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Abstract: Accurate recognition of modern and traditional porcelain styles is a challenging issue in Cantonese porcelain man-
agement due to the large variety and complex elements and patterns. We propose a hybrid system with porcelain style identifica-
tion and image recreation modules. In the identification module, prediction of an unknown porcelain sample is obtained by logistic 
regression of ensembled neural networks of top-ranked design signatures, which are obtained by discriminative analysis and 
transformed features in principal components. The synthesis module is developed based on a conditional generative adversarial 
network, which enables users to provide a designed mask with porcelain elements to generate synthesized images of Cantonese 
porcelain. Experimental results of 603 Cantonese porcelain images demonstrate that the proposed model outperforms other 
methods relative to precision, recall, area under curve of receiver operating characteristic, and confusion matrix. Case studies on 
image creation indicate that the proposed system has the potential to engage the community in understanding Cantonese porcelain 
and promote this intangible cultural heritage. 
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1  Introduction 
 

Cultural heritage represents the way ancestors 
lived, and is considered a precious and irreplaceable 
resource that people and governments put forth great 
effort and expense (Lowenthal, 2005). Cultural 
heritage can be classified as intangible and tangible 
cultural heritages (Smith and Akagawa, 2008). 
Intangible cultural heritage represents knowledge and 
skills that are preserved and passed on through gen-
erations, including social practices, performing arts, 
and traditional craftsmanship (Kurin, 2004).  

Porcelain is one of the most valuable forms of Chi-
nese intangible cultural heritage (Ji et al., 2019). 
Differing from other types of Chinese porcelain, 
Cantonese porcelain is glazed at low temperature and 
decorated by woven gold (China Intangible Cultural 
Heritage Network, 2008). However, the inheritance of 
Cantonese porcelain techniques is challenging. 
Younger generations are becoming less interested in 
such craftsmanship. Therefore, it is necessary to 
promote Cantonese porcelain craft to prevent its  
disappearance. 

To facilitate the inheritance of Cantonese 
porcelain, the identification of porcelain categories is 
an essential and important step. The identification of 
porcelain styles is a challenging issue because 
recognition requires specific domain knowledge. Due 
to the large variety of wares, elements, and patterns in 
Cantonese porcelain, even for experienced craftsman, 
there can be inter- and intra-observer variations. For 
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example, there may be a vase with a modern pattern in 
the window, line, background, and picture elements, 
but the style of this vase is categorized as traditional. 
Even with the same patterns in the line element, a 
vase and a plate can be classified as different styles.  

With the development of computer science 
techniques, computing models have attracted signif-
icant interest in classification and image synthesis. 
Computing models are efficient and effective for 
complex and non-linear relationships among features, 
which have been explored for the identification of 
creative work in the visual art domain. Feature ex-
traction is a common method in the classification of 
paintings. Zujovic et al. (2009) proposed a simple and 
efficient feature extraction method for the classifica-
tion of different painting styles. Neural networks play 
an important role in computational classification of 
artwork. For example, Lecoutre et al. (2017) evalu-
ated various neural networks in the identification of 
artistic styles, and proposed a residual neural network 
with a retraining process for art style classification. 
Compared with western paintings, traditional Chinese 
paintings involve many diverse styles. Meng et al. 
(2018) trained several classical convolutional neural 
networks in three styles of traditional Chinese paint-
ings and achieved a high prediction accuracy by ed-
iting the specific network. Another classifier for tra-
ditional Chinese paintings based on support vector 
machine (SVM) was proposed by Jiang et al. (2006). 
This classifier employed low-level features to achieve 
a high-level classification task. Bao et al. (2010) 
proposed an algorithm that can extract scripts from 
Chinese paintings to reveal the artistic conception of a 
painting. Note that this algorithm can also be used for 
identification and authentication purposes. However, 
the automated classification of Cantonese porcelain 
remains a challenging task due to the large class var-
iations and immersive design elements between 
modern and traditional porcelains.  

Generating synthesized images via image-to- 
image translations can be achieved by conventional 
purpose-specific machinery (Efros and Freeman, 
2001; Hertzmann et al., 2001; Buades et al., 2005) 
and convolutional neural networks (CNNs). Although 
the learning process is automated, significant effort is 
required to design effective losses for a CNN to 
identify what must be minimized (Isola et al., 2017). 

