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A B S T R A C T

Sketch-based image retrieval is an important research topic in the field of image processing. Hand-drawn
sketches consist only of contour lines, and lack detailed information such as color and textons. As a result,
they differ significantly from color images in terms of image feature distribution, making sketch-based image
retrieval a typical cross-domain retrieval problem. To solve this problem, we constructed a perceptual space
consistent with both textures and sketches, and using perceptual similarity for sketch-based texture retrieval. To
implement this approach, we first conduct a set of psychological experiments to analyze the similarity of visual
perception of the textures, then we create a dataset of over a thousand hand-drawn sketches according to the
textures. We proposed a layer-wise perceptual similarity learning method that integrates perceptual similarity,
with which we trained a similarity prediction network to learn the perceptual similarity between hand-drawn
sketches and natural texture images. The trained network can be used for perceptual similarity prediction
and efficient retrieval. Our experimental results demonstrate the effectiveness of sketch-based texture retrieval
using perceptual similarity.
1. Introduction

Images carry a wealth of data, and an increasing number of indi-
viduals are using them to represent semantic information. However,
as the amount of image data grows, image retrieval has become a
challenging problem, particularly for images that are difficult to de-
scribe precisely with words. In text-based image retrieval, users must
use appropriate words to describe images in order to get satisfactory
retrieval results. While they have knowledge of images and textures, it
is often difficult to produces accurate descriptions of images. To address
this problem, researchers have proposed using hand-drawn sketches
as query data for retrieval. Sketches have the advantage of having a
simple structure and few features, consisting entirely of contour lines,
and are often utilized in a variety of scenarios. For example, an artist
who enjoys painting can use their own hand-drawn sketches to develop
new realistic and attractive images. Additionally, because hand-drawn
sketches include rich semantic information, they can communicate a
human’s thoughts and emotions more effectively than words. Despite
these advantages, finding features that can represent both sketches and
textures simultaneously is challenging due to the substantial disparities
between them.

Early hand-drawn sketch recognition methods typically followed
traditional image classification models that extract manual features
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from hand-drawn images as input and send them to a classifier for clas-
sification. Common manual features include histogram of oriented gra-
dient (HOG) [1] and scale-invariant feature transformation (SIFT) [2].
Building on this foundation, Hu et al. [3] proposed gradient field
HOG (GF-HOG), an adapted form of the HOG descriptor suitable for
sketch-based image retrieval. Eitz et al. [4] developed a bag-of-features
sketch representation and used multi-class support vector machines for
classification. These early methods have limitations in that they require
manual feature extraction, which can be time-consuming and may not
capture all relevant information.

Hand-drawn sketch recognition has seen significant improvements
since 2012, thanks to advancements in deep learning. Sarvadevab-
hatla et al. [5] utilized two classical convolutional neural network
structures for sketch recognition, while Yang et al. [6] trained a new
convolutional neural network model and increased the receptive fields
of the first convolutional layer to improve the model’s generalization
ability. Seddati et al. [7] used a deeper convolutional neural network
to statistically characterize sketches and aid in the identification and
retrieval of hand-drawn sketches. In 2016, Cai [8] proposed a sketch-
based procedural texture retrieval method that maps from hand-drawn
sketches to corresponding target textures using texture calculation
features and enables the retrieval of hand-drawn sketches. However,
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this method is only applicable to procedural textures and performs
poorly on natural textures. Dong et al. [9] proposed a procedural tex-
ture generation framework based on semantic descriptions, which can
generate procedural textures according to the semantic descriptions.
However, this method has difficulty describing some complex textures
that hand-drawn sketches can effectively capture.

To address these challenges, we propose a sketch-texture retrieval
framework based on perceptual similarity. Given the significant differ-
ences between hand-drawn sketches and texture images, we construct
a perceptual space consistent with both textures and sketches based
on human perceptual similarity. We utilize a layer-wise perceptual
similarity measurement method to learn image features for both texture
images and hand-drawn sketches, extracting a robust feature represen-
tation that can effectively represent both types of images. We then
train a perceptual similarity predicting network using the extracted
paired image features, utilizing perceptual similarity values obtained
from psychophysical experiments as training labels. The trained model
can predict the perceptual similarity between the input hand-drawn
sketch and the texture images, allowing for sorting of the texture
images according to their similarity values and implementation of the
sketch-based image retrieval framework.

The contributions are as follows:

1. We created a dataset of hand-drawn natural texture images. Cur-
rently, the commonly used datasets for sketch-based recognition
and retrieval are object datasets, and there are no hand-drawn
sketches available for texture images. To address this gap, we
designed a sketch collection experiment in which we selected
representative texture images from the natural texture dataset
DTD [10] and used them as references for drawing sketches.
We invited multiple subjects to draw sketches based on the
given textures, resulting in the collection of over a thousand
hand-drawn texture sketches.

2. We conducted a free-grouping psychophysical experiment to an-
alyze the perceptual similarity of natural texture images, which
allowed us to create a texture perceptual similarity matrix.
We utilized the Isomap algorithm to construct a sketch-texture
perceptual space, where textures and sketches that appear more
similar in perceptual space are closer to each other, while tex-
tures and sketches that are significantly dissimilar are farther
apart. This approach provides a new framework for sketch-based
texture retrieval that is based on human perceptual similarity,
allowing for more accurate and efficient retrieval of texture
images based on their perceptual features.

