the Usability Heuristics of Thermostats.” Energy and
Buildings 163: 111-120. d0i:10.1016/j.enbuild.2017.12.043.

Quan, H., S. Li, and J. Hu. 2018. “Product Innovation Design Based on Deep Learning and Kansei
Engineering.” Applied Sciences 8 (12): 2397-2317. doi:10.3390/app8122397.

Radford, A., L. Metz, and S. Chintala. 2016. “Unsupervised Representation Learning with Deep Convo-
lutional Generative Adversarial Networks.” In. https://arxiv.org/abs/1511.06434: ArXiv e-Print.

Razza, B., and L. C. Paschoarelli. 2015. “Affective Perception of Disposable Razors: A Kansei Engineering
Approach.” Procedia Manufacturing 3: 6228-6236. doi:10.1016/j.promfg.2015.07.750.

Self, J. A. 2019. “Communication Through Design Sketches: Implications for Stakeholder Interpreta-
tion During Concept Design.” Design Studies 63: 1-36. d0i:10.1016/j.destud.2019.02.003.

Simonyan, K., and A. Zisserman. 2015. “Very Deep Convolutional Networks for Large-Scale Image
Recognition.” In. https://arxiv.org/abs/1409.1556: ArXiv e-Print.



30 X. LI ET AL.

Sutera, J.,, M. C. Yang, and C. Elsen. 2014. “The Impact of Expertise on the Capture of Sketched Inten-
tions: Perspectives for Remote Cooperative Design.” In International Conference on Cooperative
Design, Visualization and Engineering, 245-252.

Szegedy, C.,, W. Liu, Y. Q. Jia, P. Sermanet, S. Reed, D. Anguelov, D. Erhan, V. Vanhoucke, and A. Rabi-
novich. 2015. Going Deeper with Convolutions. Paper presented at the 2015 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 7-12 June 2015.

Vieira, J., J. M. A. Osério, S. Mouta, P. Delgado, A. Portinha, J. F. Meireles, and J. A. Santos. 2017. “Kansei
Engineering as A Tool for the Design of In-Vehicle Rubber Keypads.” Applied Ergonomics 61: 1-11.
doi:10.1016/j.apergo.2016.12.019.

Wang, Y., D. Y. Mo, and M. M. Tseng. 2018. “Mapping Customer Needs to Design Parameters in
the Front End of Product Design by Applying Deep Learning.” CIRP Annals 67 (1): 145-148.
doi:10.1016/j.cirp.2018.04.018.

Wang, C. C, C. H. Yang, C. S. Wang, T. R. Chang, and K. J. Yang. 2016. “Feature Recog-
nition and Shape Design in Sneakers.” Computers & Industrial Engineering 102: 408-422.
doi:10.1016/j.cie.2016.05.003.

Yanagisawa, H., and S. Fukuda. 2005. “Interactive Reduct Evolutional Computation for Aesthetic
Design.” Journal of Computing and Information Science in Engineering 5 (1): 1-7. d0i:10.1115/1.184-
6055.

Zhai, L. Y., L. P. Khoo, and Z. W. Zhong. 2009. “A Rough Set Based Decision Support Approach to
Improving Consumer Affective Satisfaction in Product Design.” International Journal of Industrial
Ergonomics 39 (2): 295-302. doi:10.1016/j.ergon.2008.11.003.

Zhou, Z.,H.Cai,S.L.Rong, Y.Song, K.Ren, W. Zhang, J. Wang, and Y. Yu. 2018. “Activation Maximization
Generative Adversarial Nets.” In. https://arxiv.org/abs/1703.02000v9: ArXiv e-Print.

Appendices

Appendix 1. Data distribution of survey sample images.
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Figure A1. Data distribution of affective preferences (840 samples)
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Appendix 2. PAR-ResNet losses on six Kansei preference dimensions.
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Figure A2. The losses of PAR-ResNet for six Kansei dimensions.

Appendix 3. The training time and the number of parameters of three
models (PAR-ResNet, PD-GAN and PS-FNSTN).

Table A1. The training time and the number of parameters of three models.

Max Number Training Trainable Total
Model Dataset epoch of GPU time (s) params params
1 PAR-ResNet HD dataset 50 Single  avg. 11,180,546 11,180,546
245.46
2 PD-GAN Generator HD dataset 500 Double  96,511.18 52,969,344 52,969,344
(No ResBlocks) (256 x 256
Discriminator pixels) 11,019,744 11,019,744
(No ResBlocks)
Generator HD dataset 500 Double  47232.16 38,394,496 38,394,496
Discriminator (128 x 128 1,26,60,128 12,660,128
pixels)
Generator BH dataset 500 Double  41278.95 38,394,496 38,394,496
Discriminator (128 x 128 12,660,128 12,660,128
pixels)
3 PS-FNSTN MS COO 3 Double  avg. 2,714,115 2,714,115
2014 14546.37
HD dataset 6 avg.

3948.42
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Product Conceptual Sketch Generation Design Using Deep Learning

LI Xiong"? SU Jianning"?> ZHANG Zhipeng'
(1. School of Mechanical & Electronical Engineering, Lanzhou University of Technology, Lanzhou 730050;
2. School of Bailie Mechanical Engineering, Lanzhou City University, Lanzhou 730070;
3. School of Design Art, Lanzhou University of Technology, Lanzhou 730050)

Abstract: Concept sketching, as a higher order human visual cognitive activity, is an important tool to assist designers in recording,
ideating, creating, and evaluating ideas and has a positive impact on the generation of innovative concepts. In order to simulate this
higher order visual cognitive behaviors of designers and to achieve intelligent assistance in creative sketching, a deep learning-based
design integrated framework for intelligent generation of product concept sketches is proposed, which includes two core modules: an
end-to-end sketch design GAN (Sketch2Render-GAN) and a sketch-neural style transfer network (Sketch-NST). The first module
implements sketch generation and rendering, while the second performs sketch style features transformation. The hand drill and
bicycle helmet were used as design objects respectively, and experimental results show that the proposed approach framework can
quickly obtain many innovative concept sketches and implement automatic sketch rendering and style transformation. The findings
also show that the approach framework helps designers to break through design solidification at the visual perception level and
increase design efficiency. Furthermore, a smart-sketch design generator (S-SDG_v0.1) was developed to facilitate human-machine
design collaboration between designers and AI models, which effectively reduces the threshold of designers to apply intelligent
algorithms to assist design.

Key words: visual cognition; deep learning; generative design; sketch design; GAN
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Intelligent Decision-Making of Fine-grained Product Form with Feature Transfer

Li Xiong ', Su Jianning "?", Zhang Zhipeng ", Li Xiaoxiao *

Y (School of Mechanical & Electrical Engineering, Lanzhou University of Technology, Lanzhou 730050)

? (School of Design Art, Lanzhou University of Technology, Lanzhou 730050)
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Abstract: A fine-grained product form intelligent decision-making method based on hybrid transfer learning
is proposed. The aim is to solve the problems of weak systematicity of the product form intelligent decision-
making framework, single decision mechanism of the model, and small amount of historical sample data.
The method uses Swin Transformer and ResNets as the backbone network to design three parallel hybrid
transfer learning sub-networks, including product form classification network (Form-CN), product form
deep regression evaluation network (Form-REN) and product form distribution fitting evaluation network
(Form-DFEN). Firstly, Form-CN is applied to classify the products with fine-grained form to achieve the
product form design location identification. Secondly, Form-REN is applied to predict and evaluate the over-
all product form semantics. Then, Form-DFEN is used to evaluate the product form by distribution fitting.
Finally, Form-REN and Form-DFEN are used to complete the integrated decision making. Experiments were
performed on the created hand drill dataset and compared with other classical models. The results show that
the three designed networks achieved 99.0% accuracy, 0.4058 mean square error and 84.3% accuracy, re-
spectively. The proposed method can finely and efficiently assist designers to make comprehensive intelli-
gent decisions, which provides a more systematic reference framework for intelligent decision-making of

product forms.
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¥ 7] &= Ml (support vector machine, SVM) N1 & )
2236 ML J7i%; GONG S5 HY — R R 3R 2 1 ik
7 M1 5 5 (pixel-level image Kansei analysis and
recognition, PIKAR) & 4, H FH 2k (1) AlexNet X 7=
i B2 HEAT IBME VP AR AR 8 T LT SR A
HUE ) ResNet18 o T FL Al [ AG03E AT 175 8 i 2 1R 01,
S 25 R WA [R) B M A 25 1) T FL AN R AP AR IR
15 72 53, UE B DCNNs 774 W7 R (i 47 45 1. SU
SISO YRR B A Rr B JB M 2 R0 SR 56 25 R R AR AT
TEZIL AR B2 T AR 2 Bl B RS L5025 A
B2 B8, S Z 06 7 i T A R AE (R 9 BE 513 43 1
IR TT IR — . PSRN BT SR T A) .
IOV SA Y o B U P SR i T 7 o R R ) S e, A

HUT 3T ResNets 1 AL 11 e SRS, 357 = 4&06
7 JE A MR 5 U5 % 1) L, R TR T I 4% (1)
FE A R R BE PSR AR AL X P I T AR BLAR A
it ol A 3 B S B A BE R, AR T4 8 I VEAN b
BEATIIR T B R 2, IR AT P B — ot 2 ) 2 A TR
TR AEAE BEAR T 2518 X5 E it B RHAE 2 [R) 3k AT 2447
PEFIWT. Ak, 2 58 B SCA I IR 7E Wk SR R AR
o, 78 3 # 2 W %% (recurrent neural networks,
RNNGs), Transformer & FH T SCAAE B AR HL S fif 13
7191 A gl Bl & v AE 1521 o R AT 7 7 SR ITEC 5
TAEAT PR 51200, EAT DLy 2R R S .

SLEE FOR TAE R I i B2 B e U SR AE 4L AE
ARGt BRSNS ANEHE I 255 7 TH
BAZ. (1) BRG > RG1ME. &St R ki,
S 5ENVEE BTN 5 H R RIE R, 7Rk
Rz i i — N ERE, A N vk
K = RZGME G, (WNBETT TR, F,
MAERETIREZENE . RETEAN A RES
PAT PEAN L FR e SR 7] 3 SEPPRAN i AR A iR
VLT E AL 2 SRR ) B, TR A 3% SR ) [R1E Fi
AT S5 BRI, B 77 325 1o R A0 4 H AR R 1
RE R EMESE. (2) YLSRALMI B — . B BT B B AN
T 5 75 ¥ o BT A F (¥ MLP, CNN's, RNN's 578 i
2% FEE & J1HL# (attention mechanism, AM)[®!10:12.15-
Tl Z ML AR N A 28 0 48 15 S Sl 2 B2 rp
EE, BAEERESERENEE . B, BE LE
AR RBEPIMNLIREMH, 2 e —R0M
FHZE N 2% ) G MLP 8Y, CNNs[®!012:16] 4% 4F i 55 5o F

R SEHLAIAE O 5 —, R SERS FEA A S S ). (3) 7~
i SRR IR B /R TN R R S
BRI ARE ST P &, OB SR M 7 b 0 e A =
D H i) R ER TR R IV A T SR AR R 4H
FTEN AR H R A AN R 2R BB T A A R A
T2 21 7712, DAE Hh B 22 RCRFAE.

