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Ancient paintings can provide valuable information for historians and archeologists to study the history and humanity at the
corresponding eras. How to determine the era in which a painting was created is a critical problem, since the topic of a painting
cannot be used as an effective basis without an era label. To address this problem, this paper proposes a novel computational
method by using multi-view local color features extracted from the paintings. Firstly, we extract the multi-view local color
features for all training images using a novel descriptor named Affine Lab-SIFT. Then, we can learn the codebook from all
these features by K-Mean clustering. Afterwords, we create feature histogram for each image in the form of bag-of-visual-words
and use a supervised fashion to train a classifier, which is used for further painting classification. Experimental results from
two different datasets show the effectiveness of the proposed classification system and the advantage of the proposed features,
especially in the case of small-size training samples.
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1.

INTRODUCTION

Ancient paintings, as a kind of important historical and cultural legacy, can provide valuable information for historians and archeologists to study the history and humanity at the corresponding eras.
Given an ancient painting, how to correctly figure out the era in which it was created is a valuable task.
Specific content based method is not reliable, because one same topic may be presented in the paintings in different eras. Fig. 1 displays several paintings with the same topic, Flying-Apsaras, collected
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from Mogao Grottoes in Dunhuang, China. These paintings were created in three different periods of
Dunhuang Art: the infancy period (Row 1), the creative period (Row 2), and the mature period (Row 3).
Painting style, which indicates the structure, color, and line of the painting, is proven an effective
basis for determining the era of a painting in [Zou et al. 2014], because the style is highly relative to
the created era in Dunhuang. Until now it is still a challenge to determine the era of a painting for
the people without special training on painting and painting history. This paper aims to develop an
automatic approach to address this task by mutli-view appearance and color features with a supervised
learning method. Our proposed feature can effectively describe the specific painting style and the
proposed method can accurately realize the chronological classification of ancient paintings.
To address the period determination task, there are two assumptions, multi-view and color, based
on our observation. We exam the paintings shown in Fig. 1 and find that these Flying-Apsaras in these
paintings were created by different views. Such as Column 1, these three were painted in the front
view of the Flying-Apsaras. The Flying-Apsaras in Column 2 and Column 3 are created in the left and
right view, respectively. Colunm 4 lists three Flying-Apsaras paintings with the observation of top view.
In this work, the main assumption is that the painting style could be described by the features with
multi-view attribute extracted from the painting images. This multi-view feature should normalize
different features captured by various views, and represent all of them in a uniform manner.
Besides the view, color feature is another effective feature for painting style representation. The
pigments used in different eras are different. As time goes by, the same color painted by different
pigments will have different degrees of change. The color of the paintings created in the same era will
reveal some common characteristics to a certain extent. Therefore, a feature is required to interpret
pigments characteristics and color texture.
Based on the above two observations, we make the main hypothesis in the paper that the painting
style can be described by the multi-view appearance and color features extracted from the painting
images. Then, the specific model for paintings in different eras can be learned from a set of training
image samples. The proposed method can be concluded as the following steps: (1) multi-view images
are simulated by the Affine-SIFT (ASIFT) [Morel and Yu 2009] transformations, (2) visual codebooks
are constructed by clustering the affine Lab-SIFT features extracted in multi-view images, (3) feature
histograms are produced for every painting as the input of the classifer, (4) training a classifier in a supervised fashion to determine the era of a painting based on the above feature histograms. Multi-view
appearance is supported by ASIFT and color attributes are provide by Lab-SIFT. In the experiments,
we use a dataset with 660 Flying-Apsaras paintings from Mogao Grottoes in Dunhuang, China [Zou
et al. 2014]. All these paintings will be classified as either the infancy period, the creative period, or
the mature period as shown in Fig. 1.
The main contribution of this work is that we propose a uniform feature that can represent the multiview appearance and color attributes of objects and use this feature for Dunhuang ancient paintings
chronological classification. Further, the feature can be extended to other detection and classification
problems which involve multi-view images. The proposed method was compared to DeepSift [Zou et al.
2014] and other state-of-the-art methods including deep learning methods, with a clearly better performance.
The rest of this paper is organized as follows. Section 2 introduces the related work. Section 3
presents our approach for extracting the appearance and color features. Section 4 reports our experimental results on the Flying-Apsaras paintings from Mogao Grottoes and Painting-91 dataset and
Section 4.4 concludes the paper.
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Fig. 1. Sample paintings from different eras with same topic and different views. Row 1: four paintings created at the infancy
period of the Flying-Apsaras art (421-556), Row 2: four paintings created at the creative period of the Flying-Apsaras art (557618), Row 3: four paintings created at the mature period of the Flying-Apsaras art(619-959). Column 1: Paintings with front
view, Column 2: paintings with left view, Column 3: paintings with right view, Column 4: paintings with back top view.