3. We studied the feature extraction methods for both sketches
and textures and utilized a combination of hand-drawn sketch
textures and color images to obtain a new feature vector with
human perception constraints. We then trained a fully con-
nected similarity prediction network using these combined fea-
ture vectors, which can be used for sketch retrieval. This ap-
proach provides a more effective and accurate method for fea-
ture extraction and similarity prediction, allowing for improved
performance in sketch-based texture retrieval.

4. Based on the perceptual similarity between natural texture im-
ages obtained from free-grouping psychophysical experiments,
we propose a layer-wise perceptual similarity measurement
method. This method enables end-to-end feature extraction and
perceptual similarity prediction for paired images, which are
then sorted according to their predicted similarity. We utilize
this method to construct a sketch-based natural texture retrieval
framework, allowing for efficient retrieval.

2. Related work

2.1. Texture retrieval

Texture image retrieval involves selecting a target texture image
from a texture database based on certain rules. In essence, texture im-
age retrieval is a type of content-based image retrieval. Texture images
2

differ from natural images in that they are characterized by surface
attributes and properties of objects. The analysis of texture images
primarily relies on their texture properties, such as the repeatability
of primitives in the image, local periodicity, and global periodicity.
Texture image retrieval typically comprises two main parts: feature
extraction and retrieval. The retrieval step involves distance metrics
and classification.

There are various methods for sketch-based retrieval. In 1992,
Hirata et al. [11] proposed an image search method based on hand-
drawn sketches. They compared user-entered sketches with the edge
extraction maps of 205 color oil paintings in the database, normalized
all the images, divided each image into multiple small squares, and cal-
culated global correlation by accumulating local correlations. Lopresti
et al. [12] treated hand-drawn sketches as special forms of handwritten
fonts, transforming the sketch search process into string matching prob-
lems. Additionally, research has been conducted on sketch matching
and elastic matching. For instance, Del Bimbo et al. [13] and Sclaroff
et al. [14] deformed user-drawn sketches by bending and stretching
them, and then matched them with the contour of the object.

In recent years, many sketch-based retrieval methods have relied
on deep learning techniques. One of the most well-known methods is
DeepSketch, proposed by Seddati et al. [7]. They used deep convo-
lutional neural networks to extract ConvNets features and performed
sketch-based retrieval using k-Nearest Neighbors. Building on this
work, Seddati et al. proposed DeepSketch2 [15] and DeepSketch3 [16],
which compared different ConvNet architectures, training paradigms,
and data fusion schemes, resulting in improved accuracy for hand-
drawn sketch retrieval. In 2021, Seddati et al. [17] proposed an au-
tomatic coloring method for ethnic costume sketches, which achieved
better coloring performance. However, most current sketch-based re-
trieval methods are tested on images and rarely on textures.

2.2. Computational features

Image features are essential elements in the field of computer
vision and image processing. Over the past few decades, researchers
have proposed various feature extraction methods for texture images.
Generally, the computational features of textures can be categorized
as either hand-crafted features or features extracted by deep neural
networks.

Hand-crafted features mainly include statistical texture features
and filter-based features [18,19]. Statistical texture features are often
used to describe the spatial distribution of the gray values in images.
Gray scale mean and gray histograms [18] are the simplest forms
of representing the first-order features of an image. Gray-level co-
occurrence matrix (GLCM) [20] summarizes the relative frequency
distribution in the image. And, texture features extracted by the gray-
level co-occurrence matrix have better discriminating ability but have
limitations for pixel-level texture recognition tasks. Besides, absolute
grey level difference histograms and local covariance matrices based
on image features [20] have also achieved good results in many tasks.
The Robert Crossover Operator [21], Canny Operator [22], and Marr
Operator [23] can be used to extract lines, edges, and points in texture
images. Additionally, orthogonal filters [24], Gabor filters [25], and
wavelet transforms [26] can be used to extract more information from
images.

The methods mentioned above for feature extraction are all hand-
crafted features, and some of them have achieved good experimental
results in the fields of object recognition and image classification.
However, the same feature can perform differently in different tasks,
and different tasks require different features. Researchers aim to find
a robust texture representation method that can be applied to multiple
texture classification tasks.

Deep features refer to features extracted through a multi-layer con-
volutional network and are a high-level representation of image data.

Deep learning typically employs a multi-layered network structure,
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where each layer of the network consists of multiple non-linear modules
responsible for transforming the input data into a higher-level and more
abstract representation [27]. The output of the previous layer serves as
the input for the next layer which performs a new transformation. Com-
mon models for deep learning include AutoEncoder, Sparse Coding,
Restricted Boltzmann Machine (RBM), Deep Belief Networks (DBN),
and Convolutional Neural Networks (ConvNet). Convolutional neural
networks [28,29] are particularly important deep network structures.
A typical convolution network consists of three parts: convolution
layers, nonlinear transformation layers, and pooling layers. The deep
features learned by convolutional neural networks have been shown
to perform better in many computer vision tasks than hand-crafted
features [30–34].

2.3. Retrieval methods

There are mainly two methods for image retrieval: distance mea-
surement and classification. Different classification or distance mea-
surement methods have different effects on the time required for tar-
get searching, which in turn affects the retrieval efficiency. Distance
measurement is an effective retrieval method that can show similar
image forms by calculating the distance between two features of two
images [35]. It is also widely used in texture retrieval. To calcu-
late the distance between two textures, the computational features of
the textures must be extracted in advance. The distance between the
computational features of the texture images represents the similarity
between textures. A smaller distance implies greater similarity between
textures, and vice versa. Commonly used distance measurement meth-
ods include Euclidean distance, discrete cosine distance, chi-square
distance, Manhattan distance, and KLD distance. The distance measure-
ment methods are relatively simple and fast and is applied in many
retrieval methods. However, these distance measurement methods lack
robustness and perform well in some applications but not in others.