It has been demonstrated that the generative adver-
sarial networks (GANs) proposed by Goodfellow et al. 
(2014) can automatically learn a loss function that 
does not require manual adjustment, thus attracting 
interest in research and industry communities. For 
examples, GAN-based models have been used to 
colorize (Iizuka et al., 2016; Larsson et al., 2016; 
Zhang et al., 2016) and restyle (Zhu et al. 2017) im-
ages. For medical research and applications, given 
magnetic resonance images, a GAN-based model that 
uses ResNet as a generator and regular CNN as a 
discriminator was developed by Emami et al. (2018) 
to generate synthesized CT images. The HEMIGEN 
model proposed by Dirvanauskas et al. (2019) can 
generate generic image of cells from human embryo 
images during cell development. In addition, condi-
tional GAN (cGAN) models can generate new images 
based on ambiguous and incomplete information (Li 
et al., 2019), and can remove the background from 
images (El Hattami et al., 2019) or videos (Chen, 
2019). SIGAN, a GAN-based model proposed by 
Mao et al. (2018), can generate visually similar and 
semantically consistent images. Sketch-to-image 
models have been proposed to translate sketches to 
portraits, Pokémon (Isola et al., 2017), or colorful 
cartoon images (Liu et al., 2018). For example, the 
auto-painter model adds Wasserstein loss to assist 
supervised training to overcome model collapse and 
enable better convergence. With either a sketch or a 
sketch with color blocks, auto-painter can transform a 
sketch into colorful cartoon images (Liu et al., 2018). 

To assist the management of Cantonese porce-
lain and engage the community in understanding and 
enjoying this cultural heritage, we propose a system 
with two modules for porcelain style identification 
and synthesis. Our first contribution is the classifica-
tion module for extraction, representation, and ex-
planation of underlying porcelain design signatures 
during data-driven identification. This is achieved 
using an ensemble model with principal component 
analysis (PCA) and a discriminative and redundancy 
quantization strategy. Another contribution is the 
Cantonese porcelain recreation module to engage the 
community in interaction and appreciation of this 
intangible cultural heritage. The cGAN-based module 
enables users to create an abstract image with desired 
objects of interest and design elements. 
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2  Proposed method 

2.1  Data collection 

We collected 603 images of Cantonese porcelain 
from the Lingnan Exhibition Hall, the Guangzhou 
Thirteen Hongs Museum, and the Guangzhou Liwan 
Museum at the Guangdong University of Technology. 
Each image is associated with a set of design elements 
and patterns (Fig. 1).  

There are seven elements, i.e., style, ware, topic, 
line, background, window, and picture. Style is con-
sidered a target in the classification task, where there 
are 279 modern and 324 traditional style samples. The 
attributes of each element and the corresponding 
number of observed images are given in Table 1. The 
resolution of the images is 350×350 dpi, and the 
original size of the image is 6000×4000 pixels.  

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

2.2  Framework of the proposed system 

Framework of the proposed system with the 
Cantonese porcelain style identification and image 
recreation modules is shown in Fig. 2. Given images 
of Cantonese porcelain, the first module involves 
feature extraction and an ensemble model for classi-
fication. The second module takes a mask of porce-
lain elements designed by users as an input and gen-
erates a synthesized image of Cantonese porcelain 
style based on a cGAN model. 

2.2.1  Porcelain style classification module 

The Cantonese porcelain style classification and 
prediction module is illustrated in Fig. 3. Note that the 
elements of window, picture, line, and background 
have multiple attributes; thus, one hot encoding is  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1  Images of Cantonese porcelain with labeled design elements and patterns: (a) a vase; (b) a plate 

Line: modern

Window: butterfly

Background: modern

Line: modern

Picture: flower

Window: modern

Topic: landscape

Topic: animal

Line: draghand

Window: modern
Background: sharkskin

(a) (b)

Table 1  Attributes of each element and the number of observed images of Cantonese porcelain 

Element Attribute 
Style Modern 

(279) 
Traditional  

(324) 
       

Ware Bowl  
(20) 

Cup  
(21) 

Jar  
(40) 

Vase  
(284) 

Plate  
(78) 

Tub  
(6) 

Pot  
(44) 

Painting  
(36) 

Others  
(74) 

Topic Animal  
(160) 

Flower and bird  
(8) 

Flower  
(181) 

Plant  
(64) 

Contemporary 
(11) 

Landscape 
(119) 

Portrait  
(60) 

  

Line Dogtooth  
(8) 

Draghand  
(84) 

Modern  
(217) 

Pig nose 
(94) 

Wishful- 
plantain  
(45) 

Fisheye  
(4) 