2.

RELATED WORK

With the increasing attention to the history and cultural legacy, painting classification, which belongs
to pattern recognition problem, has become a more and more popular topic in recent years [Gao et al.
2015; Sablatnig et al. 1998; Lewis et al. 2004; Shahram et al. 2008; Stork 2009; Temel et al. 2009; Jacobsen and Nielsen 2013; Graham et al. 2012]. The mainstream applications of painting classification
are artist classification [Sablatnig et al. 1998; Lombardi et al. 2004; Li and Wang 2004; Khan et al.
2010], style classification [Amato et al. 2015; Icoglu et al. 2004; Günsel et al. 2005; Bressan et al. 2008;
Zujovic et al. 2009; Arora and Elgammal 2012; Condorovici et al. 2013; Ivanova et al. 2008; Ivanova
et al. 2012] and chronological classification [Zou et al. 2014]. The first one involves classifying a painting to its painter while the second one means determining the respective art style of the painting.
Chronological classification aims at figuring out the corresponding eras of the painting with computer
vision techniques. Color, gradient, intensity, and shape features are most popular features to be used
for the painting image representation. In [Icoglu et al. 2004], six different features including image
color, intensity and gradient were designed after static analysis. Icoglu et al. [Günsel et al. 2005] made
an extension and proposed a prototype system. In [Ivanova et al. 2008], HSI color space was exploited
for paintings image representation. To improve this work, Ivanova et al. [Ivanova et al. 2012] introduced an MPEG-7 descriptor for representing higher-level visual features, such as dominant colors,
edges, and textures, for painting image classification. By incorporating the color, the shape of region
and the structure of brush strokes, Morel et al. [Sablatnig et al. 1998] introduced a feature that can
imply the artist-specific and artist-independent characteristics effectively. A palette description algorithm based on the color of the content was proposed in [Lombardi et al. 2004]. In [Li and Wang 2004],
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Fig. 2. Flowchart for the proposed method.

wavelet decomposition based features and 2-D multiresolution hidden Markov models were employed
for classification. Features based on the salient aspects of an image was used to classify paintings into
genres in [Zujovic et al. 2009]. Besides the 2-D appearance features, 3-D color feature was also introduced for art description combing with a Gabor filter energy by [Condorovici et al. 2013]. The SIFT
descriptor [Lowe 1999] and the Color Name descriptor [Weijer et al. 2007] were employed for painting
image representation, then a bag-of-visual-words approach was adapted for creating feature codebook.
The experiments showed that the combination of these two kinds of features had a good classification
performance. Recently, Weijer et al. [Khan et al. 2014b] proposed a large scale digital paintings dataset
and estimate the performance of several local and global popular features used for artist and style classification. The deep learning methods were also introduced to paintings classification problems. Peng et
al. [Peng and Chen 2015] proposed multi-scale convolutional neural networks (MSCNN) to solve the
issue of multi-scale and achieve high performance in large artist classification. In [Zou et al. 2014], the
SIFT and kAS descriptors were combined for describing the appearance and the shape feature. Then
these features were encoded by deep learning method in a unsupervised way. Finally, they combined
all the features in the form of bag-of-visual-words and trained a classifier in a supervised fashion.
Different from the above work, we propose a new feature which involves multi-view appearance
feature and local color feature to represent the painting images and realize the identification of very
subtle painting-style difference from one era to another.
3.