When using the classification method for retrieval, the most com-
mon approach is to use support vector machines (SVM) or K-Nearest
Neighbor (KNN) to establish the classification model, and then use the
model to predict and judge the retrieval target from the obtained cate-
gories to realize the retrieval process. For example, in [36], the feature
vector and target values of given training samples were respectively
classified using SVM and KNN. The algorithm automatically learns the
classification model and predicts the corresponding target value for a
new feature vector. Wang et al. [37] proposed a new integrated SVM
classifier for relevance feedback content-based image retrieval. They
combined the asymmetric bagging SVM and the random subspace SVM
using EM parameter estimation, and further improved the relevance
feedback performance.

Sketch-based image retrieval is a typical cross-modal retrieval task,
and many cross-modal retrieval methods have recently been proposed.
Qiang et al. [38] proposed a discriminatory deep asymmetric super-
vised hashing method for cross-modal retrieval, which reduces training
time. Dong et al. [39] proposed a cross-modal graph attention strat-
egy to generate the graph attention representation for each sample
from the local graph of its corresponding paired sample, which elim-
inated the heterogeneous gap between modifications. Lei et al. [40]
proposed a semi-heterogeneous three-way joint embedding network
(Semi3-Net) that integrates a sketch branch, a natural image branch,
and an edgemap branch, and introduces joint semantic embedding to
learn invariant cross-domain representations effectively. Xu et al. [41]
proposed a deep hashing framework for sketch retrieval, which embeds
the temporal order of sketch strokes and achieves success in sketch
recognition under zero-shot settings, as well as good generalization per-
formance. Wang et al. [42] proposed a new compact feature learning
method to embed the underlying manifold information from a database
and build a landmark graph as a database sketch. The proposed method
directly uses the index of the most similar codeword node as a compact
feature representation. Liu et al. [43] proposed on-the-fly FG-SBIR,
3

Fig. 1. The process of the psychophysical experiments.

which performs image retrieval after each stroke and learns a joint
embedding space shared between the photo and its corresponding
complete sketch. The proposed method successfully achieves the goal of
using the minimum number of strokes to retrieve the target photo. Cao
et al. [44] proposed a cross-domain translation network and an intra-
domain adaptation network for face photo-sketch synthesis, achieving
the best perceptual appearance with less deformation. Cross-domain
synthesis is another commonly encountered challenge in the domain
of hand-drawn sketches.

In our work, we compared the results of different distance met-
rics and classification methods, combined with various computational
features. We proposed a layer-wise perceptual measurement method
that integrates perceptual similarity. The effective experimental results
demonstrate the feasibility of our method.

3. Dataset

3.1. Natural texture

As the research moves along, several natural texture databases,
including Brodatz [1], OuTex [3], and CUReT [4], have been es-
tablished. These texture datasets typically include texture images of
different materials, such as wood, cloth, rock, etc. Many material-
based classification methods have achieved good experimental results
on these datasets. However, most of these datasets are lacking in human
perception and do not contain descriptions of ‘‘real world’’ patterns.

The database selected for this paper is the Describable Textures
Dataset (DTD) proposed in [10]. It contains 47 classes, with 120 texture
images per class, totaling 5,640 images that are jointly annotated with
47 different attributes. In our experiment, we selected 10 representative
images from each class, resulting in a new experimental dataset named
DTD-R, which consists of a total of 470 images, as shown in Fig. 2.
This is because psychophysical experiments can only be conducted on
a limited quantity of experimental data, and testing a large amount
of data is unfeasible due to labor and time constraints. The DTD-R
dataset was used in two psychophysical experiments: (1) free-grouping
experiments and (2) group-combining experiments (see Fig. 1).

3.2. Free-grouping experiments

3.2.1. Observers
A total of 20 undergraduate students participated in the free-

grouping experiments. They do not have the expertise of texture
analysis and have normal vision or corrected-to-normal vision.
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Fig. 2. Typical textures in DTD-R Dataset. From left to right, the attributes of these textures are polka-dotted, zigzagged, banded, checked, frilly and honeycombed in order.
3.2.2. Procedure
The experiment was conducted in 470 images. The experiment was

divided into two parts, free-grouping experiments and group-combining
experiments.

A. Free-grouping

(1) A total of 470 samples were printed using the same printer
and randomly divided into 10 sets, with each set containing 47
samples.

(2) During the experiment, the 47 samples in each set were spread
out on a desktop. Observers were asked to group the samples
freely based on their similarity, with samples in the same group
expected to exhibit high similarity, while samples in different
groups were to show no similarity. The number of groups and the
number of samples in a group were not limited, and observers
were free to move samples, combine groups, and open groups
during the experiment.

(3) After grouping the first 47 samples, observers were then asked
to group another 47 samples, placing them into existing groups
or creating new groups. During this process, observers were also
free to remove samples, combine or create new groups.

(4) This grouping experiment was repeated until all 10 sets were
completed. It should be noted that a single image could not
be used as a group, and there was no time limit for the free-
grouping experiments. Once the observers had made the groups,
they were not allowed to change the arrangement of sample
images within each group, which we refer to as a locked group.
This indicated that once the groups were finished, the observer
was not permitted to make any further changes.