H 51 45 B %] 51 X 2% (generation adversarial net-
works, GAN)122] J 2 P Az 4 O 4k B 216 = k&
AR BB TE R ) Ry 1R R R TR, R
S i B S R AR i T B R SRS T AL e
J5 J& TR BE AT 27280 Mg ART. Logol Y () & se A=
FSC. TR AN [F] B BT X B8 GAN R A K & fig
B TTZ, SR IH XS AR 2 4% 446 J7 28 WAe] 4 /Ny B, 38
W e GAN [ R A 8 AT T oy 3k, 07 A E
MG T 1) A BEEAT VR, R = BT A FE )
M. DR, THOO SEAE UAR R B RGivE . R AL
WA VP PSR AY, A BE 88 SR A GAN 4531 2% 1)
LY, T B A B T8 8 B A o HOE S 5
MR RA.

Zx BRI, AR SC ARSI R ) AR FE R, #
F LA HE (computer vision, CV)#7 i R Swin Trans-
former 15 28 $1L 5 FUAH 28 ) % ResNets 3 [A] FlN 5 11
P VPG AR 55 24, R K 2E TR A IT R 52 ST 7=
TEAF Re R 3R T VENE LR, CLHE 410 B 7= S T4 U1
R TEZSTE SCPEA FNARRL B 72 TR 25 0 A A6 VR4,

F L TR 253 8% 2% 2] 5 V8 A o /N R AR 0 )1 25
i\ &1, A6t MLP, RNNs #1 CNNs, Swin Transformer



kil 2o, S5 RFEIE RS BOAIRLE - SRS B BRI I 3

A Z R AM, X N A5 Al BA
BB, J 5 ResNets BeA 5 LR35 LT AL
PGB AR DY R A S T Bl AR S BT VR
ot XTI A AT T SRR L, 45 SRR VI
FESEE [ AR P2 DA 4 28 mT A 2080 B s - [T A ik AT
REORIR, RN Bt — B 3L T CV N I WFFL N .

1 A2

1.1 AREIRASEGERE

SRR B R AT 45 A B, ks B R ) 2 R
FOHE— KRR 7R R, @8 E, FF0z
() B B B AR LRE, TR 22 S dll /N, AT A8 45 41
L SE PR LUK B2 R B EL A Bk R, o = 2R ]
G A0RL B R ) ) Y, 5 AR ARL, FE ECSE R T
VPR E I AT, 2 5 F A0 1EE i A 2 BTt
J7 ECR B B A0ORL B PP A W TR . 1% ) T R —
A ML AT S5, B[R] 7= i 1] i 4ok B 1R ), 38 & %A
J7 SRR ZS 22 R R0 A1 B AN 7 SR R B T 2 (]
(T AR L.

18 iR Sz Br i) U3 5, AR SCHE H ik
m AR R RAE LS, HATH ARG AM MIRE M &
K £ (deep neural networks, DNNs) i3t 47 #& 4 §)I| &k,
mE 1 s, B, NAIRLE RS Z R M EEE L2
THIRE) R B £ FL IR, W5 BRI ZS B4R 5 T 28 %
Pet: ), sSEERAn R B P2 MBS 2, ARG, BIE%
RSB XM AE N E LRI EZNE, 1
FERIHEA R, T RS B R T 08 UG 97 B
Jii NP2 S TS BETTAR 5 40 A5 110 A I T Ok, X LR AT
B NIk B TS A AR AR SR, RIS LA
7.

— e (U 4R BIRLEBES AT
@ e g A | [ S| LA PR

I 0Im v P r“_
e a1 Y s
Iﬁ o DNNs|___DNNs| DNNsl _
pra i || | AR | ERIEE| RS0
B | |5 IR AK A s s [ A 185

BT 1 IR 7 W 2 R i S

1.2 T#E3)

AN B HR 2 ST IR RE S R N eI —
G PN oD TR =PI RNE - N = & N 1
FRFALG TR RE /). 8, TR 2= TN N2 ML
[ — AN E5 L7 TH, R A TN N B A S ) R
o] DA ML R4 5 0 o] S A {78 B SE R w34
155 ORIE 0 R S E T e T I, R RN B 2
LSS, W TR0, T AR, %
TP 5 e sges10 - g s ikl 2k — > 58 B )
P2 R L R AR EL, A 2 SR IR e N B 2
L I3 L7 A58 780 ST it A 2 IR R R I 4502, JX g

YR TT A 2R A A 2 A O B B4 5 B 5E ik, AR
AT ZGER,. F G, T % —ERE LU
fift e = ) SR S N R B8 B R 2 AL RE D B 1A) R
PLSZ BB TH R SRR AL ()i 7, 2 W 0wk &
AEl2AT A8 S 1) AR,
1.3 FEHHLE

AT 0, N A s A Z2 # AR S 0 LR UACR:
HANA IR ERE R, o, BRI A K 5 4t 40 5
SR A R B AR E 2 — &AM
ZEH 100 TR LT 4E, AR ER UL B E
PUE S8 I R B A N K B3, AR T NG 75 A PR 11 %
PR, REFE R dERE BEAEERE ). X2HT A
P2t R G AN BB ALE] AT LA S R R
A @, ED AM 1S AZ WL ] (memory mechanism,
MM). HI & DAL CV B & PR IS T HER
WA, B 8 SO B AR . TR
Mt R G, AM 1] DL — D S IR F IR,
B 8 I AR A\ 1 R A X RO 3R AT I P AR
SRS, i@ AM 1T DL G4k B4

A/\Ilcntion :.f [g(x) 7x] (1)

o, XONEROEE: £() ROREER R B R
R A T ol 2 I 5 5 0 B e BT R ()
F R kb AT AL B R R R N M AR
£ glx) x| M2 75 2 T 3% % 77 g () x5 NS AE x
HEAT RbFE AR

2 KX FE

2.1 FiEIER

AR TTIEBARHESR (B 2 Frow, BLFE 1 s 5o
YI 25 P 28 A0 W X B o HE AR AL 2 AN ER 4. B XS SR 1
oy, B @R AR B, I N ThRE
SRELAIRL BE 7= i EUR B £ SR 5 AR 4 3008 AR AT
{155 52 2% BEAI e 3k H br, B& T Swin Transformer™!
A1 ResNetsP#% 4 3 M IFATIR GIE 88 5 ) W 2%, 4
A R R RV SR R gr, B RS R A 4%
(product form classification network, Form-CN). 7#
i JE 25 U8 BE [ V3 PE A X 2% (product form deep re-
gression evaluation network, Form-REN)F17= ji 2 2%
I3 A LA VAR X 4% (product form distribution fitting
evaluation network, Form-DFEN); # 5 Il Z:iX 3
W28, SCI P AR AS B ARRLEE IR ) . BT A 1R X
VAN R AHDRLFE T 25 40 A0 ffe bt . BE0EEE 2 3053, Jeid
W E LB GAN A= 3R 15 A5 PEAl 1) 77 R 80R
K, 28 VLSRR Bk AE CRTE A5
AT 3 N2 IR 45 58 1 77 2B AT A000L 2 255 VFAl,
DA 5 By e vt It R e 552 141 BN 25 AT 1 RO e 13K



4 AU BB 5 B 22 54k H 3%

g A | HtE | e (AT AT —
B oo [EEEEaE L N —
A F1HE FOmE [ HIWE ) (HamEr) BAB TR , A
Al i (2] | (Cowint )| [(Swins ]‘ (SwinB ) I
il H ol | ResNet50)| |ResNet101)| |ResNet152) | Ve A
g 1L W i US| ‘ f 0 i
i I i = BRI NERTE I 2 )i
g T B 1A

£ % LForm- CN J l_Form-RENJ u?orm—DFEl\U ;

N T T T S R N
i /
I P, ey I : £
% BT S IR A AT ﬁiﬁ;ﬁ éaﬁg?;} w:msﬁH HEIBE ||
s : SR B 1 1B Y | i1 1| )
B| [oAvERBTRESSE| o HRE SN B R P e el
W | —loleelBl EHTTE) o BT s
jig O | camramas e IR ox[mAS ]+ pxEa 2] HCAMX] E AT

o

B2 ASCTTEHESE

Ak, T Bt — 0 AR T R B SR 5N
THREAM LS B 2R, 50 A0 B0E B
(class activation maps, CAM)P" A] 41 1k 7 A X
Form-CN, Form-REN #1 Form-DFEN F # 3k 45 5 i#
AT AT RRAL 23 B, RIS, 38 5 8 v AR 2 552 58 f i 42 [
28 PR FEAT X EE BRI, ELARKE XS B 43 A IR B 44 5 43
i 5 CAM # ) B, A Bl R 22 0 25 TR 3R 2 &
PR E .

2.2 ME~EREGEIESE

8] ¥ TE VR AT [ AR I v T R R A 2 5
PRAL T T B — R, IR M R R TR 252 )
JR & 10 S E R D3RS REVE T AR AL 2 A 4R L (AU,
W AR B 77 b T S B R ok T VAREZL B 2 1 3 F
1E45, FMIERT P 3 SR 2040 5, RI4BRLRE T35 11
ARG BARTEAE VH s R AR T A 40
A BIREE. Bk, (HBC R EOR ML L )L
A% P 2R 51 2 B 0 R G R SR AR e,
JiR 4 BB AT Tt 4k B DA AS 6 ot & 140 7 o R 2K

Ptk wm, A 3 M BARAE 5 R U A A e B 4R

LRSIt R FH SCRR[ 141 9T 52 75 TR RE.

BEXT I AR 7 SR AAE 55, R4 7= g Y

SRR T RS SE R B 22 5, SR N 40 267 i %
FARE. Z5G H R CHR[6,15] T B SR A B, A
éﬁﬁ&%%%ﬁ&ﬂ@ﬁi&ﬁ&smqmm&

b6 P BT ASAE SO %, ARk U %
(VTP F AR x 41415 A 5L XA BE A 4T T
5, HAKIEAE LR @ 824 KU 4y

T
Rbaseline ( X5 Cl)) =W x (2)

ﬁ\: E'j 5 Rbaseline(x;w) y‘j A I % ‘/ﬁ HZ % [gl i& )
X Z[xl,xp---,xM}Ty\j M 4 W) 3F M 4 e &= 5
@ :[(u[,w2,~--,wM]T N M YRR [ &

A SCRR [3 817 J8% i BEAG o = [9] VA PPN AT 45
B FH ) LIVE F1 CSIQ i HH4ERE A &, ¥ = d e
BB VT 25 R A B = 32 51 7 1500~2 000.

X A S VRN 55, B ek 3 T 7S 55 241
TEFE IR AR A, AR JE R N L7 U0 Rl e
i BEAG AT A0ORL B ARy, 255 SCHER[39] 7T A A 2%
A FEAREZE D 1000 PFEA.

2.3 E T ResNets 70 Swin Transformer K2 K
& B REREEIERY
23.1 HTE TR

f£ DCNNs H, A EERE R GHE B2 F
0 BVRRAIE, B9k 1 2 T il B 2 A0 0 RRAIE, IR
15 5 0] 3k A5 & il UHFAE . ResNets 193 H 75
DCNNG 2 20 Al 35 1202 20, Hov: R R BLE 50
PE e, {75 155 204 e 27 20 BE A R R AE . 22 T 6
#EAE 1) ResNets »& — FhER S FFAE 22 B, 2T
Transformer [fJ Swin Transformer N 2 75 5 [f] 31 25
SFAIEF HYRE 7700, 3 ] 2 5] B [P RHE B IR A £
. A BRI RIE = R, R4S 2R A
#%(Siamese Network)“fl GoogLeNet!“Jf:4T [ 4% 4
BT BAR, Bt T — M B A XOE B AT R 5 B
PIRE TR 5 I M HESE, Wil 2(4 b)) Frs. R
E K118 ResNets Al Swin Transformer [ 4% 45 £4).