PROPOSED METHOD

In this section, we introduce the proposed method as three steps in following subsections: affine transformation, local color feature extraction, and bag-of-visual-words representation. Fig. 2 illustrates the
procedure of our method. First, painting image is distorted several times by using ASIFT affine transformation to generate multi-view images. Each affine transformation simulates an individual viewACM Journal on Computing and Cultural Heritage, Vol. ?, No. ?, Article XXXX, Publication date: October 2016.
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Fig. 3. (a) Camera Motion. Top-right quadrilateral represents a camera aiming to a flatten image, φ is the longitude and θ is
the latitude of the camera optical axis. (b)(c) Sampling point of tilt t and longitude φ. The red dot represent sampling points of
camera position.

point of camera in optical axis. This part we will introduce in section 3.1. Then, for all multi-view
images local color features are located by DoG space and extracted by Lab-SIFT which we introduce
in section 3.2. After color features are extracted, we represent painting image by using bag-of-visualwords, which is introduced in section 3.3.
3.1

Affine Transformation

ASIFT simulates all possible affine distortions caused by camera optical axis orientations from a
frontal position. Camera motion in optical axis is shown in Fig. 3(a), where the bottom plane is the
object image and camera is symbolized by a small quadrilateral at position of top-right. φ and θ are the
longitude and latitude angles of the camera optical axis. ψ presents the rotation angle of camera, and
λ is the zoom parameter.
Affine distortion can be modeled by affine planar transforms locally. Affine map is employed to define
transformation with mapping matrix A given by




cosψ −sinψ
t 0
cosφ −sinφ
A=λ
(1)
sinψ cosψ
0 1
sinφ cosφ
where t is called the absolution tilt parameter and corresponds to latitude θ. The relationship between
t and θ is defined as t = 1/cosθ. Zoom parameter λ should satisfy λ > 0, then φ ∈ [0, π) and θ ∈ [0, π/2).
In ASIFT algorithm, affine distortion depends on two parameters: longitude φ and latitude θ of camera position. The combination of them can characterize each particular affine distortion. To simulate all
possible affine transformation for digital images, ASIFT algorithm performs tilt as t-subsampling as
well as the longitude angle. There is a trade-off between computation time and accuracy in sampling
strategy of tilt parameter and longitude angle. Computation time increases when sampling points
are more concentrated while the accuracy decreases when sampling points are more sparse. G. Yu et
al. [Morel and Yu 2009] proposed a sampling interval strategy with the relative tilt as follow:
(1) Simulation
of latitude θ corresponding to tilts t = 1, α, α2 , α3 , ..., αn as shown in Fig. 3(b). When
√
α = 2 coordinate between accuracy and sparsity. n can be more than 5 and we take n = 5 in our
experiment.
(2) The sampling interval of longitude is relative to tilt. As shown in Fig. 3(c), for a value of tilt t
specified in step 1, sampling step is ∆φ = 72◦ /t and the longitude φ sampled with the sequence 0,
∆φ, 2∆φ, ..., k∆φ, where k∆φ ≤ 180◦ .
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We calculate all affine transformation matrices by sampling tilts t and latitudes φ. By these transform matrices we obtain all multi-view images from frontal image. In each distortion image we extract
local color feature by the so-called Lab-SIFT method that is introduced in the next section.
3.2

Local Feature Extraction

3.2.1 Feature Localization. Similar to SIFT, we search in scale-space to identify key locations which
are scale invariant. Identifying potential interest points are more efficient when they are implemented
by using Difference-of-Gaussian (DoG) function. Let the scale space of an image be L(x, y, σL), which
is produced by Gaussian filter G(x, y, σL) for an input image image I(x, y):
L(x, y, σL) = G(x, y, σL) ∗ I(x, y)