B. Group-combining

(1) After the free-grouping experiment, the observers were asked
to combine groups freely, with no limitation on the number of
groups. However, they were not allowed to move samples out of
locked groups. Group combinations only occurred when there
were similarities between different groups, and the observers
were required to record their degree of confidence in the com-
bination. During the free-grouping experiment, observers were
free to categorize the 47 sample images provided in various ways
4

based on their similar or dissimilar attributes. However, once the
observers had made these categorizations, they were unable to
change the arrangement of sample images inside that category,
which we refer to as a locked category. This indicated that after
the categories had been created, the observer was not permitted
to make any further changes.

(2) The combining step was repeated until the observers believed
that no further group combinations were possible.

3.2.3. Experimental analysis
The perceptual similarity matrix of 470 natural textures, denoted as

𝑆𝑡𝑒𝑥𝑡𝑢𝑟𝑒, and the perceptual similarity matrix of 47 different classes, de-
noted as 𝑆𝑐𝑙𝑎𝑠𝑠, were calculated based on the results of the psychological
experiments.

Given an observer 𝑖(𝑖 = 1, 2,… , 20), the matrix 𝑆𝑓𝑟𝑒𝑒−𝑔𝑟𝑜𝑢𝑝𝑖𝑛𝑔
𝑖 with a

size of 470 × 470 is created, and each row and column of the matrix
represents a sample of texture. During the free-grouping experiments,
for each observer, the sample 𝑚 and the sample 𝑛 are grouped in the
same group, the corresponding element 𝑆𝑓𝑟𝑒𝑒−𝑔𝑟𝑜𝑢𝑝𝑖𝑛𝑔

(𝑚,𝑛) in the matrix is
set to 1, and the samples that are not divided into the same group
are set to 0, as a result of binary matrix 𝑆𝑓𝑟𝑒𝑒−𝑔𝑟𝑜𝑢𝑝𝑖𝑛𝑔

𝑖 is obtained. The
experimental results of 20 observers can be counted into 20 binary
matrixes. Adding the 20 binary matrixes together:

𝑆𝑓𝑟𝑒𝑒−𝑔𝑟𝑜𝑢𝑝𝑖𝑛𝑔
𝑎𝑙𝑙 = 𝑆𝑓𝑟𝑒𝑒−𝑔𝑟𝑜𝑢𝑝𝑖𝑛𝑔

1 +⋯ + 𝑆𝑓𝑟𝑒𝑒−𝑔𝑟𝑜𝑢𝑝𝑖𝑛𝑔
20 (1)

the elements in the matrix represent the number of times when sample
𝑚 and sample 𝑛 are grouped by different observers. Dividing the ob-
tained similarity matrix by the number of observers participating in the
experiment, the element values in the similarity matrix are normalized
between 0 and 1, which obtains the perceptual similarity matrix of the
free-grouping experiments 𝑆𝑓𝑟𝑒𝑒−𝑔𝑟𝑜𝑢𝑝𝑖𝑛𝑔

𝑡𝑒𝑥𝑡𝑢𝑟𝑒 .
Next, we super impose the results from group-combining to

𝑆𝑓𝑟𝑒𝑒−𝑔𝑟𝑜𝑢𝑝𝑖𝑛𝑔
𝑡𝑒𝑥𝑡𝑢𝑟𝑒 . During each group-combining experiment, the new groups

are obtained with self-confident degree, multiply the results of the
combined groups with confidence and add them to the matrix of free
grouping. The final similarity matrix can be written as

𝑆𝑡𝑒𝑥𝑡𝑢𝑟𝑒 = 1 ×
𝑖=1
∑

(𝑆𝑓𝑟𝑒𝑒−𝑔𝑟𝑜𝑢𝑝𝑖𝑛𝑔
𝑖 + 𝛼𝑆𝑔𝑟𝑜𝑢𝑝−𝑐𝑜𝑚𝑏𝑖𝑛𝑖𝑛𝑔

𝑖 )

𝑁 𝑁
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Fig. 3. The 470 × 470 texture perceptual similarity matrix obtained by free-grouping experiment. The abscissa and ordinate coordinates represent different texture samples, and
the color bar on the right side of the graph indicates the similarity values of different colors.
= 1
𝑁

×
𝑖=1
∑

𝑁
(
𝑚,𝑛=1
∑

470
𝑆𝑓𝑟𝑒𝑒−𝑔𝑟𝑜𝑢𝑝𝑖𝑛𝑔
𝑚,𝑛 + 𝛼

𝑚,𝑛=1
∑

470
𝑆𝑓𝑟𝑒𝑒−𝑔𝑟𝑜𝑢𝑝𝑖𝑛𝑔
𝑚,𝑛 ) (2)

where 𝛼 is the self-confident degree in group combining experiments.
The element 𝑆(𝑚,𝑛) in 𝑆𝑡𝑒𝑥𝑡𝑢𝑟𝑒 represents the similarity coefficients of
sample 𝑚 and sample 𝑛. The closer 𝑆𝑚,𝑛 is to 1, the more observers
divided the two samples into one group that is the sample pairs (𝑚, 𝑛)
are more similar to each other.

