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Abstract—The majority of studies on texture analysis focus on
classification and generation, and few works concern perceptual
similarity between textures, which is one of the fundamental
problems in the field of texture analysis. Previous methods
for perceptual similarity learning were mainly assisted by psy-
chophysical experiments and computational feature extraction.
However, the calculated similarity matrix is always seriously
biased from human observation. In this paper, we propose a novel
method for similarity prediction, which is based on convolutional
neural networks (CNNs) and stacked sparse auto-encoder (S-
SAE). The experimental results show that the predicted similarity
matrixes are more perceptually consistent with psychophysical
experiments compared to other predicting methods.

I. INTRODUCTION

Texture is one of the most important cues for human visual

recognition. Textures are known to be useful information in

many visual tasks, such as material recognition [1], scene un-

derstanding, and image segmentation [2]. Texture appearance

varies extremely much, so it becomes hard to describe a texture

using common language. Therefore, many early researches

focused on finding the most suitable perceptual dimensions

for texture describing [3] [4]. Texture similarity indicates how

similar two textures look. Learning perceptual similarity accu-

rately helps to study the similarities and differences between

different images, and it can be well applied to image retrieval,

object recognition and other fields.

Texture similarity data are generally collected by performing

psychophysical experiments, such as free-grouping experi-

ments and pairwise comparison [5] [6] [7]. Based on the

results of psychophysical experiments, researchers constructed

a perceptual similarity matrix [8] [9] for textures, which was

used to quantify texture similarity. Meanwhile, the perceptual

texture space (PTS) [6] [7] was constructed based on the

perceptual similarity data obtained from psychophysical ex-

periments. The perceptual texture space is a low-dimensional

space, in which a single dimension corresponds to a specific

perceived attribute, such as contrast, direction and regular [10].

Each point in the perceptual texture space represents the PTS

feature of the corresponding texture. The perceptual texture

space is supposed to be consistent with human perception,

which can provide an accurate perceptual texture similarity.

In recent years, deep learning has achieved state-of-the-art

results in many fields. Zagoruyko et al. proposed a general

similarity function based on CNN [11] and decision networks

to compare image patches directly from image data [12].

Han et al. proposed a unified approach for unifying feature

and metric learning for patch-based matching [13]. These

methods focus on predicting the similarity of image patches

while our tasks differs from the small-scale image patches

similarity learning. In contrast to previous work, we proposed

a method based on convolutional neural networks to directly

predict similarity between textures, with an auto-encoder based

algorithm to output the similarity value from the computa-

tional features. We have performed extensive experiments on

publically available texture datasets, including the perceptual

texture database(PTD) [10], PerTex dataset [14] and a natural

textures dataset DTD [15]. Experimental results show that our

method is accurate and effective to estimate the similarity

between different textures.

II. METHODS

A. Learning Texture Similarity via Convolutional Neural Net-
works

We proposed two different models for texture similarity

learning. In this section, we introduce the first model based on

convolutional neural networks. Given a pair of texture images,

we can obtain the perceptual similarity between the textures

through our trained model. We designed a regression model

based on convolutional neural networks for the purpose of

similarity learning. This model has two input images, which

are the textures whose perceptual similarity (a real value

representing the degree of similarity) is going to be estimated.

Accordingly, we use a two-channel input in the model; each

channel represents a single texture image, and the two images

will be fed into the network simultaneously. The proposed

model includes convolutional layers, max pooling layers, full

connection layers and nonlinear regression layer. The loss

layer has been set to an Euclidean loss. The definition of the

Euclidean loss is: Loss = 1
2N

N∑

i=1

‖ yn−ŷn ‖22, where N is the

number of the texture image pair, yn is the predicted similarity

of the texture pair, while the ŷn is the ground truth, i.e. the

real similarity obtained from the psychophysical experiments.