PR b 0 28 3B R O] BR AT B i R B SUARE, R
ARG BB IR P B _E IR ZE X 4%
FE A BUAS B I 2508, S0 3R B IR B I 4% HHE B IR
IR G I 285 R B S8 DA, DX 2% fE Aff 2 L1 BV A, X
ZHMECLNZR . I ZRiR 238 K. HER 2 R B SN i,
HE 5B W 1 45 Rk 22 15 45 i S5 1 JREL AR R A v |
A ) AR RN 29 58 g e T B Bk A M R ) T
AOSE P K PE 4% 2 £ H A [F], ResNets X 73 -
ResNetl8, ResNet34, ResNet50, ResNetl01 0
ResNet152. O TAEW H A T 7 fh B &5 Be vEAh
5k, 40 SCHR[ 1414 B ) ResNet18 HI 1T B4l
(A B s 0 PEAY, SCHR[6]9E 42 B ResNet50 [ H
I F AL i 2 g ke R AR A,

TG R & . 5% 5%, Transformer'®
M4 e F R ) S BB R RO A SR AR AL
K, DRI I7 T T VITHIE P R AS R 8 P A ] 78
Swin Transformer®*! ¢ H — Ff AN 8 & 35 3 & 1 #1F
RE M 2 EEE OREHEEE, F AR,
B, I B AT o BB, K DT — A
AS/NEER, AT RN SR 5 AR $E 1Y Swin-
transformer 1% B (Swin-transformer block, STB)# 4T
FRAE2: 2], W 3 Fim. 14 STB & 14 W-
MSA(BL SW-MSA)FI 1 A~ )2 1) MLP 2H B 1% 5
55 # Transformer 3 (Transformer block, TB)“?!f]
AR ZEFAA T W D2k 3 & /1 (window
multi-head self attention, W-MSA) Al #% {7 & 1 £ 3k



kil 2o, S5 RREIE RS BAIRLE - SRS B BRI I 5

H 7¥ & 71 (shifted window multi-head self attention,
SW-MSA), UL T FrifE ) £ 2k H iF & JJ (multi-head
self attention, MSA), i 1§ % 4L STB H A 5 & 4% [A]
& B AE /), HoERe kT DU SRR AR Hh B MLP,
RNNs H1 CNNs. [[f, STB W 1 5% 2 X 2% 8 25 ke
SRR, SN EE R A ST, 2 I 4 45 ) B R
Hﬂﬁ‘ﬂ DU B ISR 0L G 6 B3 O R AR M 45 i)
.

4 N 7T A N
ZI f) Zl+1f>

5
Z
LR | BREAMEER

o

N

< U
ﬁ
<
s
&
vl
58

3 2 AMEZE STBEY

Swin Transformer F4FAIE$E HU2s F1 7 2 25 1) 1K,
FRAESEEL > 4 D By, AN Be AT 4 v & FF
TER ) E 11 %t 4E, B k@ 1S PatchMerging /2
FIAFEEE 1Y STB 4H & St B, {45 28 4 i B STB
B AN R R B SR B = 0T 70 4 PR AR M 245
Bl Swin-T, Swin-S, Swin-B Fll Swin-L. [ £% 4 & {14
I A e 5 AR Sk 5 P 3 T G i . A S ) 9 5 ) B
TH0 3 AN v, AKHE AT 55 0 3 FE AN A R AR 1Y
Swin Transformer %5 #). ARG, 40802 7= 5 B 2
A& FL T Swin-T FI ResNet50; 7= it AR &5
SUPEMY M 28 3 T Swin-S Al ResNet101; 7= S 2447
A LA VEA WX 48 2 T Swin-B il ResNet152.
2.3.2 AHRLFETEAS IR

BEERIR I E BAL S AT R RS HE R A . w2
—FhE RS, A~ E TN SRR
AL Dhee. 4HEER, SR LA NAFEAE
ANFEFEEE W Z 5. FlanF g, nfo 8 T s
IS . KBS N I B 22 T) 55 78 55K
I PEAN R rh, [FRE 2 25 fR IR Sl 4 DR R 3k AT
ZE S ALTEMY. DRI BE, R0 B R A 2 5 S T A B RE
M EA TAE, HAR B Wt e Ar il

AW AR B PR i T3S IR AT 25 3R O S
B HI AR 25 1) A SIS S AR ) O i N X 4% 1 P i BB
FonN x, , 7T ResNet50 Fl1 Swin-T #Ji& — 4> H 5L
AR AT Sram o (012, ) AT T 7 5 9 7
BHEA Srom on (P 1x,) 45 7 5y UG 4 3t 4

. v , o j
D= (x,.y,) ", 3, v, €/ 1,2, C) HRAIIFEE,
N RN RN, 18I 2 SRR R ECR VAN 2 A
LFm’nCN(yn,cafForTnCN(j}n,c |xn;w)) =
1 N C
- ﬁééyn,c logyn,c
Hor, P, YRR AR B 2% Form-CN ) F
BEE, Vo A2 i EG B S 2).
BRI 2% 25 M T LA 3.1 715,

3)

2.3.3 BRI EIE SN

5 SCHR[6,12-14,16] 1) B B 2R PR $ 56 AN A
AT 77 it BEAR TR S VAT 55 o B2 0 Pl 3% 4 73 £
(4T [0 S P Ay A ] . 3 ST A &5 B M B A28
A HINE R, B ARG I8 Tk — B Ak, Sttt
J7 R PE AH GRS . (8] U3 PP AS SRS 5 o B B4 HL
PG, B BR IER R B & N, & T ANE
BB B DR, [ U5 A5 A5 2R 6 T R A 4 A
FEAH, 2 FUSEIAEE 7 AT 1 Ik,

Bre i BB RN x,, BT ResNetl01 Al
Swin-S @ & — A~ I B [ 3 P fh et 5 R 3
P =fromren (X, w) | Horht w2 ] 2 5] S 8L
.G mEGINGEEIEE D B N ADFEARL R,
iﬂlj/l\ﬁézls%%@jlﬁ%%ﬁ%, M4 D Fow

D::(v y,,): ,ne[l,N] )

Hof, N APIGERIAD, v, 9N TR 5
FRUfE 24 O SEE P 4, R Q) E SR 3.
St S H T AR (L ) BT R
Ly YR8 L, (Smooth Ly )3 B 45 5 & 4, R0
Smooth Ly 455 T 1 8 14 44 22 1 Form-REN
%, e FE RN
1 N

LSmoothl ( Vs /Form REN ( X W)) :ﬁz = (5)

n=l

Ly -7 2 PR

2(}11A.‘n)l’ |)n JA}”|<‘)/,H;V%~
Yo = Vul” E(V’ Yo - yn| zy
MRS, WH Yy =1 w AL BB SO
P 2% Form-REN (15 5, », AR W 45 1 T 18
N NUIZRFEAS B2

FAR R 2% S5 ) e vt LB 3.2 75
2.3.4 JEA ATV

DL R 285 VR 1 45 R e R SRATE ¢ T 5% £
Mot g, AV R R B 4 s O SR R VR4 {A,
A Qi Te) 32 WM 20 AT 0L 5 DA B AR 2 0o 77 it T 2 22
F oA XA EFVE Sy, AR5 b 7 i A a AR AR
HRS 240 7 2800, B BUF B2 . B, — 3 R
WK B A 45 2 BE TR SN B0 56 3, SR &5 AU 20
AL AN, BN BT SO RS R R,
TH AT A A B 5 B A G VR R 2 1 B8 b T B A
A RO T AR T T SR A 2 4 5 A T s
PUE b 5 20 N BT PR A A TR RE R AR AR AL
W R BRI A PR A BT 50 LS i e, IS A 0
Jr) B 4T 72 S R VAL U)o v S S HE SRR SR N 5K
w.DR U, BRI T SRR A I B AR R A 1
SCPPAl R R BE TR SR % 0 TAEZ —.

ZE PR, 7SI o Y R 2R 1) 4L
FETE A VAL, (A SRR a8 bb A 77 (8 1 3K B -1 25
HIRHE bR 2. A5 K 1K — AT 55 A9 — A 73 A 4
I R A TR 01 BAASK U, K AT 55 S 0 R D9
WML S, IR a5 &5 kAT 0 A U & 1o v 5
Ik, H b eR B 22 SOR B % e 8, T AR A 50(3),
FF 115 Form-DFEN [ 4% i H 2 5% 72 i JE 25 Ll

:/H\:I:Pn ZH =




6

TSN BB S B A2 R

H 3%

%Z‘ﬁ'ﬁﬁ/iﬁ%ﬁi/\%ﬁz@ﬂﬁﬁéﬁﬁ Kk A

LFormDFEN(YnmfFam-DFEN(J’nc| X )) =
(6)
- ﬁz_lz_ly log 7.
Hir, ¥, RIEE DA M Form-DFEN [ il
MNEZE, B) SoftMax iyt ) MR, v, 2277 dh B
BAATEA, By, €123 .
@ﬁt%fﬂ)ﬁuuﬁ/jfﬁj\%ﬁﬂ:fﬁff% RARIEA

Bt & 40 A LA PF 4 (design quality distribution
fitting, DF-Score) Ny
Dor scoe = D Yue Srom oren (X5 w) )
v, € 123,

Hi, v BRIES DR, framoren(Xw) 48 F
Form-DFEN % H ) T 8 2R 7 A H..

FLAR M 2% 25 ¥y 5 ILEE 3.3 .

4 FERK

MNFAER—RFEEEIT TRERBAREE X, B
Set Srom on (w) SEATARREFE IR, T35 7R
K AR5 B VARE Y from ren (2 w) 12375 10
BRI fromn oren (X5 w) HEAT S5 AP A, B IILTE S
A
Egscore . JFom REN(XQ?W) + /3 -Dpf scoe (8)
Hrr, afl F 4 53k 7~ From-REN #ll Form-DFEN

E’J?@I.? Dpr scae HAI(T)THE.

=

3 X%

VAN

RS

A Sz SF 4 09 RTX2080/8 GB, CUDALL.0,
Ubuntul8.04, PyTorchl 8.1,
3.1 WRE %,u Al IS
3.1.1 JEA R B 5

I FH BT SC AT IR ) B0dE AR B 5 v, B N AR E
177 B T — AN B AR AR T AT AR
AR E(HD256CLA), BLE 4 R A1) F 4G, 1L
H 4000 & K%, F T 7280050 9 25 00 U1 20 A0 56 AL,
1% 2N 256%256, By FEB) WLZE 1.

%1 HD256CLA izt

2K FE A i g
bR U Tt 5 1000 wired
-t
EERT M ? 1000 battery
.
% ?)ﬁ 36 EE 7@ T 1000 cordless
HME22T] % 1000 screwdriver

BEAN, 9 7 AE T IR R EL B R 1) B MR gL IA
O T — AR B, FIFAE S Lib 4 Fp2Ad St
100 5K T e 4h 20 ik, b 32 9K 2 ¥ i1 I 22 1) At 2 51
K, %432 7k i1 PD-GANU A i, Ho4r 36 5k N2
.