(2)

where Gaussian filter G(x, y, σL) is defined as
2
1 − x2 +y
σ2
e
(3)
2πσ 2
The DoG image can be computed by (2) and (3) with an adding constant multiplicative factor k as:

G(x, y, σ) =

D(x, y, σ) = (G(x, y, kσ) − G(x, y, σ))∗I(x, y)
= L(x, y, kσ) − L(x, y, σ)

(4)

Given a sequence of k as 1, 2, 3, ..., in Eqn (4), we obtain a stack of DoG images as DoG space. Interest
keypoints are identified as local extremum (maxima or minima) in DoG space, by checking each pixel
and compare to its 26 neighbors.
3.2.2 Lab-SIFT Descriptor Extraction. Since the image would be rotated, as discussed in section
3.1, the proposed local descriptors should be rotation invariant, and SIFT-like featrues are desired.
Regular SIFT feature descriptor only computes the intensity gradient and orientation. It ignores color
information which is very important in painting categorization. As shown in Fig. 4, Lab-SIFT which
is one kind of color SIFT extends to describe color and lightness information of keypoints in CIE-Lab
color space instead of RGB space or gray-scale. Lab-SIFT computes gradient and orientation using
SIFT descriptor in three channels of Lab-SIFT color space. CIE-Lab which is a well-known color space
has three channels which are L, a and b. Channel L represents the lightness, channel a represents the
position between red to green and channel b is yellow/blue component. Channel a and b do not contain
any light intensity, so SIFT descriptor extracted from channel a and b are light intensity invariant.
For one particular keypoint, we compute SIFT descriptor in three channels L, a and b, and all of them
will be concatenated into a single vector.
3.3

Bag-of-Visual-Words Representation

For all image features in dataset, classical K-Means algorithm is employed to cluster them into a
number of groups of similar features. The center of each group becomes a visual word in codebook after
accomplishment of cluster algorithm. The final image representation is a histogram constructed by
feature quantization based on the visual codebook. The histogram consists of bars which corresponds
to the feature group. Each feature would be assigned to one bar whose corresponding group center is
the closest one to that feature. We apply this histogram, in which each dimension is amount of one
feature group, in our experiments for classifier training and performance evaluation.
4.

EXPERIMENTAL RESULTS AND DISCUSSION

In this section, we first introduce two totally different datasets used in this work: Dunhuang painting
and Painting-91. After that, we describe the experiment setup. Then, we investigate the classificaACM Journal on Computing and Cultural Heritage, Vol. ?, No. ?, Article XXXX, Publication date: October 2016.
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Fig. 4. The diagram of Lab-SIFT descriptor extraction.

tion performance of our approach, compare it with several state-of-the-art methods, and analyze the
experimental results.
4.1

Dataset

The dataset that we used is provided by [Zou et al. 2014] containing Flying-Apsaras painting images
from Mogao Grottoes in Dunhuang. Due to the long history of Mogao Grottoes, there is no record
of exact creating year for each painting. These painting images are approximately partitioned into
three categories of periods, which are infancy period (AD.421 – 556), creative period (AD.557 – 618)
and mature period (AD. 619 – 959). These three categories have the same capacity of images, i.e.,
each category contains 220 painting images. Half of them, 110 images for each category, are used for
training classifier and the rest, also 110 images for each category, are used for testing classifier and
evaluating performance. Some dataset examples have been shown in Fig. 1 in Section 1.
To better validate the proposed method, we test it on another dataset Painting-91 [Khan et al. 2014a]
which contains 4266 paintings from 91 different artists. Each painting is labeled with the corresponding artistic style and artist. Painting-91 can be used to evaluate the effectiveness of artist categorization and style classification. In our experiment, we only test the our method on artist categorization
with a subset of Painting-91.
4.2