Fig. 3 shows the texture similarity matrix 𝑆𝑡𝑒𝑥𝑡𝑢𝑟𝑒 obtained from
the free-grouping experiments. The abscissa and ordinate coordinates
represent different texture samples, and the similarity of sample pairs
is shown by the color. The various shades of red at coordinate points
(𝑚, 𝑛) represent the similarity between sample 𝑚 and sample 𝑛. The
deeper the color, the higher the similarity between the samples. From
the graph, we can observe that the color of most sub-blocks tends to
be white, indicating that the similarity between texture samples of
different categories is very low, while the similarity between textures
of the same category is high.

To analyze the relationships between different categories in the
dataset, a category similarity matrix is constructed based on the simi-
larity between textures of different categories. If the similarity between
the textures in two categories is higher, then the similarity between the
two categories will be considered higher, and vice versa. The process of
obtaining the category similarity matrix is as follows: a matrix with size
47 × 47 is created, where each row and column represents a category
of texture. Each entry of the matrix is calculated by averaging the
similarity coefficients between samples of the two compared categories.
Based on the sample similarity matrix 𝑆𝑡𝑒𝑥𝑡𝑢𝑟𝑒, the similarity coefficients
between samples of different categories are averaged, i.e., the similarity
coefficients between samples of category 𝑃 and 𝑄. As shown in Fig. 4,
the resulting matrix 𝑆𝑐𝑙𝑎𝑠𝑠 provides a rough estimation of the similarity
between categories in the DTD-R database.

The texture category similarity matrix can provide a more intuitive
representation of the similarities between different categories. For ex-
ample, the sub-blocks corresponding to Category 1 and Category 3 are
white, indicating that there is no similarity between the two types of
5

Fig. 4. The 47 × 47 texture category similarity matrix obtained by the experiment. The
abscissa and ordinate coordinates represent different texture categories, and the color
bar on the right side of the graph indicates the similarity values of different colors.

texture samples. And the sub-blocks corresponding to Category 8 and
Category 31 are relatively more red, indicating that the texture samples
of these two categories are similar to each other. From the figure,
we can observe that in the dataset, there is relatively low similarity
between different categories in most cases.

3.3. Sketch data collection

3.3.1. Observers
A total of 12 undergraduate students participated in the sketch

collection experiments. The participants were not familiar with texture
images, except for two who have painting skills.
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Fig. 5. The original texture image and corresponding sketch. The images above are the original textures and below are the corresponding sketches.
3.3.2. Procedure
Participants were provided with natural texture images and pre-

designed white paper with boxes. They were instructed to use pencils
to draw sketches to fill the boxes. Ten of the participants each drew
20 sketches, while the other two participants with drawing experience
drew 470 sketches. For each texture presented by the computer, the
participants drew a picture based on the texture image and then
recorded the texture number and their name. There was no time limit
for drawing, and the participants were free to take breaks at any point
during the process. After the drawing was completed, the participants’
sketches were collected and scanned using an HP (M1552n) scanner
with a resolution of 300 pixels.

3.3.3. Experimental analysis
A total of 1,140 hand-drawn sketches were collected in the exper-

iment. By using MATLAB to crop and binarize the scanned images,
we obtained the DTD-S Dataset of hand-drawn texture sketches. The
original texture image and its corresponding hand-drawn image are
shown in Fig. 5.
6

The participants took slightly different amounts of time to draw
the sketches, with an average time of 5 min per texture. Sketching
a set of 470 texture images took approximately 40 h. These data
are highly valuable. Two participants who did not participate in the
sketch collection experiments took part in the verification experiment.
Both participants agreed that the sketches could represent natural tex-
tures. During the verification experiment, the sketches and the natural
textures referenced during the sketch drawing were displayed on a
computer screen, and the participants were asked to indicate whether
the sketches were consistent with the original textures using a Y/N
response. The results showed that the hand-drawn sketches are valid.

4. Sketch-texture retrieval framework

4.1. Sktech-texture perceptual space

The Isomap algorithm can construct a low-dimensional space while
preserving the internal geometric structure of data points in the space
by calculating the distance between data points on the global geometric
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Fig. 6. The relationship between the reduced dimension and residual variance.

manifold. Let 𝑋 represent the high-dimensional input space, 𝐷𝑋 (𝑖, 𝑗)
represent the original input distance between points 𝑖 and 𝑗, 𝑌 represent
the output d-dimensional Euclidean space, 𝑌𝑖 represent the output
coordinate vector, 𝐷𝐺 represent the geodesic distance matrix, 𝐷𝐺(𝑖, 𝑗)
represent the geodesic distance between point 𝑖 and 𝑗 in 𝐺, and 𝜖
be a self-defined parameter. The steps of the Isomap algorithm are as
follows:

Construct neighborhood graph. If the distance between 𝑖 and 𝑗
𝑑𝑋 (𝑖, 𝑗) < 𝜖, there is a distance 𝑑𝑋 (𝑖, 𝑗) between points 𝑖 and 𝑗. For all
points, 𝐺 is constructed as described above.

Calculate the shortest path and estimate the geodesic distance.
Initialize the geodesic distance matrix 𝑑𝐺(𝑖, 𝑗), if there is a distance
between 𝑖 and 𝑗, then 𝑑𝐺(𝑖, 𝑗) = 𝑑𝑋 (𝑖, 𝑗), otherwise, 𝑑𝐺(𝑖, 𝑗) = ∞. For
𝑘 = 1, 2,… , 𝑁 , calculate 𝑚𝑖𝑛𝑑𝐺(𝑖, 𝑗), 𝑑𝐺(𝑖, 𝑘) + 𝑑𝐺(𝑘, 𝑗), use the minimum
value to replace all elements in D, and the obtained element 𝐷𝐺 =
𝑑𝐺(𝑖, 𝑗) in geodesic matrix contains the shortest path between all the
points in G.