Topped  
(15) 

Twisted- 
rope  
(8) 

Reverse- 
emblem  
(4) 

Back-
ground 

Water-wave  
(3) 

Triple-lined- 
coin  
(8) 

Swastika  
(10) 

Square  
(3) 

Sharkskin  
(91) 

Triple- 
lined  
(5) 

Modern  
(67) 

Pepper  
(14) 

Crack- 
emblem  
(8) 

Window Begonia  
(45) 

Modern  
(95) 

Wishful- 
begonia  
(14) 

Butterfly 
(7) 

Historical  
(60) 

Nail  
(19) 

Wishful  
(3) 

Pillow  
(46) 

Round- 
corner  
(4) 

Picture Flower  
(8) 

Modern  
(218) 
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performed to transform those elements to numeric 
features. In total, for each image, there are M=35 
features. To reduce the dimensionality of features, we 
employ PCA and a discriminative and redundancy 
quantization strategy (feature selection (FS)) to 
transform the original feature space and select sig-
nificant features to represent the characteristics of the 
image samples. 

PCA for feature representation and dimension-
ality reduction is performed as follows: Let N M×F  be 
mean-subtracted features, where N is the number of 
samples and M is the number of features. 
Eigenvectors {λ1, λ2, …, λM} are obtained and sorted 
in descending order by singular value decomposition 
of the covariance matrix N M×F . The corresponding 
eigenvectors {X1, X2, …, XM} are obtained. Given p% 
information to be preserved, we obtain K principal 
components. Here, feature dimensionality is reduced 
from M to K by projecting features into a lower 
K-dimensional space constructed by the first K 
eigenvectors. The transformed features are obtained 
as projected weights W={w1, w2, …, wK} of the 
samples on each of the K principal components. 

The FS strategy ranks the feature significance by 
calculating the information gain ratio (Quinlan, 1986), 
ReliefF (Kira and Rendell, 1992), χ2 (Cochran, 1954),  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

and the fast correlation-based filter (FCBF) (Yu and 
Liu, 2003). The information gain ratio is the ratio of 
the information gain to the intrinsic value, which is 
used to reduce bias toward multi-valued features by 
considering the number and size of all the samples 
when selected a feature. The information gain ratio is 
defined as follows: 
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where n=1, 2, …, N, m=1, 2, …, M, F represents the 
feature matrix, IG the information gain for the mth 
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where *nf  denotes all the features of the nth sample, 

*mf  the mth feature vector in F, and H the entropy 
value. 

ReliefF can differentiate data samples that are 
near to each other, and is defined as follows: 

 
( , ) ( , ),nm ym nm zmd f f d f f<                   (4) 

 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2  Framework of the proposed system for Cantonese 
porcelain identification and image synthesis 
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Fig. 3  The proposed ensemble model for classification of modern and traditional Cantonese porcelain 
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where y is the nearest neighbor of the nth random 
sample within the same class, z a sample from another 
class, and d the Euclidean distance between two 
samples. Note that the feature weight of fm increases if 
inequality (4) is satisfied (vice versa). 

The χ2 test is employed to determine whether 
there are significant differences between the expected 
and observed features in one class or more classes. 
Assuming the null hypothesis is correct as r→∞, the 
limiting distribution of χ2

 is defined as follows: 
 

2 2
2

1 1

( )
= ,

C C
i i i

i ii i

f q f r
q q

χ
= =

−
= −∑ ∑              (5) 

 
where C denotes mutually exclusive classes with 
respective observed features fi (i=1, 2, …, C), r the 
observation in a random sample from a population 
classified into c mutually exclusive classes, and pi the 
probability that an observation will fall into the ith 
class. Therefore, we have the expected numbers qi=rpi 
for all i, where pi and qi are defined as follows: 
 

1
1,

C

i
i

p
=

=∑                             (6) 

1 1 1
.

C C C

i i i
i i i

q r p f
= = =

= =∑ ∑ ∑                  (7) 

 
FCBF is a multivariate FS method that begins 

with a full set of features and uses a symmetrical 
uncertainty (SU). SU is normalized information 
theoretic measure that uses entropy H and conditional 
entropy values to calculate the dependencies of 
features and finds the best subset using a backward 
selection technique with a sequential search strategy. 
SU=1 indicates that one feature’s value can be 
completely predicted by another feature, while SU=0 
indicates that two features are completely 
independent. SU is defined as 
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where t, n, m indicate features, fnm and ftm are features 
of random samples, H(fnm|ftm) the conditional entropy, 
and H(fnm) the entropy of fnm. H(fnm|ftm) and H(fnm) are 
defined as follows: 

2( | ) ( ) ( | ) log ( ).nm tm t n t n tH f f P P P=−∑ ∑f f f f f  (9) 
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where P(fn) is the probability of fn. 
The importance and discriminative of each 

feature are obtained by the fusion of normalized 
ranking scores of the information gain.ratio, ReliefF, 
FCBF, and χ2. 