Experiment Setup

For each image in Dunhuang painting dataset, we extract seven types of features, i.e., SIFT, ASIFT,
OpponentSIFT, OpponentSIFT combined with affine transformation, LAB-SIFT, and LAB-SIFT with
multi-view (our proposed method). SIFT means the regular SIFT feature without any improvement
or modification. ASIFT which is an algorithm provide by G. Yu et al. [Morel and Yu 2009] distorts
images through affine transformation and describes local feature using SIFT algorithm. LAB-SIFT
is a colored SIFT in three CIE-Lab channels while OpponentSIFT describes keypoints in opponent
color space [van de Sande et al. 2008]. The opponent color space for OpponentSIFT is defined by three
ACM Journal on Computing and Cultural Heritage, Vol. ?, No. ?, Article XXXX, Publication date: October 2016.
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channels as
O1 =

R−G
R + G − 2B
R+G+B
√ , O2 =
√
√
, O3 =
2
6
3

(5)

Our method which is a fusion of ASIFT and LAB-SIFT has been introduced in section 3. Similar to our
method, OpponentSIFT combined with affine transformation uses ASIFT affine technique but presents
the SIFT feature in opponent color space.
Note that the dimension in SIFT and ASIFT is 128 because of the usage of SIFT descriptor on grayscale images, but the dimension in OpponentSIFT or Lab-SIFT is 384. Lab-SIFT descriptor employs
SIFT descriptor to compute local features on each of L, a and b channel in CIE-Lab space and concatenates them into a single feature, so that the total dimension of LAB-SIFT descriptor is 3 × 128 = 384.
Similar to Lab-SIFT, OpponentSIFT descriptor computes in three channels in opponent color space
and it contains 384 dimension too. Therefore, the dimension of OpponentSIFT combined with affine
transformation and our method which employs Lab-SIFT is 384 as well. In bag-of-visual-words representation, different size of codebook, i.e., 512, 1024, 2048, 10000, and 100000 are compared.
The libSVM [Chang and Lin 2011], an toolbox of Support Vector Machine (SVM), is used for training
the classifier and predicting the test data result. During the training, we optimize the cost parameter C
which determines how much we want to avoid misclassifying each training example and the parameter
γ of RBF kernel by using cross-validation to find out the highest accuracy.
Besides, we employ Convolutional Neural Networks (CNNs) including GoogLeNe, AlexNet and OverFeat as other comparison methods. We train the entire GoogLeNet and AlexNet on Dunhuang dataset.
Due to the fixed size of the input image in two aforementioned CNNs, we warp all images to 224×224
during the training and testing. For OverFeat network, we only apply it to extract features from images.
4.3

Experiment results

For multi-classes classification, average ROC curve [Fawcett 2006] is chosen for studying the performance of classification. To obtain average ROC curve, we first treat Multi-classes classification as binary class classification using one-against-all rule, then compute ROC curve for each class and calculate
the average of all ROC curves. Accuracy and average AUC, defined as the area under the average ROC
curve are performance criterias used in this work. For both Accuracy and AUC, the bigger the value,
the better the classification performance. Several experimental results are reported in this section.
4.3.1 Size of Codebook. Table I shows the average AUC s using four different features i.e., SIFT,
ASIFT, lab-SIFT, and the proposed feature. Each column shows various size of codebook, e.g., column
SIFT shows ROC curves of 512, 1,024, 2,048, 10,000 and 100,000 codebook while using SIFT feature,
and the bold number is the highest average AUC of the column. From this table, we can see that the
proposed method has the largest AUC in every size of codebook. Using 1,024 codebook, the proposed
features achieves the best with 0.9915. ASIFT and Lab-SIFT are also more effective than regular SIFT.
It indicates that mulit-view feature performs better than other features and it is robust to different
size of codebook. The average ROC of the methods with best performance is shown in Fig. 5.
4.3.2 Comparison to other encoding methods. We apply our multi-view Lab-SIFT feature to different encoding methods, including Fisher Vector [Perronnin et al. 2010] and VLAD [Jegou et al. 2010].
Fisher Vector is a kind of feature encoding using Gaussian Mixture Model (GMM) to construct visual
feature codebook. It provides a more general way to define model to bring improvement of accuracy,
and it can be computed in smaller codebook therefore reduces computation cost. VLAD is similar to
Fisher Vector but it generates codebook by K-Means or GMM and computes aggregated difference with
ACM Journal on Computing and Cultural Heritage, Vol. ?, No. ?, Article XXXX, Publication date: October 2016.
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Table I. Average AUC of various features and size of codebook.
Codebook Size
512
1,024
2,048
10,000
100,000