Construct d-dimensional European space. Perform eigenvalue de-
composition on the inner product matrix 𝜏(𝐷𝐺) of geodesic matrix,
𝜆𝑝 is the 𝑝th eigenvalue of matrix 𝜏(𝐷𝐺), 𝑉 𝑖

𝑝 is the 𝑖th component of
the 𝑝th eigenvector, and the 𝑝th component of coordinate vector 𝑦𝑖 in
d-dimensional Euclidean space is

√

𝜆𝑝𝑣𝑖𝑝.
Thus, the coordinate 𝑦𝑖 in the low-dimensional space can represent

the points in the original high-dimensional space. The dimension of
the data can be estimated by reducing the error as the dimension of
𝑌 increases. Through the relationship between the reduced dimension
and residual variance, we can select the appropriate dimension of
the sketch-texture perceptual space. Fig. 6 illustrates the relationship
between the reduced dimensions and residual variances. As shown in
Fig. 6, the residual variance gradually decreases as the dimension in-
creases. However, at a certain dimension, the residual variance will not
decrease significantly. We can choose the dimension corresponding to
the inflection point of the curve as the sketch-texture perceptual space
dimension. From the figure, we can observe that the 48-dimensional
perceptual space can better capture the similarity in the original high-
dimensional space, with a corresponding residual variance of 𝑟 =
0.0782.

4.2. Feature extraction and similarity measurement

Feature extraction is a crucial step in texture retrieval, as appro-
priate features can greatly improve the accuracy and efficiency of
retrieval. In this paper, we evaluate four representative feature ex-
traction methods, including Gabor [25], LBP [45], PCANet [46], and
AlexNet [47]. The first two methods are manual feature extraction
techniques, where the corresponding features are designed manually.
The latter two methods are deep learning-based methods, where the
corresponding features are referred to as deep features. These fea-
tures have achieved excellent classification results on various texture
datasets.
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Table 1
Correlation coefficient between textures and sketches.

FEATURE GABOR LBP PACNET ALEXNET

CORRELATIONS 0.5567 0.2382 0.4434 0.5396

Distance measurement is widely used in texture retrieval and tex-
ture similarity estimation. To evaluate the effectiveness of the four
computational features in representing both the hand-drawn sketches
and the original texture images, we calculate the distance between the
sketches and the distance between the corresponding natural textures
using distance measures. We also conduct correlation analysis experi-
ments using the calculated distances. The distance metric used in this
paper is cosine similarity:

𝑠𝑖𝑚⟨𝐹 𝑖𝑚𝑔1, 𝐹 𝑖𝑚𝑔2
⟩ = ⟨𝐹 𝑖𝑚𝑔1, 𝐹 𝑖𝑚𝑔2

⟩∕‖𝐹 𝑖𝑚𝑔1
‖‖𝐹 𝑖𝑚𝑔2

‖ (3)
𝑠𝑖𝑚⟨𝐹 𝑠𝑘𝑡ℎ1, 𝐹 𝑠𝑘𝑡ℎ2

⟩ = ⟨𝐹 𝑠𝑘𝑡ℎ1, 𝐹 𝑠𝑘𝑡ℎ2
⟩∕‖𝐹 𝑠𝑘𝑡ℎ1

‖‖𝐹 𝑠𝑘𝑡ℎ2
‖ (4)

where 𝐹 𝑖𝑚𝑔1 and 𝐹 𝑖𝑚𝑔2 represents the feature vectors of texture images
in the database and 𝐹 𝑠𝑘𝑡ℎ1 and 𝐹 𝑠𝑘𝑡ℎ2 represents the feature vectors of
the corresponding sketches. According to the formula, the similarity
between natural textures and the similarity between sketches can be
calculated. The distance is calculated on the four feature spaces men-
tioned above, and the correlation coefficient between different textures
and corresponding sketches are calculated.

Table 1 shows that there is a certain correlation between the original
natural texture image and the corresponding hand-drawn sketch, and
the correlation values calculated by different features vary significantly.
We aim to identify a feature that can represent texture images and
hand-drawn sketches as closely as possible, so that the same type of
texture image and hand-drawn sketch have similar features.

To evaluate the performance of the different features in sketch-
based retrieval, we conducted experiments using traditional distance
metrics. Figs. 7 and 8 illustrate the retrieved results using LBP, Gabor,
PCANet, AlexNet, LBP+PCANet, LBP+AlexNet, Gabor+PCANet, and
Gabor+AlexNet features, respectively.

Based on the experimental results, we observed that the distance
measurement method using these feature spaces cannot retrieve the
desired texture based on the sketch. The retrieved results are signifi-
cantly different from the ground truth values, which does not meet the
requirements of accurate texture retrieval.

To further evaluate the expressive ability of features, we propose
a perceptual similarity learning method based on stacked sparse auto-
encoder. We combine hand-drawn sketch texture features with natural
texture image features to construct a new feature vector. The com-
bined features are then fed into the stacked sparse auto-encoder for
training, with the training labels representing the perceptual similarity
between natural texture images obtained through free-grouping exper-
iments. We utilize different computational features as inputs to the
stacked sparse auto-encoder, aiming to learn the similarity between
hand-drawn sketches and natural texture images.