The value of perceptual similarity ranges from 0 to 1. A value

close to 1 means the two texture images are perceived very

similar, whereas a value of 0 represents the two textures are

not similar. The proposed network architecture is based on

GoogleNet [16], which has 22 layers with three softmax loss
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Fig. 1. Similarity learning model based on CNNs.

layers. We truncated the network layers before the second

softmax loss layer as the foundation of our model. Then we

made some modification to the model: the two softmax loss

layers are replaced with Euclidean loss layers, and a sigmoid

function is added as the activation function. The architecture

of the model is shown in Fig. 1

B. Learning Texture Features and Similarity via Stacked S-
parse Auto-Encoder

Many computational texture features have been proposed

over the last forty years [17] [18] [19]. Computational features

have been successfully used in many texture understanding

tasks, such as texture classification [20] and material recogni-

tion [1]. Researchers also used the computational features to

predict perceptual similarity [21]; however, the predicted simi-

larity is not consistent with human observation. Previous work

has shown that using computational features to train Random

Forest can predict perceptual similarity more accurately [22]

than other methods, but it requires a large amount of training

samples and takes a long training time. In order to further

improve the efficiency and accuracy of [22], we propose to

use stacked sparse auto-encoder in addition to CNNs [23].

This architecture for perceptual similarity learning is shown

in Fig. 2.

In this new architecture, five typical computational features

were used: Local Binary Pattern (LBP) [24], Gabor [25],

AlexNet [11], PCANet [26] and Bag-of-Words (BoW) [27].

For each texture dataset, the computational features of each

texture are extracted. The dimension of Gabor feature and

BoW feature is 48. As for AlexNet feature and PCANet

feature, the network finally output a 4,096-dimensional feature

and a 32,768-dimensional feature, the dimension of the two

features are reduced to 48 with PCA reduction method. The

dimension of LBP feature is 36 and it was rising to 48 in

order to fit the network. Each pair of features represents the

corresponding pair of images. The dimension of the paired

feature is 96. The stacked sparse Auto-Encoder consists of

five layers, including the input layer, output layer and three

Fig. 2. Similarity learning model based on stacked sparse auto-encoder.

Fig. 3. Texture pairs in procedural texture dataset with their similarity values.

hidden layers. The five layers are composed of 96, 192, 96,

48, and 1 neuron respectively. The neurons of the first layer

correspond to the combined computational features of two

textures, and the neuron of the last layer corresponds to the

similarity value of the texture pair. The whole architecture

was trained by optimizing a cost function defined as the

Mean Square Error (MSE) between the predicted similarity

value and the real one (ground truth). MSE is defined as:

MSE = 1
n

n∑

i=1

(yn− ŷn)
2, where n is the number of the pairs,

yn is the predicted similarity value, and ŷn is the ground truth.

In our experiments, we found that this method based on staked

sparse auto-encoder produced the best results.

III. EXPERIMENT RESULTS

The perceptual texture database [10] contains 450 textures

generated by 23 different procedural texture generation mod-

els. Fig. 3 shows four pairs of textures in the dataset with their

perceptual similarity values.

Firstly, we calculated the distance between computation-

al features of the textures and compared the distance with

the ground truth similarity obtained through psychophysical

experiments. The L2 normalization and Euclidean distance

were applied for the features extracted by Gabor, AlexNet

Authorized licensed use limited to: Qingdao University of Science & Technology. Downloaded on March 30,2026 at 11:56:01 UTC from IEEE Xplore.  Restrictions apply. 



                                                                                                                                          858

TABLE I
CORRELATION COEFFICIENT BETWEEN COMPUTATIONAL FEATURES AND

REAL SIMILARITY VALUES.

Feature Correlation Coefficient
BoW -0.1069
LBP -0.2207
Gabor -0.4447
AlexNet -0.6266
PCANet -0.5782

0

0.2

0.4

0.6

0.8

1

1-Sim PCANet LBP
Gabor Caffe BoW

Fig. 4. Distribution of distance between computational features and similarity
values.

and PCANet, while L1 normalization and chi-square(χ2) stat-

ic [28] were applied for BoW and LBP. Since the distance

measurement is opposite to perceptual similarity, that is, as the

distance becomes smaller, the similarity gradually increases,

the distance measurement result is negatively correlated with

perceptual similarity. The correlation coefficient is shown in

Table.1.

We randomly selected 20 pairs of textures, and compared

the estimated similarities calculated by using five computation-

al features with the perceptual similarity distances (1− sim),
the distribution is shown in Fig. 4. We can see that the

distribution of the similarities calculated by using Gabor,

AlexNet and PCANet are relatively close to the ground truth.

Whereas, the similarities calculated by using LBP and BoW

are seriously biased from the true similarity values.