3.1.2 Form-CN [ %% 45 )

ResNet50 F1 Swin-T A 2K AL #) FLOPs(4 G vs
4.5G), BT ZF BT T 4R 25 R 3 9 4% Form-
CN, HAFFEFRENAS . RFAEH 28 . RRAEAD H 88 A1 5
RAA, W 4 R,

. A E T W% .. , ANE
Swin-T = DD?:NN % %/ bias=True bias=True bias=True J; 75k |
1 h =3 = 2 —~ = = = 7]
pl:tEi Zrilzse:él § R‘e sNet30 fn% 4: o o = & I & 2 %
mion snesr |18 | [\snesem J7 @I\ (2| gl B Glel | Elel | EE| | Bld 1S
win ow_.sue ) 2:1 NB ?,2333’ ;23 ;23 gzoa ?g E|
= 1= =1 B
cmbed_dim=128 & Transformer SIS e mLﬂ : 8 8._f1 sl a[5|2 =15 =
depths=(2,2,6,2) | ! |T: gle == =0 =215 E[2C EI2© E12©] 8187 |5
= Swin-T = %D\E\lg o s19 2 &= S|® ol g 5] =}
num_heads A T A5 EE 2 2 o) |2 ar g = &
=(3,6,12,24) = B ] 5121213 ol |15 5 5 &
> 11 } R .
FiiIl i N ) |3 % gblas:True bias=True bias=True bias=True
A =
Pretrained model N — \ J
BRI e e o %
FRithih Ay FPIERE ” FRAE AR 4% srkds
Kl 4 Form-CN 45 K S8k B

B 56 ResNet50 A1 Swin-T [F] B X} H &% B 45 3047
REAE B2 W, G KRR AR 0 HE 28 K 12 B AR A 5 48 % 1
ﬁ‘%)ﬁiﬁﬁﬁﬁ?ﬁﬁ% 5 5 HH A 528 58 B B 4 KR
7. Swin-T #& Swin Transformer #& H 1] &% /> 1 R 2%
gEM T, HMEIRE N, 2, 6, 2), 3£ 12 /> STB,
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PR A R A = 155 2 M 4% (Hybrid attention-based ResNet, HA-ResNet), H T #HE & FH4F1E”,
TIRIER A S, NROE TS ISR GoogLleNet LAY 78 HA-ResNet 17 25 &, SZH 22 J8 A7 < i@
FHRFIE S . B3 Jo i — 3 H O ARAAEREAT i, IR MLP 202888 00 i AU 2R 8 . fEHAT %
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Recognition method for fine-grained product styles based on deep learning

LI Xiong'?, SU Jianning"?*, ZHANG Zhipeng' , ZHU Duo’ , YU Baoyin®
(1.School of Mechanical & Electrical Engineering, Lanzhou University of Technology, Lanzhou
730050, China; 2.School of Design Art, Lanzhou University of Technology, Lanzhou 730050, China;
3. School of Bailie Mechanical Engineering, Lanzhou City University, Lanzhou 730070, China)

Abstract: A fine-grained styles recognition convolutional neural network (FSR-CNN) based on composite
learning pipelines is proposed to effectively extract product style features with differences. The first one is
the attention learning pipeline, which is based on the residual structure and embeds coordinate attention,
convolutional block attention and multi-head attention in a string-parallel combination to form a
lightweight hybrid attention residual network (HA-ResNet) for extracting “specialized features”. Secondly,
the transfer learning pipeline is used to fine-tune the pre-trained GoogLeNet to expand the capacity of
HA-ResNet model for extracting multi-receptive field “generic features”. Finally, the output features of
both are fused and the MLP classifier is used to identify the product style types. Experiments are performed
on a self-built bicycle helmet dataset and compared with other classical deep convolutional neural network
models. The experimental results show that the FSR-CNN model exhibits higher accuracy and stronger
robustness, providing a new model algorithm architecture for product styles fine retrieval and reuse.

Keywords: product form; style recognition; hybrid attention; transfer learning; composite learning mechanism
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e &5 AFEHARERE R RGEAIHMSE R BSOS, 7 5 R 2 8 R [ 35 3
TNER S ER TR T AU, M — R B LE BAE I R SR, IR SOE ARy
fEAE RAFED, RV 2T S ST s Rl & 4 R . L, i pod. #emfh. Aot &
vt XK B AR S 1) A P 9 A S B AT T AR R 1 77 1] 24, UK VR A= i XU e v oh
M EAESS, 7 WGSBS A VT PP R 7 e e 75 45 77 T 473 V6 o B S A (2471,

BESHFE SRR TR, SCHR[2)E 25 M DU 8 T Al A T 6 28, A48 38T IR SR 7 i A il id
SR T T 0 AR 5 3 T A L T DA A B A [ 7 O JRUR DA R R R A
IR AERE 107 SRR TE AL . S DR ik e T N T RVl , R 2R T U s . &
EAEE, PTRIFRA AR SR, SEA—F RS & RGAEMHP. Tk, WREESIME
NN REM — BB SOR RIS, R 2 IR B2 G AU 42 [ 2% (Deep convolutional neural networks,
DCNNs) [ & & 18 #5315 (Computer vision, CV)TERMGIRA]. HERMEI . 8 X5 5125 7 T B S
TEBERPE, 2012 4F AlexNet®H# 45 i, 7E ImageNet(2010)_F HIEG RIS fg e ki N T
B HIRFE , TR T AATTXT CV AR J5 . AlexNet MY R U724k & T '€ FIRT 5 LeNet-5(1998)!1,
&) B % 5 4 DCNNs B F MR . 180, NiNQ2013)M, VGG(2015)'?, GoogLeNet(2015)1314i1
ResNets(2015)! IHBAS [ FLE 2% 12 5] AlexNet. 1 ResNets $2H 7 B AR ZEHR ML 451, 7]
KMEIRERTPETE, NIREME ML WSt 7 BT, 540, WA 188 i & Fhisus
B # (0 ReLUMS!, GELUs!'. #iBi%(Dropout)®!"l, JZIH—4t(Layer normalization, LN)!'SIAftE)H—
.(Batch normalization, BN)'577 1k 5 AR 8 G iR B AR 28 I 25 1 L& BBE PV R I 2L B 1K
St 22 ) 44 G5 AL LA AR AN B T IR FE S ST HOR R, )97 it AR B R R0 5 AR R it T
ARIEREFIRF 57 R

VA, —SS A FF 465 DCNNs $2HH b5 7= 5 I RHIES B o HU SR 58 B RS W58 4
FAF55, @i LI b T T N TRIE & ) SCRF R B HL(Support vector machine, SVM)HIEA i 2|
¥ 2 ] fit 1) DCNNs(AlexNet. VGG16. GoogLeNet 25), 455 78 DCNNs A E%, (EAT
BT HRHE AR B AOREPIRA VGG16 BRI FERTFEAT A ir 1R, T bl S 36 25 B4 B
VGG16 B 1R 5 HE R R ok 28 H LA 2% 31 5% SVM. GONG Z5P2IEF AlexNet 5 77 dh L 3 1714
RPN M. ZHOU IR FHfRILIE 10 VGG SR ZEBHT /0 K0l . W FLEPI%E &
BTN 5 T ResNets N TR RE BT R AR, DU B HLIEAUE o3 FON LI BTN IE. SU
S B DFL-CNN SR 22 3EAT A0 B2 I 47 43 5 R0 o 7T 0 DCNNss 767 KUk« S R R
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Wl RV TR ATIE, Bl A ENERAY 2 DLd F 2 SUR B2 S VRN B, B E X
vt JRUAE AR 200 R ] R T 1) Ao 28 ) 9 BV 24 o RV SCHR[20] A A N B0 VHRFAIE o1 28 D 2%
H B S BURFEAR S5 & BE SR MR 3, (B N CUOTHRAEAUREI 3% 7, 0 AR T3 e ks e %o [A]
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R JIHLHI(Attention mechanism, AM)fFE#F L2 B &L 1E TROODSFIERIRE S, BAVITEE R
S A R S A R BCR, BEEW ZHTFARMN CV L%, WmEMES 2K, i o #l.
H ARSI, W] LA R BRI 48 25 W MR R 4 2 . 7 DCNNs J51H 2 I E R I E, W R H
IIEVE R AR AV E R /7. 3B 3] (Transfer learning, TL)J&HL3S 2% > A fif vk Il 255048 AN A2 0] R
FHJT P e B R I AR SR 6 TR ST [F) AT B, R RTR N B8 AR AR A B
Hiridk. TR IME CV SUlRIE T HEMER, @il RBIRE ERUEIZRE — B S5, 4
XTSRS S RO BB LRI A6 1k, DT SE IR 5 AR OR B 1 78 R B EARAR I A B0 A AR

77 i AR RE AR 2 G R B — R e R K, BT CV N AHBEAS 7. AH ERDRLBE KR
S, b RS AE R B T AL P TR ()8, SR 2 ) 48 S B 22 BAT 22 S MR R 40 T R ALE
Ak, AR AKE P i R R R A R A, ATV NREA S ST TE AR . (R, 7 UM RS AR R 2
— T A PRI MG R AT S . ER A A B B LR R ARG 2R 1M 288 T R 1Y)
WU TRAE I GRS B A R 4% 2% oJ 1) B 290 SO I UG R I T 5 S kel A IR ARAE ™, 2R 4%

BT LR, N LTE E m RO I ECRAG 2 R RS RHE, 38 H—Fh R T 5 A2 ST HL (i
BRI A0RLFE KA IR A B AR X 25, [R]EF Bl NV R I LRI AT RS 22 SRR, DA T ™= i XUA TR 1 v
% o ZEPAEAA BT B AR KRS R AE BB B SE AT RO ARG 2R T XU 77 e, SEBIR A RUA%
RREMRS R, ARG P XU i B2 8 1 B AR SRR
2 FERABEERNEEER

2.1 IR BIMLE
7 it UK AR 90 45 J8 - 25 P4 TR AR 00 B 1R 531 ) J31 . DCNINs 7E BMGRRAE 2% > 7 THI PR RE 7 HY

A, HRE SR 7E RO B 78 2 AR N BB SE T BB N 2R FRAFNAK P, SRTTI R 22 407 i g 52
PGB RO AR, BAR B [F) XU BORE A B0 S /N . RSB B AT 2k RS Bdl 4, F
P AR 29 1200 WE IR o {5 A B0 1R X 28 A 2R M 2 =) B 5 224 ORFAE {8 B0 1) DR 2% A 7R S
GG, ZEYE D S ERERMERE T R,