The stacked sparse auto-encoder consists of six layers, including an
input layer, an output layer, and four hidden layers. The number of
neurons in these layers is 192, 192, 96, 48, 48, and 1, respectively.
The neurons in the first layer correspond to the paired sketch and
texture features, so the number of neurons in the input layer changes
depending on the input features. The neurons in the last layer corre-
spond to the similarity values of the texture pairs. The paired texture
features and sketch features are sent to the network for training, and the
distance between each pair of images in the perceptual space can be ob-
tained by mapping the features to the sketch-texture perceptual space.
Given a query texture, extract the features of this hand-drawn texture
and combine them with the features of all the texture images in the
database. Then feed the combined features into the pre-trained stacked
sparse autoencoder to compute the similarity between the hand-drawn

texture and the natural texture images. We used Euclidean distance as
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Fig. 7. Retrieval results based on distance measure with zig-zag sketch.
Fig. 8. Retrieval results based on distance measure with bubble sketch.
the measurement standard for distance calculation. Euclidean distance
is defined as follows:

𝐷(𝑥, 𝑦) =
√

∑

(𝑥𝑖 − 𝑦𝑖)2, 𝑖 = 1, 2, 3… , 𝑛 (5)

Where 𝑥 and 𝑦 represents the features of the input sketch and texture
respectively, 𝐷(𝑥, 𝑦) is the distance between vector 𝑥 and vector 𝑦,
and the dimension of the feature is 𝑛. As the distance between the
two features decreases, the similarity between two textures gradually
increases.

Taking into account the different attributes of the manual design
features and the deep features, we combined them and fed them into an
auto-encoder for encoding, and then reconstructed the input features.
The experimental configuration used was 𝑙𝑎𝑚𝑑𝑎(1𝑒−11) and 𝑏𝑒𝑡𝑎(0.001),
and the sparsity of each layer was set to 0.1. By reducing the dimension
of the input features, we obtained a low-dimensional feature that had
the same representation as the original feature. We tested different
feature combinations and assessed the strength of different dimensions
using correlation analysis. The experimental results are presented in
Table 2.

As shown in the table above, the combined features encoded by the
auto-encoder exhibit stronger expressive ability, which enables them
to better represent natural textures and hand-drawn sketches. Among
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Table 2
Correlation coefficient with feature combination.

FEATURE LBP+PCA LBP+Alex Gabor+PCA Gabor+Alex

D = 1024 0.2778 0.3523 0.5668 0.5282
D = 512 0.2816 0.3387 0.5703 0.5608
D = 128 0.2723 0.3225 0.5290 0.5426
D = 48 0.2479 0.3284 0.5027 0.5646

these features, the combination of Gabor and PCANet features achieves
the best experimental results.

4.3. Layer-wise sketch-texture retrieval method

Sketches and natural textures differ significantly from one another,
and a simple distance measurement parameter is insufficient to retrieve
the texture described by the sketch. Sketch retrieval based solely on
distance measurement is not applicable to natural textures, represent-
ing a weak constraint in establishing a relationship between sketches
and natural textures. In order to obtain effective retrieval results,
we propose a layer-wise sketch-texture retrieval framework based on
perceptual similarity. Pairs of hand-drawn sketches and texture images
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Fig. 9. The layer-wise sketch-texture retrieval framework integrating perceptual similarity. The predicted perceptual similarity is obtained by layer-wise perceptual prediction
network. Sort according to the prediction results, and the top three outputs are the retrieval results.
are fed into dual-channel convolutional neural networks for training
to learn the layer-wise perceptual similarity. The predicted perceptual
similarity values are sorted, and the top three images are output as
the retrieval results of hand-drawn sketches. This framework enables
efficient retrieval based on the perceptual similarity between texture
images.

In the sketch-texture perceptual space, the psychophysical similarity
values between any two textures range from 0 to 1. A similarity
value close to 1 indicates that the two textures are very similar,
while a similarity value close to 0 suggests that the two textures are
significantly different from each other. By leveraging psychophysical
similarity values and features extracted from samples using different
methods, we can train a similarity prediction model based on similarity
prediction networks.

Inspired by the layer-wise perceptual similarity calculation method
in the task of texture similarity prediction [48], we propose the hand-
drawn sketch-texture layer-wise perceptual similarity prediction
method, as depicted in Fig. 8. The proposed method encompasses three
main components: feature extraction, cosine similarity calculation, and
prediction of perceptual similarity values.

Feature extraction. We use AlexNet for feature extraction. Each
input to the network consists of paired hand-drawn sketches and tex-
ture images. As AlexNet is trained on color images, we expand the
original hand-drawn sketches into RGB images and input them into the
AlexNet network. We perform standard forward propagation on each
input and choose the features from the convolutional layers of the first
five layers for similarity calculation. It should be noted that the network
parameters are fixed when different channels of the network are used
for feature extraction.

Cosine similarity calculation. After the feature extraction stage,
we obtain pairs of convolutional features and compute the cosine simi-
larity between each pair of features to obtain inputs for the subsequent
similarity prediction network. When computing the cosine similarity,
for each spatial position in the feature maps of the 𝑙th convolutional
layer, there exists a vector of length equal to the number of channels
in the 𝑙th layer. For each pair of convolutional features at the same
spatial position, we compute the cosine similarity between the two
vectors. We then calculate the final similarity value in the 𝑙th layer
by averaging the similarity values across spatial positions. As AlexNet
has five convolutional layers, the constructed similarity vectors have
five dimensions, with each dimension representing the cosine similarity
calculated in the feature space derived from a specific convolutional
layer.