SIFT
0.9583
0.9424
0.9578
0.9535
0.9486

Features in use
ASIFT [Morel and Yu 2009]
0.9474
0.9487
0.9541
0.9434
0.9527

Lab-SIFT
0.9637
0.9796
0.9814
0.9658
0.9724

Ours
0.9850
0.9915
0.9880
0.9836
0.9904

cluster centroids. It reduces vector dimensions and improves usage of memory for large-scale dataset.
In this experiment, we set 32 GMMs in Fisher Vector to cluster feature points, in the meanwhile, parameter 1024 clusters are set to VLAD using K-Means to compute cluster centroids. Table II shows the
accuracies of Bag-of-Visual-Words, Fisher Vector and VLAD. Compared with Fisher Vector and VLAD,
Bag-of-Visual-Words still has higher accuracy. It could prove our feature has strong ability of painting
images representation.
Table II. Accuracy performance of Fisher
Vector, VLAD and our proposed method.
Method
Accuracy

BoW
95.45

Fisher Vector
94.55

VLAD
93.33

4.3.3 Comparison to State-of-the-art methods. We compare the performance of the proposed method
with two state-of-the-art features, including DeepSift [Zou et al. 2014] and OverFeat [Sermanet et al.
2013]. DeepSift is a method for classifying the Dunhuang painting dataset by Q. Zou et al. [Zou et al.
2014]. DeepSift combines SIFT feature and kAS, where SIFT is refined by i-layer output of the deeplearning network, and bag-of-visual-words is employed to represent the image while they using 512
codebook. OverFeat is a CNN-based image classifier and feature extractor. OverFeat network contains
9 layers and it is trained on the ImageNet 1K dataset. In our experiment, we capture output of the
last full connection layer from network as image feature which is a vector with 1000 dimensions. From
Fig. 5 we can see that that our method and Lab-SIFT have better performance than the other methods
including DeepSift and OverFeat, and our method is sightly better than Lab-SIFT.
Table III. Comparison of the proposed methods and current state-of-the-art
methods
Method
SIFT
ASIFT
Lab-SIFT
DeepSift
OverFeat
AlexNet
GoogLeNet
AlexNet+SVM
GoogLeNet+SVM
fine-tuning AlexNet
fine-tuning GoogLeNet
OverFeat+Ours
Ours

Infancy period
80.00
82.73
90.00
78.18
79.09
40.00
33.63
44.55
35.45
38.18
35.45
89.09
95.45

Creative period
80.00
83.64
88.18
83.64
81.81
35.45
36.36
33.63
27.27
40.91
37.27
92.73
92.73

Mature period
88.18
86.36
94.55
90.91
70.91
56.36
42.72
57.27
50.91
57.27
42.72
93.64
98.18

Overall
82.73
84.24
90.91
84.24
77.27
43.94
37.58
45.15
37.88
45.45
38.48
91.82
95.45
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Fig. 5. ROC curves of SIFT, ASIFT [Morel and Yu 2009], Lab-SIFT, DeepSift [Zou et al. 2014] and proposed method.