WHARR NI RGAH AR B E R 2 I, RIERS 2 S MR UL, | RER AT
HR LI T o i /R, J5 38 nT A SO AR Bad #in) @ . yRa . B PR S SIHLH], 8
Pt — PG AT I A M 28 BENESE, BRI R @ AT R 5 ) e, TR e R
PR nIE R RS RS B, G 1 PR e VER)F Il SR IR A 2], ISR A SE R T
KB TS I SR A S I8 FHARRAE 27 2 o Rl 45— P BRI N 28 25 i st 20, I dm 44 9 dike
JE R TR 1) 5 AR A 28 (X 2% (Fine-grained style recognition convolutional neural networks, FSR-CNN), 41
Kl 2 s —J7 VR R 5 )@ i B — Pl & 78 = )1 5% 22 W 4% (Hybrid  attention-based ResNet,
HA-ResNet) &5 1 SEIL, RAEABBUR BT ZE P4 S5 PR N 2 FER ), R R 58 H A M i,
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AR BN 53— J7 TR 7 )l R H TSE I 2RI GoogLeNet SEHL, It m 2 A I /)N & Hic4fs
F oG NN A IRACIZRHIE, LAY HA-ResNet I & o 1556 IF47 1 7 Sl BR AR 34 BLAN, & FAFAE”
5l AR B LE DY 2:1 0 SR 261K KURG IR 03 i b O O R AT ik 5 = A 22 R ERTHL (Multilayer
perceptron, MLP)732548 5281,

[ IR R Sk s |

axwxy | ——(FAREET—

SoftMax

Z B AHL

R AEDE $2 2

d GERAZESIHAD | |
4 i |
; 5 PR 5] ) |

v Nl I I BRI %

GERS 5T
Hli o T mewsmm KEERR S| FARIESS
B 1 A STHLH] A28 N 24 S HE 28
[ RRIVE R 75 2 FZEHA -ResNet (FE 7% 722 51 HEK) I SRR S0
g T VE AT HE B JEATVE R 7 s

[ A \

k7n64s2p3 ' k5n64s1p2 k5n64s1p2 k5n128s2p2 k5n128s1p2 |

~| bias=True
§ X Koo g ~ &
X g = = g o = g 2 g g olg [°F]
SIS EE] S S IS Bl e = S I R e S HESERE
Q=lz2lszlZzRl Bz ElQnken =z 23|z [Ela z|a|zz|Ela =70 5| 8|S
X slS el gEmnglE BBy :hmg;—;ao’}_\_{g =\mlg=5|D thg,_}d:
Aol o =Moo oo.cx,]j";_: S| o588 2% S IR Multi-Head =l o5 &IF|S
| [0 2CI5|P] 2R <X 2| O] &P 0| &< 230 2P| &{< ulti-Hea =2 ol 8|3
2] a2 = K3 PRt a5 2Tk & Attention g a3 |EkE
2 < <f s —
k1n128s2 k1n256s2 bias=True
|| ool / ]
= onv2d =
QEQ x2 x1 1 MLP Hi A
i output_size=(1,1) e s S !
| [k7n64s2p3 kIn64s1p0 k3n64s1pl bias=False SR
s = = SN et '
I EINCREN S @ PP ] ||« spmrs
&= o - alBla% 1% e ! - A R ;
I g = g =) é g =t Conv2d, k1 || Conv2d, k1 | MaxPool2d, k3p] %5? = £ %;n §:§ o :;;Erz]éﬂ% :
ElzB 1S 2z 188z B2 (Conv2d, k3p1 [Conv2d ksp2 | Conv2d, k1 ||/ Z (S Si<lag= 5 | 2™
ERENE R 253582 |5 | v mE ;
= = Inception Block V1|Z| 2|5| 8|23 e mIE R !
x2 X5 x

2 BUBLIER, | b RHEE

-------------- | e R
1 GoogLeNetiE RS2 51 % (T8 31 ) T

B2 AR XA IR AR 22 P 2% 2 1)

22 REFRNBREMLE

FEBRRE P2, B A T ARARKINE SCRHIE, B2 7T 2% S BB m i (38 SURHIE, Rt
BRI ML — B TR R RTTRZ A 5 BRI S, BRI ZRAE K,
Aoy MBS LT R AN FEMRAE . itk HE USRI 1R ZE 2 SIMESE,  RIVIE RS BRI BRER 144 (175 30
R A5 5 AT BAME T IR E ROR 2 ik T BRI XA IR ZE S5 A R T LA Ik 4 2 8, g
i IEMERIL G . AN, RN — R B BT 5, BEREA PR T 5 B R A 2 B %
FERE R, AT RER w2 I 4 R SRR DOPT, BT B, 1R SRR R BV R Bk ZE M 4% HA-ResNet,
W 2 Fron. LURZSHITE MR IERZEN, SR B IR4E & 7 208 =R AR R R T 70 B BUf A
Forp, AT BT RO ST R i KU B AR

ME 2 IR, HA-ResNet f A KA — I8 fh R, i th A 12 g X E B R IE sk &, 36



THEHLAE i iE R 5t

Computer Integrated Manufacturing Systems

A 3 AR, Al EGREAEE, B ATER BEPR TR . MABECR A 1 A5
AN EUG AT RO B, BRI R 7x7, BKN 2, KR 3 BIER I M G 64
HIE RHE R . A LN AE BN OB M AT 20—k, e 2k 1% % 570 GELUs fE N
W R, IR R ORI 2R JE (MaxPool2d )W 0 Ja I RFAEJEAT PR 4E . HedG 2 R ATTE R IR, B
W% ZE ORIV AB AR 38 DU AC B R, K REAE AN 64 4EmS 31 128 4. 5 =& IHATIER IR, A
o 1ABRREIA 1| MEEER Y. EHEFIRETGREEI 128 40527t 2 256 4E; N5 F]
F 1 1& B2F- 3417 2 (Adaptive AvgPool 2d)$& BURFAE 46 th R~1 o 7x7 BIRHEE], APk E =5
JIN Dropout JZ(MEZH N 0.6); #5573 1l HH 46 FUHE 55 /788 (Convolutional block attention module,
CBAM)M £ 3L 74 & JJ(Multi-head attention, MHA)RHRIHAT IR A5k, FrAERRZESRHHR
RSS9 5%5, HEOE ek #0R & 18 GELUs #1 ReLU.

22.1 BATIEFE AR
TR A 22 X 48 SE T IR 2 TR AR B0 . I ARIAR B, 2 G BV 2 AT IR A 5 34 B0, i

S —Fh RSB HEAR B IR B . SRR 5 WERTHEIMERP RS H2 H Ak sES FL3E 0 LR S 4. 41
JE WA ZE 5 o 2L 2H 23 T ) R 5 3 S U (R ) s 3R ) T 2R ) ARG £
FHRAER BV T AL O — 1) S S U (B ARG S 80 B4 s L, AN SR 58 R 5\ D S SR )
AP S 0 (T 17 T SE AL 2 — AN TR, T AN R LA B (R B2 2 BRIEAR ) o 38 AATIX 72 il JRURS (R4
o o BRI R (R A IR I — 2R R T LR R I o X U5 BN AL SRR e B e A 5 R 8 1) SR B PR R R
NPT GIRAE T B MO T BRX LB AIRE AL R SCIE B TR A N 4 15k 2 ik
N BA 4 RVER SIHUE] AR ARIE R /18 (Coordinate attention block, CAB)P, Gt Al fd #5347 2
RATGERAREL, AT RIS IIRE . HE 2 75, SATERIPUE R ZE A CAB &
B R, HAP RS CE ECA IR, TEILE SR CAB MEVEZN .

CAB BUHIRFJSEILINE 3 From. B 55, 20 AKFJ7 ) A B 7 [a) #EAT P 400 SR R AR 19 B ANy
b HR, 2SR 4ERE E e AT R IEPH % /F (Concat operation), JEHEAT 1x1 HRISH, Mk
PESABER A5, B BN AFAIELAE AR HoRk g i 3 BT 8] AKSFJ7 [ 2 EAE R, F0 3
HEAT 53 E$EF (Split operation); %, &4 HIE 1x1 BHUIE H A S BB LA FFRHER, If
i H Sigmoid Wi B BN RHE B BEAT A — 4L BT, SEBUINABC S5 A R 4E B A RHE .
ZERUE, CAB ML Je & 7E /K707 [ A B 77 1) B RIS AT PV 3R, SR 5 il it — R A AR 46 07 10
RS B AT S, e 10 (RS B AR E 4 b DUIBCR AN 772U AT R, AT S B KX 4k
FHIE(S B OGTE . BARMLE it 2 1E 5 2 MERURZEIUS A T 1 MNEEECN 64, mvEddn 56 (1
CAB, VARTESE 3 MGRBRZEIZ G/ T 1 NMEIEECN 128, m%Ei42 28 1 CAB, MM E T —
ANGRZEAAR ERATIE R I, A 2 FTR
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i P TT
Residual cxXhxw #

___________________

exhx1| [XAvgPool | [Y AvgPool | cx 1 xw

‘ Concat + Conv2d ‘ o/r x 1 x (wth)

‘ BatchNorm + Non-linear ‘ c/r x 1 x (w+h)

v osplit ¥
exhx1| | Convad | | Conv2d | cx1xw
exhx1| | Sigmoid | [ Sigmoid | ¢ x 1 xw

A/ |
. b REAEREIR
Re-Weight X Jp % | e
) I e
R |

B3 AbbRiE e SRR
222 FHATIEE AR
2 /T, FATER BB 1| AR EIRPE N FEAT IR (07 = IR ik, AT & AT

it BURHE R = 215 LRoR, a8 LU S B H0IR L. 1T HA-ResNet il AU (B R 24T
FAESRIL, BN T NG IR ZIRAS B 2 SRBERFIE R, R SCHR TR & P RS R R T U LRI EAT
ITRFIE R, ERERINFFERMBOHMTIER R, WE 4 fros. Hd, CBAM &gl
BAER 1 MHA W US4 RER ARER T MR EE L, I R Z L TEH
T REE S Bk, PABhERIFAT I R v AR R T 503 B R IR KU RFAE -

" BRI STHH)

=
S
5
g »
3 <
Il =
T &
S &
«|®|2 3
INE |
= =
& ]
) ° ) h=6 |
%'cg‘ L =2
Plaf2 z
== | 2
(=] =
B EH e £(2
&n 3 = N‘I] Eﬁ‘ﬂﬂ
5 » © 2 > |
< Of']-E o]
: @ =
> =
= ©®
<
~
<

Multi-Head Attenti@

K4 JRATVER B
CBAMPLE —Ff ] TR A5 AU 22 0 4% (3 B 0B, ol i v s 0 R 2 [y 0 VR T
WA 4 BB o RIXS 45 78 AR ART Hh ) AP A P E S 0 A0 23 (AR HE T i S B SRR e I B 5 45
SE FA R [ADRFAE AR 3R LLEAT S S AR IE RS MR, T SEBUN SR B AE SR ML . BRIV = it A
N:
F,=F, ®M_(F,).
F,,=F,®M(F,)

out

()
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Xt @ RRLITEME, F, eR¥*77 j&Hi—)Z AdaptiveAvgPool2d % Hi IRFIEE, M, e R¥O™ %
T BRI, M, e RYT R 2 A AR ST .