Perceptual similarity value prediction. Deep convolutional neu-
ral networks can generate perceptually more realistic results. When
using deep convolutional neural networks for image feature extraction,
low-level layers can capture fine texton information, while high-level
layers capture global statistical information. Therefore, each convo-
lutional layer of the network reflects the similarity between paired
hand-drawn sketches and texture images at different scales. To achieve
this transformation, we implement a fully-connected network, named
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SimNet, to compute the perceptual similarity between paired hand-
drawn sketches and texture images. The network structure of SimNet
is defined as {5, 16, 64, 128, 64, 16, 1}, where each number represents the
number of neurons used in each layer. SimNet has a total of 7 layers,
including the input and output layers. The activation function used in
SimNet is ReLU. The training objective is to minimize the Euclidean
distance between the predicted similarity values and the ground truth.

The input hand-drawn sketch and texture image are fed into two
twin networks for feature extraction. For each layer in the feature
extraction process, we calculate the cosine similarity value between
the hand-drawn sketch feature map and the natural texture image
feature map at the same spatial position. The cosine similarity value of
each layer is then sent to the perceptual similarity prediction network
to predict the perceptual similarity between the hand-drawn sketches
and texture images. The training objective is to minimize the distance
between the predicted values and the perceptual similarity values
obtained from psychophysical experiments (see Fig. 9).

4.4. Experimental results

In the layer-wise sketch-texture retrieval method, we use the per-
ceptual similarity prediction network to directly predict the perceptual
similarity between hand-drawn sketches and natural texture images.
During the training process, pairs of hand-drawn sketches and nat-
ural texture images are fed into the similarity prediction network,
with the perceptual similarity values obtained from psychophysical
experiments used as labels for similarity prediction. For training, we
randomly selected 2,820 images (60𝑖𝑚𝑎𝑔𝑒𝑠∕𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦×47𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑒𝑠) and
1,000 sketches as the training data, while the remaining 2,820 images
(60𝑖𝑚𝑎𝑔𝑒𝑠∕𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 × 47𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑒𝑠) and 140 sketches were used as the
test data. During the testing phase, we input the hand-drawn sketch
and natural texture images in the test set into the trained model to
predict the perceptual similarity value between them. The similarity of
all texture pairs is then sorted, and the top three texture images with the
highest similarity are output as the retrieval results. The experimental
results are presented in Fig. 10. The first row displays the input hand-
drawn sketch, the second row shows the corresponding texture image,
and the third to fifth rows present the top-3 ranking results.

The results demonstrate that the retrieval results obtained from
predicted similarity values with models trained by similarity prediction
networks conform well to the appearances of the given textures. These
findings indicate that the proposed retrieval method can effectively
accomplish texture retrieval and the results are consistent with human
visual perception.

We also conducted a classification retrieval experiment. After com-
pleting the retrieval experiment, we evaluated whether the texture of
the output TOP20 and TOP40 belonged to the same category as the
query texture. If the top 20 retrieved texture images sorted by similarity
all belong to the same category as the input hand-drawn sketch, the
accuracy rate of TOP20 is 100%. If none of the top 20 retrieved texture
images belong to the same category as the input hand-drawn sketch,
the accuracy rate of TOP20 is 0%. The accuracy rates are presented in
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Fig. 10. Retrieval results. The first row shows the input hand-drawn sketch, the second row shows the corresponding texture image, and the third to fifth rows show the top-3
ranking results.
Table 3
Classification accuracy.

FEATURE LBP+PCA LBP+Alex Gabor+PCA Gabor+Alex Ours

TOP20 0.7443 0.7874 0.8021 0.8231 0.9152

TOP40 0.6224 0.6642 0.7370 0.7846 0.8597

Table 3. Our experiments demonstrate that our method can effectively
classify and retrieve hand-drawn sketches, with the best classification
results obtained by using the layer-wise perceptual similarity prediction
network.

We further compared our perceptual sketch-texture retrieval model
with a variety of alternatives on the DTD-S Dataset for sketch recog-
nition. These methods include some traditional hand-crafted feature
methods: SIFT-SVM [49] and HOG-SVM [50], as well as some deep
learning-based methods: LeNet [31] and AlexNet-SVM [47]. The exper-
imental results, as shown in Table 4, demonstrate that our proposed
method outperforms the other methods on the hand-drawn texture
dataset.

5. Conclusion

In this paper, we propose a novel texture retrieval method based
on perceptual texture similarity prediction using layer-wise similarity
prediction networks. The proposed method effectively predicts per-
ceptual similarity between hand-drawn sketches and natural texture
images, and the retrieval results are consistent with human visual
perception. However, it should be noted that although the similarity
prediction networks achieve better results, the time required for model
training remains a main bottleneck that needs to be improved.
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Table 4
Comparative results on sketch recognition.

Models Accuracy (%)

SIFT-SVM [49] 25.53
HOG-SVM [50] 38.29
LeNet [31] 46.80
AlexNet-SVM [47] 53.19
Ours 59.57

Furthermore, several retrieval tests did not yield expected findings
due to a lack of critical information in the hand-drawn designs. Addi-
tionally, the number of textures carrying psychological data is limited.
To improve retrieval results, more textures with similar properties
should be included in the model training phase.
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