Table III shows accuracies in three categories and overall. From the table, one can observe that the
proposed method is better than DeepSift and OverFeat in both subcategory and overall. This indicates that the multi-view strategy does improves the representation abstraction ability of the SIFT
features in this image-classification task. Besides, the feature extractor based Overfeat does not work
for painting classification, especially with small-size of training samples.
4.3.4 Comparison to CNNs. CNNs achieve huge success in classification problems. To justify the
proposed method, two popular CNNs are chosen, i.e., AlexNet [Krizhevsky et al. 2012] and GoogLeNet
[Szegedy et al. 2014] for comparison. AlexNet, a famous CNN model for visual task introduced by
Krizhevsky et al., achieves excellent result in ILSVRC 2012. GoogLeNet is another outstanding convolutional network with 22 layers. We have four experiments in this subsection and in both experiments,
we use Caffe [Jia et al. 2014], a well-known deep learning framework, to train or fine-tune CNN.
In the first experiment, we train entire network for each model on Dunhuang dataset without using
any pre-trained model. The roles of CNN are both feature extractor and classifier. In the second experiment, the output of the last full-connected layer of networks which are trained in previous experiment
is extracted as the features and SVM is employed to classify them. Table III shows the results of two
experiments. AlexNet and GoogLeNet rows are results of first experiment which train overall network
of AlexNet and GoogLeNet, respectively. AlexNet+SVM and GoogLeNet+SVM are the results of second
experiment. These two experimental results are similar. The second one is sightly better than the previous one. However, both of them are worse than other methods. The possible reason is that the volume
of Dunhuang dataset is too small to train a CNN and it easily causes overfitting. A large number of
sample data is the basis to train a good CNN model.
Fine-tune [Oquab et al. 2014] AlexNet and Fine-tune GoogLeNet rows are the third experiment
fine-tuning models from pre-train model on ILSVRC. CNN features are extracted from the last fullconnected layer and classified by SVM. But the results are worse than SIFT-based methods. The possible reason is that the number of network parameter is too large so that it causes overfitting to
Dunhuang dataset which is a small dataset.
The fourth experiment is the combination of aggregated local features with CNN features. This kind
of combination has been proven a significant improvement for performance [Chandrasekhar et al.
ACM Journal on Computing and Cultural Heritage, Vol. ?, No. ?, Article XXXX, Publication date: October 2016.
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Fig. 6. Accuracy of SIFT, DeepSift and proposed method when using different amount of samples for training.

2015]. However, the accuracies of GoogLeNet and AlexNet feature are not comparable with proposed
feature but OverFeat feature is more close to ours. We perform this experiment that combines OverFeat
and our feature serially, and OverFeat+Ours row in Table III shows the accuracies. The combination
improves the performance than pure OverFeat but still cannot surpass our method.
4.3.5 Multi-view Improvement. To justify that the multi-view affine transformation improves the
feature, we compare the various features with and without affine transformation. The results are
shown in Table IV. The first row shows the accuracies of SIFT, OpponentSIFT and Lab-SIFT, where
SIFT is computed in gray-scale but OpponentSIFT and Lab-SIFT are in color. The second row shows
those three features combined with multi-view. Note that the fusion of Lab-SIFT and multi-view is the
proposed method. The accuracies in second row are higher than the first row, which demonstrates that
affine transformation is an useful way to improve SIFT-like features in painting classification.

Table IV. Accuracies of SIFT-based methods with and without multi-view affine transformation. First row is
accuracy using original feature, while second row is accuracy using feature combined with affine transformation.

Origin
Multi-view

SIFT
82.73
84.24

Features in use
OpponentSIFT
Lab-SIFT
90.00
90.91
92.12
95.45

4.3.6 Various Training Amount. To verify the robustness of our method, we test our method by
using different amount of training data. In above experiments half of dataset is used for training and
the rest is used for testing, but in this experiment we use different ratios between training and testing
dataset. Fig. 6 shows the accuracies of our method and compared methods while using 10% to 90%
of dataset as training data. Our method keeps highest accuracy in every ratio and it performs much
better when in small-size training data.
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Fig. 7. ROC curve of SIFT, ASIFT[Morel and Yu 2009], Lab-SIFT and proposed method on Painting-91 dataset.