Given W and top-ranked features in the training 
process, two neural networks are trained. To better 
associate the classification results of the two models, 
the prediction of an unknown porcelain sample is 
obtained by an ensemble model, in which logistic 
regression is employed to integrate the results. 

2.2.2  Cantonese porcelain recreation module 

The second module for porcelain image 
recreation is developed based on a cGAN (Isola et al., 
2017). In the proposed method, we extract masks of 
porcelain elements (Fig. 4). In total, there are 196 
images and 23 types of objects, such as crane, fruit 
tree, frame, boat, building, stone, bamboo, birds, 
chicken, dog, cat, butterfly, and fisherman.  

This training procedure is shown in Fig. 5. Given 
image I and corresponding mask S, discriminator D 
learns to classify a fake image created by generator G 
and an input {I, S}, while G attempts to generate fake 
images to fool discriminator D. Unlike traditional 
GANs, in the cGAN, both G and D observe the input 
mask. The objective of a cGAN is defined as follows: 

 

1

*
cGANarg min max ( , ) ( ),G D LG L G D L Gλ= +    (11) 

 
where minG and maxD indicate that generator G 
attempts to minimize the objective function and 
discriminator D attempts to maximize the objective 
function, respectively. 

1LL  is the loss calculated by 

distance L1. λ is a parameter to adjust the weight of 

1
,LL  indicating that G attempts to fool D (in a 

conventional GAN), and at the same time, needs to be 
as similar with the ground truth as possible by 
distance L1. LcGAN is the loss of the cGAN and is 
defined as follows: 
 

LcGAN(G, D)=EI,O[log D(I, O)] 
+EI,U{log (1−D[I,G(I,U)])},     (12) 
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where E is the expected value in probability theory, O 
is the output image and U is a random noise vector. A 
trained cGAN model can be obtained when G* is 
converged or the pre-defined number of epochs is 
reached. 

Given a trained cGAN model, a synthesized 
image can be obtained by providing a creative mask 
or an abstract image designed by the user as an input. 

2.3  Methods for comparison 

To evaluate the proposed model and investigate 
the contributions of PCA, the proposed feature 
ranking strategy, and the ensemble model, we 
compare the proposed model (Stack-PCA-FS-NN) 
with a neural network with only PCA (PCA-NN), a 
neural network with only FS (FS-NN), and an 
ensemble model of two neural networks without PCA 
and FS (Stack-NN) for feature dimension reduction.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

2.4  Evaluation methods and parameter settings 

2.4.1  Evaluation metrics 

All classification models are evaluated by 
10-fold cross-validation. The average results over the 
testing dataset are obtained for performance 
comparison. The prediction performance is evaluated 
according to the area under curve of receiver 
operating characteristic (AUC ROC), precision, recall, 
and confusion matrix. Here, precision represents the 
ratio of the number of correctly predicted positive 
samples to the number of all the samples predicted as 
positive, expressed as 

 
TPPrecison= ,

TP+FP
                        (13) 

 
where TP is true positive (the number of correctly 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Fig. 4  Cantonese porcelain images and masks with labeled objects 
Tree, house, bridge, boat, birds, fisherman, and bamboo are shown in dark green, light blue, brown, blue, orange, pink, and bright 
green, respectively. References to color refer to the online version of this figure 

 

Mask Mask

Real imageSynthesized imageMask

Real 
image

Fake 
image

DiscriminatorDiscriminator

Generator

 
 

Fig. 5  Training process of the cGAN-based model for mask-to-image generation 
Given mask S, discriminator D learns to distinguish fake set {synthesized image, mask} and real set {real image, mask}. Gen-
erator G learns to synthesize images to deceive discriminator D. cGAN learns a loss according to the results of discriminator D, 
while simultaneously training generator G to minimize the loss 
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identified positive samples), and FP is false positive 
(the number of falsely identified negative samples). 
Recall is the ratio of the number of correctly predicted 
positive samples to the number of all the positive 
samples, expressed as 
 

TPRecall= ,
TP+FN

                          (14) 

 
where FN is false negative (the number of falsely 
identified positive samples). F1=2×Precision×Recall/ 
(Precision+Recall), compromising that precision and 
recall are calculated.  