For convolutional neural network based perceptual similar-

ity learning, we conducted experiments on both procedural

texture dataset and Pertex. Pertex is natural texture dataset,

which contains 334 real textures, such as woven wall coverings

and building materials. We fed two images into the neural

network as a two-channel input. The Euclidean loss curves

of the two experiments are shown in Fig. 5 and Fig. 6

respectively. The Euclidean loss fluctuates in small magnitude

during training. In the end, the test loss on procedural texture

dataset and Pertex reach 0.0125 and 0.0116 respectively.

For the stacked sparse auto-encoder, we use 5-fold cross

validation for hyper-parameters selection. There are 101475

pairs of images in the procedural texture dataset, and the pairs

are randomly divided into 5 subsets. Each time, one subset

is used as the validation set, while the other 4 subsets are

gathered as the training set. The validation error is defined as:

Fig. 5. The loss of procedural texture dataset.

Fig. 6. The loss of Pertex dataset.

error = 1
n

n∑

i=1

|yn−ŷn|. We made an average of the validation

errors over 5 validation sets. Since the dimensionality of deep

feature was too large, we applied Principal Component Anal-

ysis (PCA) to reduce the dimensionality of original features to

48. When AlexNet features are used, the smallest validation

error 0.015 could be obtained with the experimental configura-

tion: sparsity(0.10.10.1), lamda(1e− 11), beta(0.001). The

smallest validation errors for different computational features

are shown in Table.2. We randomly selected 100 pairs of

textures, and compared their predicted similarity values with

ground truth similarity values. The results are shown in Fig. 7.

To validate the availability of our model in other practical

applications, we performed experiments on natural images and

other procedural textures. We selected ten images from each of

the 47 classes in the DTD dataset [15], and then we performed

similarity prediction on the selected images. The experimental

results are shown in Fig. 8. The size of this similarity matrix

is 470 × 470; the samples are sorted by their categories.

Different colors represent different similarity values. As can

be seen from the predicted similarity matrix, textures from

TABLE II
TEST ERRORS OF DIFFERENT COMPUTATIONAL FEATURES IN

PROCEDURAL TEXTURE DATASET.

Feature MSE Test Error
BoW 0.004 0.043
LBP 0.016 0.096
Gabor 0.005 0.051
AlexNet 0.001 0.014
PCANet 0.003 0.037
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Fig. 7. The real similarity values and similarity values predicted by computational features, Fig(a),(b),(c),(d),(e) represent Gabor feature, LBP feature, BoW
feature, PCANet feature and AlexNet feature respectively. The red line represents the real similarity values, and the blue line represents the predicted similarity
values.

different categories are not so varied in appearance, which is

also consistent with human observation.

In another experiment, we selected 4000 procedural textures

generated by 10 procedural texture models. The procedural

texture models [29] [30] can generate a large amount of

texture samples through mathematical process. We choose 10

representative generation models, including Cellular Automa-

ton (forest fire model), Cellular Automaton (surface tension

model), Cellular Autonmaton (excitable media model), Cel-

lular, Folding texton, Folding cellular, Folding fractal, Fold-

ing perlin, Fractal (one-over-fBeta-noise) and Fractal (Fourier

spectral synthesis). The predicted perceptual similarity matrix

is shown in Fig. 9. It can be seen that the colors of most

sub-blocks are light, which means that the similarity between

the texture samples generated by different models is very

low. For example, the colors of sub-blocks coordinated by

model 1 and model 4 are green, which means that the texture

samples generated by these two models are not similar at

all. However, some textures generated by different models

own certain similarities, such as model 2 and model 3. The

corresponding sub-blocks tends to be blue, meaning the texture

samples are very similar to each other. The validity of the

similarity matrix demonstrates that our similarity learning

model can be generalized to other texture database.

IV. CONCLUSION

We presented a method based on deep neural networks

for perceptual similarity prediction. The proposed method can

directly estimate the similarity between two different texture

images. We further introduce a method based on stacked sparse

Fig. 8. The similarity matrix of 470 textures in DTD dataset.

auto-encoder to combine texture features for texture similarity

learning. We experimented with five different computational

features, which were used to train the neural networks. Experi-

mental results show that our method is more representative and

accurate for perceptual similarity learning compared to other

methods. Future work may investigate how to learn texture

perceptual features and texture similarity simultaneously. More

computational features and different architectures may also be

verified.
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Fig. 9. The similarity matrix of 4000 procedural textures.
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