MHAPRSE I 1 A E R 73k DOFAT I 2 5T (97 REFR A RIS EEAT R, REIEREAS S#%
VAR 5y, T LARR G (T A B B A8, i 4T s Biokiin, 44hE
MR H(g e R™ ). BE(k e R)FME(v e R )G EEAR, WU BRI A AR KL
VERR RSB AT, Fxt EAT I R IR, Sk b (i =1, h) TR A

= g (W00 9w

= Seelf-att (QiaK,-,V,-)G R#v

)

Ao RSB Wi(q) c RP% . Wi(k) e R4 Al W,-(V) eRP 4, HQ = W,.(q)q . K = W,»(k)k .
V=W s S () FRERINCRRS, KRNI RS, BV, SoftMax (K,"0, /{4, ) -

B B 8l — AN AR A5 2
hy
w,| i |eR? 3)
hh

257 & CBAM Al MHA, JR&IERE IRHETHE 715N
Fepa = fro (Fou)»
Fusin = fro (Mg 23,6) > o
Feon = feon (Fepas Fama)
R, fop ZAFAER AT RIIEIAE,  Fop c RS R fo WO IE 1935 B 1 R
s FFMFT 6 M EVEB A, Fypy < R FRE i OG0 Sk EERIPRE: foon 2

Xof: W, e RTINS R

INFHEPHERAE, Fooy eRPPRIRE foon B JE MR G VE R IRHIE.

2.3 #TF GoogLeNet HIIT Y SIRI4LE
T, TRTENSE R S B IR I 4R, H — BRI N 2 S RN 4 S B . AR

RIS R G A B LIRSS, N T R YRIX L ), GoogLeNet #f 5t A fiJ:F
A7 )53 (Hebbian principle)fl 2 ] ANIE /7%, R H B A IHATERITH M) Inception block HiL!,
Wik 2 fii7R. Inception block 1 4 2 IF-4T BRI H A M. AT 3 45884200 B FHBRUZ N 1x1.
3x3 FI 5x5 (A AZHIUR R R BE 2 RIRFAE . 56 2. 3 kA i imiE 4, MR T 1x1 BRUZ
SHANHEATACER, AT FRR T AR R 2 . 5 4 IR S0 P R ST 3x3 s KIC R 2,
SRIGILH 1x1 BRUZ R EIE R v T AR RS —3, 4 KBRS HUEI R T H
ERIHTE . B R KA AR 4 BRI AR TG 4 B AT PR AR . 2R E AR T E S
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MU R TR o 385 20 & AN R RN B B 7 b AN [F) ROBE OG5 RF A, DD 28¢5 52 1) £ 2 2 T
BERIPERE, B2 GoogLeNet JEHEL T 9 /™ Inception block. AHLL LeNet-519, AlexNetP®l, NiN
VGG AT B BUE 575 30, GoogLeNet IR 2 4738 575 USE A7 1 T~ 202 7 it AR RFALE Sl Y o
R, 18 SCRAAE ImageNet b FilZE )45 1) GoogLeNet 1 AE R 2% 2@,  LUE AL 2 ] 8 F 5
fE”, ABIT4 78 HA-ResNet &5, [AIf 47 & T FSR-CNN )8 o A 5 — A2 2 AT 1
W, ek o R R O 256, RJEEETE D —{ALEE, IR GELUs fEARUSE U=, &)efiH]
Dropout JZ Wil &, #4%K 0.3, Wk 2 fros.

24 MEEH
W SOK = i 7R RS A VR AT 5528 s A T B8 BROPR 455 0 22 0 S S ) 3L K5 % A\ B FSR-CNN
7= i BB R A x, » HETZMEAE — NSRRI MR frsnon (V]x,) > AT

1 oA
AR g

}i‘z
TSI frn o (91 %,) > 2R P2 G KU SR SD = {(x,0,)) Y 61T,y €{12,3,-,C) AUREK

n

RAUBRZE, N ANGERALE ., B33 URHR R EBORE L FSR-CNN iR Z:

R 1 N C \
LOSSFSR—CNN (yn,c’fFSR—CNN (yn,c | X5 W)) R —ﬁzzyn,c Iogyn,c +AHWH§ (5)

n=Ic=1
Kby, PRI E LG HEL; 5, & FSR-CNN Tl XU %, B FSR-CNN 55 ] SoftMax
SR AWl R E BRI, 4 R E R RS

2.5 VR IERR
N T B IE EE AR AR ) XU R I RE 18 SR A5 SCR[21,23, 25140 R O HERf 2R (Accuracy) « FEHfR

(Precision). 7 [A]# (Recall)fll F; {8 (FiScore) X Il Zrlf FIBE R BEAT VRl ELEE, 404 R (6)~(9) FITar:

TP+TN
Accuracy = 6)
TP+TN + FP+FN
Precision = L3 )
TP+ FP
TP
Recall = 8
TP+ FN ®)
Precisi Recall
BSizants = 2 recision x Recal ©)
Precision+ Recall

e TPRARSERR N IES], TONA IEGIRIREAR R TN RARSERR G, T A S AR A £
T FP ARSI O], BTN BB RE AR R FN AR SEERAIES], BT 5] R
ENIE g8
3 I

SEIGF 6 W GPURTX2080/8GB {247), ] CUDA11.0 MiiE; #:4F % %t79 Ubuntul8.04,
RIS 2% SIHESE N PyTorchl.8.1; kit FEH Visdom ATALALYEI . DL E AT 43k Z8 40 d 4E X FSR-CNN
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Bt L AR R AT U 2R

3.0 HiRE
T H AT TR B 7 XA S 4, B Ie S 1 1 AN EATE LB AR SR, $ha

6502 I8 FAT LB B, YIS /IEEE R 6217 E, MIREER 285 . —3A 5 KRG BT 43k
G, EDPRRAN(ERAAACHD) . RICIRIGE AR . TR RN (Z LT TR (B T 2 A )
FRIOUAS ), BFPh Rk (R AN B W 1.

*1 BITELERRYIRESE

RS S WL A M/ TR i i B 7R AL
' . P ' %
L ® v A P @
72 i R ‘ g . i
&7 y ? ® ™
Y /5AE S 1337 878 1047 1455 1500
MR 58 52 45 62 68
%o 1Sleek 2Sci-fi 2Streamline 4Hale 5Wrap

3.2 PLEIGIESLLE
32,1 W&t Eis
FSR-CNN f Kl 2548 %0 max_epoch ¥ A 800, L& K/ batch _size A 88. i AadmWBS ULk

BANALINE SR, VIRESIH N 2E-6, =09, B,=0.999, [FINHE A E RN, WAL N
SE-2. IZRATH B AT 4k B S HHE R R MR EE ST IELSE, il 6:4.

Kl 5 & FSR-CNN YIZiA K 5RAFHR R XT L, R ZEBE R TR, PRk
Lk T P s R, FRBAMZE AT B 2 ) RPU E RE S B 6 DIl ZRue i 28 5 56 1F A A %6 i 2%
P, e B, Horh IR th R KA R, RGBT RRE, R\BARG Iz
REo FUFAEAY HILAESE 725 B8, HIGTEHERIZEN 87.79%.

1.8
1.6
1.4
12

w1

Eos
0.6

04 A eoecsitgon

0.2

Il ZRAE 3

— gk — Rk
K5 IRk 5 R R X Lt
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09 - -

0.7
5 0.6
£ 0.5
04

0.3

0.2

0.1

— R — R
B 6 LR S B v A A L

AXTEIAE, EINZT 7 N4 DCNNs HyEMEAY, B LeNet-51'", AlexNet’). VGG11[12),

VGG16!'2, GoogLeNet!'*l, GoogLeNet(pretrained)!'> /1 ResNet18!'4, [XZ&IRE MK IKIG N, 75 E 08
(IR AN F] (8 S H e PN AR = AR A AR e, A BN LA R &l 2 ksS85, 7 A
X ECRRE R T I GR i 2 S 3E 2R IR G BN S H, BARRR 2. VIZEAE, SAERHK
AR 2k 5 R R A i 2 an ] 7. ] 8 Fia. XTELTT AT FSR-CNN HUSHIERZ PR, /N2 0.4
BHic HLARS /N RIS IR R i 2R 1B s 48, HARG B/ . XK B FSR-CNN HyEA A B A5 5 4f

Iz A RE S AARfE T
R2 KARZRBNBSY

Fr5 AP Lt FE PEEH A #HERAD AL
1 LeNet-5 1E-4 1E-3 88 AdamW
2 AlexNet 3E-6 5E-2 88 SGD
3 VGGI11/VGG16 1E-5 1E-3 88 Adam
4 GoogLeNet 5E-5 1E-3 88 AdamW
5 GooglLeNet(pretrained) 1E-6 1E-1 88 AdamW
6 ReNet18 6E-6 5E-2 88 AdamW

IS UE R R b

0
1 50 99 148 197 246 295 344 393 442 491 540 589 638 687 736 785
——FSR-CNN ——LeNet —— AlexNet VGG
——GooglLeNet ——ResNetl8§ ——GoogleNet —VGGI16

(pretrained)

K7 8 NI (195 E A1 2R AR A0 28 % b
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e e 0 L
1
0.8
e -la‘.nit“‘b'{‘. b B s e
i 0.6
=3
%04
0.2
0
1 50 99 148 197 246 295 344 393 442 491 540 589 638 687 736 785
—FSR-CNN ——LeNet — AlexNet VGGl
——Googl.eNet ——ResNetl8 ——GoogleNet —VGGI6

(pretrained)
K8 8 MNEVEBIAY B IE R F ARk th 2 Xt L
FEMHAEE EXTIZREF ) FSR-CNN K& BIR 7 ANEEB A AT KA IR PERe I, S5 3 Wk 3. w]

A1, FSR-CNN 7EAERAZE . KM%, HEIZEM F1 {H 4 DIPEM abaidm T HAth 7 /> DCNNs HiESE R,
Tt B ZAR Y 5 E AT 4 Sk 25 RS B SE I B 2 i UCHE . [F)IsF, &A1& H GoogLeNet 7E 6 AN AEFIIZ:
BEART R R DA 4, X EGAE T %% GoogLeNet 1F NIEM 2 1@ K A —E &3k,

#*3 FSR-CNN 5Z2AEERBIRILLLER

e HIEAR R M RS A% FifH A IR
0  FSR-CNN 0.835 0.845 0.835 0.836 MEY
1 LeNet-5 0.670 0.685 0.670 0.669 @
2 AlexNet 0.677 0.677 0.677 0.668 i
3 VGGI1 0.695 0.697 0.695 0.680 i
4  VGGI6 0.737 0.754 0.737 0.734 i
5  GoogLeNet 0.712 0.713 0.712 0.696 i
6  GoogleNet(pretrained) 0.821 0.826 0.821 0.822 =
7  ReNetl8 0.688 0.699 0.689 0.678 i

b, HEHE BT RS R AR XU SRR AR AR R AHEE Y, 3R 3 R IPRI SR AN RE
B2 AR AE RS AR SRS o R PR R . ERLIEE, 25U T BE G R E AR R T B FSR-CNN Bk
At TRV I (Confusion matrix) 2 PN 73 FEIR I AU AL 5 I BE ELALAO T B . 18] 9 J9 FSR-CNN AL 7E
TG ERTRE R, FERE AR — SRR R AR, R B — AT RN S KU AR 25
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1Sleek

50

40

30

T8¢ A 2 )
4Hale 3Streamline 2Ssi-fi

-20

-10

SWrap

1Sleek 2Ssi-fi 3Streamline 4Hale SWrap
T R 25

P19 FSR-CNN 7EMHRLE b TR E R FE
HE 9 AIIRIS IR AR 1 XAS SRR AR S R, 2 AU(1Sleek) A4k A (3Streamline). fiF B Y