The AUC ROC is defined by the false positive 
rate (FPR) and true positive rate (TPR) as the x and y 
axes (illustrating relative tradeoffs between TP and 
FP). TPR and FPR are defined as follows: 

 
TPTPR Recall ,

TP+FN
= =                (15) 

FPFPR ,
FP+TN

=                        (16) 

 
where TN is true negative (the number of correctly 
predicted negative samples). Note that the higher the 
AUC ROC values, the better the classification 
performance. 

2.4.2  Parameter settings 

In the first classification module, ReLu is used 
for activation in the neural network, where the 
number of neurons is set to 100. Here, the maximum 
number of iterations is 200. Note that the neural 
network settings are the same for all the methods 
compared in the ablation study, to evaluate the 
contributions of the ensemble structure, PCA, and the 
feature ranking strategy to classification performance. 
Thus, we do not conduct automated selection of the 
best parameters for the networks in the original design 
of the system. Note that an automated parameter 
selection mechanism (Połap et al., 2018) can be used 
for a large dataset with complicated design elements 
and features.  

K is set to 10 in PCA, and the top-12 ranked 
features are selected in the feature ranking strategy. 
The effects of the parameter settings are discussed in 
Section 3.  

In the second cGAN-based module, the 

parameters are the same as those in Isola et al. (2017), 
in which the epoch was set to 200 and λ was set to 
100.  

 
 

3  Results and discussion 

3.1  Classification results 

Classification results obtained by the proposed 
Stack-PCA-FS-NN model and all other models are 
shown in Table 2. The AUC ROC results are shown in 
Fig. 6. Overall, the ensemble models outperformed 
other models in terms of AUC, precision, and recall. 
PCA-NN improved the performance in terms of AUC 
when compared with FS-NN with slightly increased 
precision and recall. The ensemble model with 
reduced and transformed features by FS and PCA 
outperformed the Stack-NN, and the proposed model 
achieved the best performance with AUC ROC of 
0.944, precision of 0.87, and recall of 0.872.  

 
 
 
 
 
 
 
 
 
 

 

 
Confusion matrices are given in Fig. 7. The NN 

with features transformed by PCA outperformed the 
NN with top-ranked features transformed by FS when 
predicting samples of the traditional class, while 
FS-NN obtained better classification results over 
samples from the modern class than the PCA-NN 
method. The ensemble model without feature 
dimensionality reduction achieved comparable 
performance over two classes. The proposed Stack- 
PCA-FS-NN significantly improved classification 
performance against the traditional class.  

The effects of the number of principal 
components in PCA are investigated by varying K 
from 7 to 20. The AUC ROC, recall, and the 
corresponding variance covered by PCA are shown in 
Fig. 8. As can be seen, both AUC and recall reached 
an initial peak value when the number of principal 

Table 2  Classification performances of the proposed 
model and other methods with and without PCA, dis-
criminate feature selection (FS), and ensemble strategy 

Model AUC 
ROC 

Precision 
(mean±std) 

Recall 
(mean±std) F1 

FS-NN 0.920 0.832±0.006 0.828±0.007 0.830 
PCA-NN 0.936 0.840±0.010 0.833±0.007 0.837 
Stack-NN 0.906 0.851±0.010 0.839±0.008 0.845 
Stack-PCA- 

FS-NN 
0.944 0.87±0.005 0.872±0.006 0.872 
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components is 10. Thus, K is set to 10, when the 
variance covered is 54%. 

We investigate the original distributions of the 
elements, patterns, and features in traditional and 
modern classes using a tree structure. As shown in 
Fig. 9, among all 603 cases, 324 cases are from the 
traditional class. If the target is a bowl, painting, or 
pot, 92% of the porcelains are from the modern class. 
For a cup, jar, plate, tub, or vase, and other objects, 
62.8% of the porcelains are from the traditional class. 
Among those traditional porcelains, if modern 
patterns are present in the image, 82.5% of them are 
traditional porcelain (the rest are modern). If the 
picture pattern is not modern, it is difficult to identify 
the type of the class, because the probability that the 
item is traditional is 51.5%, which is almost the same 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

as that of modern. Among the modern samples, if the 
target is a cup, jar, plate, or tub, 86.8% of them are 
traditional. As a result, it is challenging to model the 
relationships between features and the target. A 
quantitative evaluation of the discrimination and 
redundancy of features would contribute to 
identifying significant features.  