4.3.7 Results on Paiting-91. We apply the proposed method to a large scale painting dataset Paiting91 [Khan et al. 2014a]. Table V shows the accuracy performance of seven different features we used on
Paiting-91 dataset. The buttom-right is the proposed feature, i.e., combining the Lab-SIFT and multiview affine transformationwhich achieves higher accuracy than other features. The multi-view OpponentSIFT gets the second highest accuracy and all multi-view feature achieve better performance than
those without multi-view. OverFeat achieves the same highest accuracy as our method, and it can be
inferred that CNN feature used in larger dataset has better performance. Fig. 7 shows the ROC curve
between SIFT, ASIFT, Lab-SIFT, OverFeat and our method. One can tell that our method on Paiting-91
dataset still has better performance than the other methods.
However, the result of proposed method is not significantly better than the comparison method. One
reason is that the resolution of images in Paiting-91 is nearly 1/4 of images in Dunhuang dataset.
Smaller image would cause less keypoints and less descriptors, which would reduce the diversity of
various categories and make classification result worse. The other reason is that the amount of Paiting91 is much larger than Dunhuang dataset. The subset of Paiting-91 we use contains 20 classes and
two thousand images including training and testing set. The average number of images in each class
is approximate 100 and it is less than Dunhuang in which the number is 220.

Table V. Accuracy between using or not using multi-view
affine transformation on large scale painting dataset
Painting-91. First row is accuracy using original feature,
while second row is accuracy using feature combined with
affine transformation.

Origin
Multi-view

SIFT
48.3254
50.7177

Features used on Painting-91
OpponentSIFT
Lab-SIFT
OverFeat
44.4976
46.4115
52.6316
52.3923
52.6316
-
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Discussion

From the experimental results, we can see that our method has better performance than the comparison methods, which are SIFT, ASIFT, OpponentSIFT and Lab-SIFT. SIFT, OpponentSIFT and
Lab-SIFT, by only considering keypoints in the front view-point. ASIFT has multi-view attributes only
in gray scale. Those similar SIFT-based method provide less information than our method. The comparison to state-of-the-art shows that our method is more efficient than other methods. The results on
Painting-91 also imply that our method has a nice performance on a large scale painting dataset. SIFT
is a general and powerful feature which is used in many situation, but it is not effective enough for
painting classification. ASIFT and Lab-SIFT perform better in painting classification. The proposed
feature combing them to describe multi-view appearance and color features achieves highest performance.
Our method is a combination of affinely keypoint detection and local feature extraction with color
clue which absorbs both of their advantages. Detecting keypoints affinely can obtain more keypoints
that the ordinary method and the extra keypoints still contain available information. We have two
reasons for choosing affine transformation: (1) while painters creating their paintings or spectator
watching those paintings, they did not always face to canvas in the front but in various perspectives.
(2) Similar objects might show in different view-point. (3) Affine transformation can simulate different
perspectives. Besides, unlike ordinary SIFT descriptor extraction only pays attention to gray image,
our method concerns about color which is one of the most significant characteristics of paintings. Our
method extracts features on CIE-LAB color space which includes lightness and color-opponent dimensions, and the experimental results show that CIE-LAB color space achieve better performance than
others.
5.

CONCLUSION

In this paper, we developed a novel computational method by using multi-view local color features
extracted from the paintings. We extract the multi-view local color features using a novel descriptor
named Affine Lab-SIFT. The feature histogram for each image is represented in the form of bag-ofvisual-words and a supervised fashion is used to train a classifier. We tested the proposed approach
on two different datasets and found that the proposed method out-performed several state-of-the-art
methods, including SIFT based methods and deep learning based methods.
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