(4Hale) LRI (SWrap) &8 4 > 57> 3 /N1 5 AN BEAT 4Rk BRI RIZI B A& (2Sci-fi), [
I RIZI RN A 4 MR IR AR, 8 MR, 2 MR E R AR DA 4 4
BOARAARHLIY . 2 MR RS 1 AMBRAIATERAZSL . 4, BTTDR XS BR T RHZ)BA 2
ANBARAN RIS, HAR KGR ER, MEENREHE 5 MERNPARILIE, 4 MR
NRERARY . FHULEREE, AERRRIRIL B XS R SRR AR, TR B B A KU U R R . i —
i A (T~ IR B F XM R B BRI . AR F EH, ERNE 4. R FE
BERITE 5 Fp RS R AY AR @M s BMIRIK VOV B R R L BERIAY . 2B, MARARARILI Y. ¥4y
KA FEBIR R, 10 Fis.
4 FSR-CNN g EENFNLER

AR KA PR e FERCIES Fi {8 M
V45t 1Sleek 0.82 0.88 0.85 58
R R 2Sci-fi 0.69 0.73 0.71 52
MR 3Streamline 0.94 0.73 0.83 45
ik B 734 4Hale 0.79 0.92 0.85 62

(=i 5Wrap 0.97 0.87 0.91 68




THEHLAE G R 5t

Computer Integrated Manufacturing Systems

Real:
2 1Sleek

Real:;
i . ’ 28ci-fi >8<
1Sleek(0.990) 1Sleek(0.943)  2Sci-fi(0.558) 1Sleek(0.992) 1Sleek(0.988) | 2Sci-fi(0.899) 2Sci-fi(0.582) S5Wrap(0.742)

b Y

rd
r &

Real: 9 10 v,
28¢i-fi >
SWrap(0.975)  2Sci-fi(0,954)

3Streamline I>% !
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Review of Product Image Form Design and Its Application

LIXiongl, SU Jian—ningl, CHEN Yan-hao*, ZHANG Qin-wei3, ZHANG Xin-xin*, YNAG Wen—jin1
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University, Xi’an 710072, China; 3.North Minzu University, Yinchuan 750021, China;
4.East China University of Science and Technology, Shanghai 200237, China)

ABSTRACT: The paper aims to review the application research of product image form design and understand its devel-
opment status, hot spots and trends. It analyzed the system structure and application process of product image form design
through research on relevant literature at home and abroad. Product image form design and application process mainly in-
cluded product image mining and positioning, analysis of product form elements, image form design and other aspects.
Image form design can be carried out from the perspective of single-objective image, multi-dimensional image, image
form bionics, image form fusion and so on. Product image form design is an important development direction of modern
industrial design. It is widely used in various product designs. Its core modeling ideas and methods are constantly updated
and evolved. The difficulties and hotpots of future application research are accurately mine of product image, implicit
mechanism of cognitive products, high-dimensional image fusion and intelligent design.
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Fig.1 Category of product image form design
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Fig.4 Schematic diagram of single target image form design
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Fig.5 Schematic diagram for many-to-many mapping of
multi-dimensional image form design
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Fig.7 Schematic diagram for image form fusion design
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Abstract. Parametric form design method based on natural patterns is proposed for the design schema of
the traditional form bionics. Firstly, the concepts of natural patterns are analyzed, concluded and
summarized. Secondly, the parametric design thinking is elaborated from three aspects: thinking mode,
design flow, tools and scripts. It is also proposes a parametric logo design method. This paper takes
logarithmic spiral pattern as an example to describe the process from the law of natural pattern to logo
design, which includes nature pattern analysis, control rules of from and color, algorithm research and

generating design.

1 Introduction

The aesthetic laws of statistical aesthetics, most of which
are based on the structure and growth of plants and
animals in the natural world!". Learning in nature exists
at every stage of design development. Different stages of
development have different understandings. From the
initial appearance simulating to rational creation born
out of the inside, humans gradually increase the
integration of design and nature. Design absorbs
nourishment from nature and helps to create beauty
actively and regularly, including new forms and new
structures. The design pursues the realm of natural
harmony between man and nature.

Parametric technology has been widely used in
architectural design, industrial product design, landscape
design, fashion design, jewelry design and other design
fields!?.. The goal of parameterization is to construct an
automatic design system that can be edited at any time.
Parametric technology provides infinite creativity for
designBl. It can obtain several design schemes at one
time, thus improving the design efficiency.

For the design schema of the traditional bionic form,
this paper focused on the mathematical logic behind
natural patterns, and studied the parametric form design
method based on natural patterns.

In the following Section II, we provide a brief
introduction to the concept of natural pattern, including
analysis and induction. Section III discusses the
parametric design, including process, thinking model,
tools and scripts. Section IVstudies the method of
parametric logo design. Case study in Section V. The
last part is the conclusion.

2 Natural Pattern

*Corresponding author: 2 sujn@lut.cn

The term pattern is not unfamiliar and covers a wide
range of fields, such as biology, economics, computer
science and technology, physics.

We are in nature. Human exploration of natural
patterns began as early as ancient Greek philosophers.
Plato, Pythagoras, and Empedocles had tried to reveal
the order of the natural world, and established the
philosophical foundation for the study of natural patterns.
In 1202, Leonardo Fibonacci published his famous book
Liber Abaci, and raised the Fibonacci numbers on the
issue of rabbit breeding®. In the 19th century, the
Belgian physicist Joseph Plateau studied the soap film,
prompting him to propose the concept of minimal
surface Pl The Scottish biologist and molecular
mathematician D'Arcy Thompson took the lead in
researching the growth patterns of plants and animals. In
1917, he published a book On Growth and Form. In his
book, Thompson proposed to associate phyllotaxis with
the Fibonacci sequence!®. He showed that complex
spiral growth can be explained by simple equations. In
the 20th century, the British mathematician and the
“father of artificial intelligence” Alan Turing pushed the
study of natural patterns to a climax. In 1952, he wrote
The Chemical Basis of Morphogenesis'’, and the
seemingly complex and irregular pattern of spots and
stripes could be described by the Turing equation. Then,
in 1968, Hungarian biologist Aristid Lindenmayer
developed the L- system to simulate the fractal of plant
growth pattern!®!. The scientific research results of these
natural patterns are the premise of ‘design research based
on natural patterns’.

Patterns in nature are visible regularities of form
found in the natural world®. Symmetry patterns are
ubiquitous in nature. Humans and animals are mainly
mirror-symmetrical and plants usually have radial or
rotational symmetry. Non-living bodies also have
symmetrical patterns, such as snowflakes, ice crystals,
crystals and so on. Spirals is undoubtedly the most

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons Attribution
License 4.0 (http://creativecommons.org/licenses/by/4.0/).
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beautiful universal pattern, the initial pattern of life
system. From the inanimate spiral galaxy to the genetic
material of life the double helix of DNA molecule, petals,
fingerprints, eddy currents, cochlea, the tendrils of plants
and so on. Insects and animals show the extremes of the
spots and stripes pattern. For example, leopards, cows
and ladybugs are full of spots, zebras and angelfish have
distinctive stripes, butterflies blend spots and stripes.
Meanders are common in nature and life, such as the
whereabouts of animals, brain gyrus, artificial mazes,
and pedestrian trails. Branches and fractals are
widespread in nature and have infinite self-similarity.
Such as lightning, mountains, coastline, the body's
nervous system and blood vessels branch, etc. Alongside
fractals, chaos theory ranks as an essentially universal
influence on patterns in nature. Mathematics tries to
discover and explain various abstract patterns and rules.
The visual model of nature can find explanations in
logarithmic spirals, fractals, topology, chaos theory, and
other mathematics, which lays a mathematical
foundation for parametric design.

al patterns (Wikipedia).

Patterns organizes and defines the relationship of
nature, and can be applied to practical design to enhance
and support visual communicationl®. This article
attempted to develop the intersection between natural
patterns and design sciences, and tried to combine
natural patterns with the form design through computer
programming techniques to explore a new form-aided
design approach.

3 Parametric design

Parametric design originated from mechanical design™.
The fundamental difference in parametric design is the
application of computer programming techniques,
compares to a typical sketch-manual modeling design
schema. Its purpose is to construct an automated
generative design system that can edit and modify
parameters at any time. Therefore, the parametric design
has changed in three aspects: Design Processes (DP),
Design Thinking (DT) and Design Tools (DT). This also
leads to the design cognitive model of designers to be
changed.

3.1 Parametric design thinking(PDT)

Hugh Whitehead thinks that parameterization is more
about a way of thinking!!%. Rivka Oxman!!!! claims that
this is mainly due to the intersection of three areas of
knowledge: professional design knowledge, computer
programming knowledge, and mathematical knowledge.
Parametric design does not deal directly with the form,
but rather studies the mathematical logic behind the form.

Computer programs are used to calculate the various
elements that affect the styling (parameter variables).

Robert Woodbury!!?l, in his book Elements of
Parametric Design (2010), proposed that Parametric
Design Thinking(PDT) has three main characteristics -
abstract thinking, mathematical thinking, algorithmic
thinking. Parametric design thinking processes shown in
Figure 2 can also prove this view. Abstract thinking is
the basis of parametric design, abstracting design ideas
or concepts into symbols, data, variables, functions, etc.
Mathematical thinking mainly involves how to translate
mathematical theorems and data structures into useful
algorithms 21, The essence of algorithmic thinking is the
step-by-step problem solving. In parametric design,
algorithmic thinking means writing functions in scripting
languages. Functions are part of the digital form, the
editing function is to edit digital form.

In traditional paper-based design, designers mostly
reduce the distance from the ideal design scheme by
drawing sketches and making models (digital or physical
models). At the beginning, however, parametric design
schema need to transform concepts into data. Compared
with traditional paper-based design, parametric schema
emphasizes systematic design process and the geometry
logic of form.

The organic management of data is the key for
designers to form designs by programming technology.
That is: data flow driven form, data structure organize
form. All of this is accomplished by data transfer
between the various functions written in a scripting
language. In computers, form is represented by data.
Designers achieve design goals through ‘design’ code
while the code records the thought process of the
designer. The design process of the human brain is no
longer a black-box operation.

Therefore, the parametric thinking schema can be
understood as a process of integrating abstract thinking,
mathematical thinking and algorithm thinking in order to
realize the design goal of organic automation under the
guidance of design knowledge.

3.2 Parametric design process

Whether there is a specific thinking process in
parametric design, there is no definite conclusion yet('?].
However, no matter what type of design has its own
general design process. Figure 2 is a typical parametric
design thinking process. First of all, consider concepts
and ideas based on customer needs and design tasks, and
present them in sketches, text, or data. Secondly,
designers constantly abstract and digitizes ideas and
concepts, explore the geometric logic rules, and include
evaluation rules!'®!. Gradually, designer establish an
associative set of algorithmic rules and data structure. In
the third step, the designer must standardize all
parameters, including the definition, coding, and naming
of the parameters, and further clarify the relationship
between the design input and the design response (design
output)Pl. Further, designers need to consider the internal
data stream transfer parameters to form a control
parameter of the organic system. Step Four: designer
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writes the script code in the script environment
according to the algorithms, rules and data structure,
runs and debugs the program, and checks the design
response. Finally, the designer evaluates the output and
communicates with the customer to provide timely
feedback. However, the design is not a linear process,
especially the process of parameterization. Modifying
rules, algorithms, and code is a regular job.