The top-35 ranked features identified by the 
proposed discriminative and redundancy 
quantification strategy are shown in Fig. 10. As can 
be seen, the most informative features include a 
modern pattern in the picture element, a draghand 
pattern in the line element, the number of different 
patterns in the window element, sharkskin in 
background, etc. Among the top-12 ranked features, 
the number of different patterns in various elements is 
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Fig. 6  AUC ROC results of FS-NN (a), PCA-NN (b), Stack-NN (c), and Stack-PCA-FS-NN (d) 
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Fig. 7  Confusion matrices of FS-NN (a), PCA-NN (b), Stack-NN (c), and Stack-PCA-FS-NN (d) 
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four, and the number of patterns in the line element is 
three. As demonstrated by the confusion matrices 
shown in Fig. 7, the transformed feature obtained by 
PCA contributes to the classification of traditional 
class, while the proposed feature ranking strategy 
works better with modern class data. We also investi- 
gate the effects of the top-ranked features on classifi- 
cation. The AUC and recall are shown in Fig. 11 when 
the top-k ranked features (k=[7,19]) are used in the 
experiments. As shown in Fig. 11, both AUC and 
recall reached the local minimum when the number of 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 

selected top features is 10. In addition, performance 
improves, and reaches the local maximum when 
top-12 ranked features are used. The classification 
results in terms of AUC and recall change slightly 
when the number of top features is larger than 14. 

3.2  Synthesis results 

The loss over time in the training process is 
shown in Fig. 12. It take 22 h to train a conditional 
GAN model using only a CPU. 

Three examples of synthesized images and the 
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Fig. 8  Effects of the number of components and corresponding variance covered in PCA on AUC and recall of the pro-
posed classification model 
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Fig. 9  Visualization of decision-making schema with feature importance in a tree structure 
Traditional class is in red, and the modern class is in blue. References to color refer to the online version of this figure 
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corresponding user input are shown in Fig. 13. Given 
a simple abstract image with only a fruit tree painting, 
the synthesized image is shown in Fig. 13a. After 
adding drawings of cranes and a picture frame, a 
synthesized image with cranes is produced (Fig. 13b). 
A scenery synthesis (Fig. 13c) was obtained when the 
user provides a more complicated drawing with 
mixed fruit trees, boats, bamboo, stones, birds, and 
bridges. As demonstrated by Fig. 13, even with 
simple abstract drawings in the images, the proposed 
system can generate Cantonese porcelain style images 
and fill in the background based on the learning from 
real porcelain images in the training dataset. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
In the current system, there are 23 different types 

of objects, e.g., crane, fruit tree, frame, boat, building, 
stone, bamboo, birds, chicken, dog, cat, butterfly, and 
fisherman. The user has the flexibility to select one or 
more desired object masks for drawing; however, this 
is limited to those that exist in system. Thus, the va-
lidity of the proposed system for recreating Cantonese 
style images is proved by 23 different objects, 7 de-
sign elements, and 35 features. One of the reasons that 
might cause ambiguity of the synthesis images is that 
objects in Cantonese porcelain are relatively limited 
compared with those in natural images. In the future, 
we plan to implement transfer learning from a larger 
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Fig. 10  Feature ranking of four metrics for the proposed discriminative and redundancy quantification strategy 
Among the top-35 features, seven are line features and eight are background features. References to color refer to the online 
version of this figure 
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Fig. 11  Effects of the number of top-ranked features on classification results 
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public dataset, e.g., COCO (Lin et al., 2014), with a 
broader range of objects. In addition, we plan to 
employ automated parameter searching methods, e.g., 
a multi-threaded learning control mechanism (Połap 
et al., 2018), for larger dataset with more complicated 
design elements and features. 
 
 
4  Conclusions 
 
In this stufy, we have proposed a system for 
interpretable Cantonese porcelain style classification. 
Results of an ablation study demonstrated that 
ensembled neural networks of PCA and 
discriminative features outperformed other methods 
regarding the classification performance. The 
proposed system provided a module for synthesizing 
Cantonese porcelain style images from user designed 
abstract images of Cantonese porcelain elements. 
Case studies on synthesized images of Cantonese 
porcelain using 23 objects demonstrated that the 
proposed system had the potential to engage the 
community in enjoying and protecting such intangible 
cultural heritage. 
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