N e B I
.
Modifies

r
1 i
I
Evaluation of Sketching
Modifies Rules Source Code
or Algorithm or Parameters
v v v
q Idea Rule Source Code
q = Output
DeslgnTaskH Concept Core Algorithm Script language y

H i
' Understanding|Data [ Abstraction | Data (Formalization| Data [ Computer ]
! design tasks D eaters parameters deduction !
H i
i |
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Figure 2. The process of parametric design.

3.3 Parametric design tool and scripts

The core work of parametric design is algorithm research
and programming. The design of parametric digital form
by programming technology requires graphic design
platform and script environment. For example,
CorelDraw is a graphic design platform, VBA can be
used as a scripting language. However, this is not a
secondary development in the general sense, which is a
branch or direction of design method and design
technology development. In script environment, form is
driven by algorithm and code. Program statements and
the definition of functions and classes can express the
form logic construction processt!#),

Grasshopper is the most popular parametric design
tool, and is a visual scripting language. It has been built
into Rhino6.0. Grasshopper itself supports multiple
scripting languages such as Python, C#, and VB. It is
often used in architecture design, industrial design,
jewelry and so on. Illustrator supports multiple scripting
environments (VB, JavaScript, AppleScript). Processing
is an extension of the Java language, which can be used
for visual communication design, interactive media art
design, and information visualization!'), such as the logo
designed by the Danish design studio NR2154 for United
Nations Climate Change Conference in Copenhagen.
Mathematica and Matlab can be used for the calculation
of parametric form design!'®!. The features of parametric
tools and scripts are listed in Table 1.

Table 1. Tools and scripts for parametric design.

; Language type/ .
Tools and scripts Futures Scope of application
Gr%:s}:}?: / or Visual scripting code / Code Architecture/
/PythorﬁE’J and model in parallel Product etc.
Cor\e;llls)ARlﬁJW/ Macro scripting language graphic design
Illustrator/ L. ) ]
JavaScrip!!¥ scripting language graphic design
Processin Interactive/Visual
(JavaScri )LgISJ Graphic design language Art/Information
P Visualization
Mathematica symbolic laneua 2D/3D
(wolfram)!!! Symbolic fanguage design calculation

The parametric algorithmic schema has been
completely different from the traditional paper-based
design schema. However, this does not mean that the
designer must become a programmer, or that the
programmer can replace the work of designer. In the
process of parametric design, therefore, designers need
to constantly balance programming techniques and the
understanding of design knowledge '!1.

4 The method of parametric logo design

As a typical form, the logo is the core of enterprise brand
image. A good logo is both attractive and meaningful. It
is an important bridge between the public and the
company. The core steps of the parametric logo design
based on the natural mode are as follows.

Firstly, designers must have a deep understanding of
the culture, market environment and core values of the
enterprise, and extract core demand and key visual
elements 121,

Secondly, we need to find natural patterns that match
the design requirements. The natural patterns that match
the enterprise image can be crossed and merged in
several natural patterns. For instance, symmetry and
rotation can be fused with spiral pattern. After the match
is successful, the visual constituent laws and associated
logic of the selected natural patterns can be studied,
especially the geometric logic relations. At this point,
designer can initially define the parameter set of the logo
form: {s;, 52, 3, ..., Sa}.

Then, according to the geometrical logic relation and
the form association logic, designers can construct the
transformation rule of the form, and transform all the
rules into the transform algorithm of the logo form. On
the other hand, the overall image of the logo is also
affected by other factors, such as proportion, location,
text, etc. This requires the construction of some
additional rules for systematic coordination. In addition,
designers should define color control parameter set: {c;,
€2, €3, ..., ¢y} and color transformation rules based on the
color design scheme of the logo and color space. In order
to facilitate the color transformation and algorithm
implementation, it is necessary to map the value range of
the color space to the interval of [0, 1]. Sometimes, in
order to show better results, it is necessary to associate
the color parameters of the logo with the form
parameters of the logo.

Finally, according to design requirements, we need to
define the font control parameter set: {f;, /> f3, ..., f} and
font control rules.

The process of studying natural patterns is also the
process of studying algorithms. Parametric form design
is a process of parametric experiment. It constantly
adjusts rules and modifies parameters to satisfy the
visual demand of the customer based on design
responses.

5 Case study

The design task from Gansu ZBloom Culture Media Co.
Ltd. and its core philosophy: the culture spread to the
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hearts of the people, the spirit of sustainable artisans.
The spiral pattern is radially scattered from the center to
the outside, implying the infinite transmission of the
energy of cultural media, which coincided with the core
philosophy of ZBloom Cultural Media. This case,
therefore, applied a logarithmic spiral pattern to the
parametric form design.

5.1 Logarithmic spiral pattern

Logarithmic spiral, also known as isometric spiral or
growth spiral, is a self-similar spiral curve and it is a
common pattern in nature. Logarithmic spiral was first
described by Descartes and later extensively investigated
by Jacob Bernoulli, who called it ‘the marvelous
spiral’®l. The Fibonacci spiral also known as the ‘golden
spiral’ in geometry. It is a special case of logarithmic
spiral and is also the most perfect classic gold proportion
in nature. The logo design of this case used a logarithmic
spiral pattern which comes from Nautilus and seed head
of sunflower (Figure 3).

The head of sunflower is spiral. Its seeds are
Fibonacci spiral arrangement, and there are two groups
of spiral in the opposite direction. This arrangement is
described by any spiral, wherein the spiral of
Archimedes easiest. The definition of Archimedes spiral
line: r(f)=ad (polar equation). Generally, there are 34 to
55 spiral lines from inside to outside. 34 and 55 are two
consecutive numbers in the Fibonacci sequence.

Figure 3. The classical logarithmic spiral n‘nte: Sed head
of sunflower and Nautilus (Wikipedia)

The polar coordinate definition of logarithmic spiral
is

1(0) = ae €))
where a,beR, and a#0. In order to facilitate the

implementation of the algorithm, the formula (1) must be
converted into a parametric equation as shown in
formula (2).

2

x(t) =r(t)cos(t) = aebtcos(t)
y(t) = r(t)sin(t) = ae" sin(r)

5.2 The control rules of form and color

The parametric design of the logo includes three aspects:
parametric form, parametric color, and parametric text.
In this case, we used disks instead of sunflower seeds for
parametric logo design.

The sine function was selected as the radius
transformation function of disks. The radius changes
with the number of disks, but the radius of the disk

cannot be negative. So we defined the disk radius
transformation function as shown in formula (3).

) . asin(bn)+c if n>0
Disks Radius(n) = 0 ifn<d (3)
ifn<

where a, b and ¢ are positive real numbers, and a < c.
The independent variable n is the number of disks,
n €[0,+) . The function image is shown in Figure 4.

20

15¢

1.0¢

Dots_Radius(n)

0 100 200 300 200 500
n/(the number of disks)
Figure 4. Function image of the disks radius transform.

RGB, HLV, CMKY and other color spaces can be
parameterized by logo colour. The value of the color
space was converted to [0, 1] according to the script
environment and programming needs. Therefore, the
color transformation function can be defined by the
hyperbolic tangent function, which is the quotient of the
hyperbolic sine and the hyperbolic cosine. Its definition
process is as follows:

sinh(x) = (e*-e™)/2 @)
cosh(x) = (e*+e™)/2 5)
tanh(x)=sinh(x)/cosh(x) = (e*-¢™)/e*+e™) 6)

From the formula (6), we have x € (—o0,+0) and
tanh (x) € (—1,+1). But the color values cannot be
negative. Therefore, we defined the following function:

tanh(kn) ifn>0

Color_Transform(n) :{ 0 ifn<0 @

where k € R* ,n €[0,4+0), and the independent variable

n is the number of disks. The value of constant k
determines the quality of the color transformation. The
process of the color change is shown in figure 5.

o

Y | A W ol RN (AR
v ] ! ‘ ]

0.4 ' ' ] R

Color_Transform(n)

0 700 200 300 200 500
nl(the number of disks)
Figure 5. Function image of color transformation.

The combination of the blending colour algorithm
and the color transformation function can present
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multicolour nonlinear gradient of the color design. In
this case, the mixture of the three colors is defined as the
color scheme of the logo.

5.3 Core algorithm

Firstly, the logarithmic spiral arrangement of disks is
implemented according to formula (2), where the
parameters are the radius and the angle. [0, a + c] is the
domain of the radius changes of disks, where a and c are
constants in equation (3). [0°, 360°] is the domain of
angle changes. Secondly, according to the formula (3) to
achieve the control algorithm of the change of disks
radius, the range of the number of disks is [0, N], where
N is a constant. The constant N is determined according
to the design response and can be modified at any time.
Thirdly, three color nonlinear gradient design is
achieved by the blending colour algorithm and the
formula (7). The color change of the logo with the
number of disks n change. Finally, we can achieve the
function of calling and selecting fonts by calling the
standard font of the Window system and the Font library
of the script environment.

5.4 The generator of parametric logo design

This article developed a generator of parametric logo
design (Figure 6) with Wolfram language in
mathematica for Gansu ZBloom Cultural Media. The left
side of the logo generator interface is the parameter
control bar of the logo, and the right side is the logo
browser. The form parameters of the logo includes four
parameters: the angle, the radius of disks, the number of
disks, and the size of the logo image.

THE GENERATOR OF PARAMETRIC LOGO DESIGN

Sample Size

font style -

fontlist [web safe. system weight Plain Bold

colorof font | [

Perametrs of Forms
nole ] s

/RN

ZBLOOM CULTURAL MEDIA CoLTD

Figure 6. The generator of the parametric logo design.

Design results in Figure 7 selected out by the
designers, which were selected in the first round. They
were designed by the logo generator under different
parameter values. The parameter values are shown in
Table 2. Figure 7(c) was selected as the logo for the
ZBloom Cultural Media judged by a evaluation group.

Y IR

() (b) © )

Figure 7. The forms of logo in different parameters.

Table 2. Parameters of the logo form

Pa:a ] Min radius Number Image Color value
mes er angle Max radius of disks size (RGB)
01 (255, 0, 50)
(a) 2.3 1 ‘75 271 390° (230, 255, 30)
) (20, 128, 155)
031 (15, 128, 253)
(b) 119 3‘11 261 272* (250, 255, 15)
) (255, 0, 50)
025 (162, 0, 0)
(c) 178.33 5'41 164 3742 (255, 255, 23)
) (10, 150, 210)
06 (0, 128, 255)
(d) 195 3'5 165 3482 (255, 255, 10)
) (240, 20, 45)

6 Conclusions

Natural patterns has provided an unlimited source of
design and can be effectively applied to form design.
Parametric design can effectively enrich the content of
form design. Finding the mathematical logic behind
natural patterns has been a key step. The combination of
natural patterns and parametric design technology will
open up new design schema and methods for form
design. This has been a fusion of aesthetics and
technology. Parametric languages and scripting
techniques will have an unprecedented impact on design
thinking. Designers has been required to constantly
update their knowledge structure. Parametric design has
required designers to respect the mathematical and
logical laws of the scripting environment. It has been
difficult for designers to anticipate design results in a
scripting environment. The combination of natural
patterns and parametric thinking has prompted the form
design becoming an generative system of organic closed-
loop from design requirements to design results.

The next work of this article will study the
parametric design method of complex product form
based on natural patterns.
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