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Abstract Texture-based instance retrieval is typically
performed on images that present a single texture pattern and is mainly applied to the retrieval of fabrics or
textiles. In this work, we apply it to indoor scene images
that typically present many different texture patterns,
which constitutes a more challenging problem. Such retrieval systems, together with the retrieval of faces and
objects, can be used as a valuable tool for evidence
matching in crime scene investigation. Even though recent deep learning-based approaches have made significant improvement in many computer vision tasks, texture retrieval remains an open problem. In this work,
we introduce a Fourier based approach, in which spatial
images and their discrete Fourier transform maps are
combined to derive a novel texture representation. We
further present a new and efficient texture-based image retrieval framework based on region proposal networks, convolutional autoencoders and transfer learning, in which we extract the features from the latent
space layer of the encoder as texture descriptors. The
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experimental results on four datasets: TextileTube, Outex, USPtex and Stex, validated the effectiveness of our
proposed method, yielding better results than the current state-of-the-art.
Keywords Texture retrieval · Convolutional autoencoders · Texture classification · Discrete Fourier
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1 Introduction
Over the past two decades, due to a substantial increase
on the volume of image data acquired through multimedia devices, content-based image retrieval (CBIR) [1–3]
and image search [4–6] has attracted significant attention. CBIR methods are automatic approaches for finding similar images based on a given query from a huge
collection of structured and unstructured images. To
create an accurate image retrieval system, finding discriminative features is essential. The texture is an important visual property perceived in objects that characterize them, and it could be a useful and discriminative feature for CBIR purposes.
Among many CBIR applications, texture retrieval
can play a key role in examining crime scenes for forensic analysis [7–9]. In a crime scene, the clues derived
from images may empower the investigative work of
forensic departments. Image retrieval for crime scene
investigation (CSI) [10, 11] can help to uncover various crimes by linking similar images or videos with
a police case. In Fig. 1, we illustrate some of the images provided by Europol, the European Union’s Law
Enforcement Agency (LEA), for one of their activities
which aims at stopping child abuse by tracing objects1 .
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Fig. 1 Sample images from Europol’s ‘stop child abuse trace an object’ activity.

As illustrated, some of these images are texture patches
that do not contain much information about the object
contour. One way to trace the objects is to compare
them against dense database environments to look for
similarities with other suspicious images using a CBIR
system. To define the characteristics of such images, the
texture patterns are the prime cues for visual descriptions. Texture-based image retrieval was included as a
task in the European projects ASASEC2 and currently
in GRACE3 . These projects, in which some European
LEAs are or were involved, aim to provide solutions
based on computer vision and deep learning to help
LEAs to fight against child abuse.
Texture description has been extensively investigated in the computer vision domain for different purposes such as object recognition, remote sensing, image
retrieval and medical image analysis [12–18]. Given a
texture patch as a query, searching it among a huge
collection of images in a dataset is a challenging task.
In general, most of CBIR systems [19] extract features
that represent various shapes and patterns present in
an image. However, a query patch containing just a
texture pattern without contour information presents a
more challenging scenario to effectively retrieve images
with the same or a similar texture.
The presented work is inspired by the recent advances of deep learning algorithms [13, 20–24] in the
computer vision domain. Convolutional Neural Networks (CNN) have proven to be very successful for solving computer vision tasks, and descriptors extracted
from CNNs have been fruitfully applied to image retrieval [25, 26]. Also, autoencoders [27] have drawn lots
of attention in the field of image processing. Autoencoders can be used in image retrieval [28, 29] because
the target output of an autoencoder is the same as its
input and similar images produce similar latent space
representations. The most important advantage of an
autoencoder based architecture is that the network can
be trained with diverse classes of texture images, and
still, a compact and informative feature representation
can be achieved.

Fig. 2 Example of four texture patches, framed in yellow,
containing similar repeated patterns. The four patches were
cropped from the same object.

Until the advent of deep learning, in the image
processing domain the Fourier transform [30, 31] was
widely used to process and represent images. It is able
to extract the dominant spatial frequency and orientations of structures present in an image. The texture
images usually contain quasi repetitive patterns, and
Fourier transform can represent those periodic functions present in the form of repetitive patterns. In Fig.
2, we show an example of four texture patches, marked
by boxes A, B, C and D, containing similar repeated
patterns, which illustrates the types of patches that we
will consider as queries. In Fig. 3, we illustrate the motivation behind using the Discrete Fourier Transform
(DFT) to represent texture patches. It can be seen that
texture patches that belong to different classes present
distinguishable DFT maps, whereas images of the same
class have similar DFT maps. Although the frequency
domain features are robust to noise [32], it is not sufficient to use only Fourier transform since many texture images might have similar frequencies. Therefore,
in order to make texture representation highly discriminative, we decided to combine information from both
spatial and frequency domains.
In this paper, we propose a novel texture retrieval
method based on Fourier transform and deep learning
techniques. Our approach uses an autoencoder, and we
apply transfer learning to the encoder using a VGG16 network pre-trained with ImageNet dataset [33]. We
combine the texture representation of the DFT transformed images with the corresponding spatial images,
and the resultant images are used to train the latent
space layer and the decoder in order to learn their
2
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trieval and for texture classification on four public
datasets, where the proposed method outperformed
some recent and relevant state-of-the-art works.
The remainder of the paper is organized as follows. Section 2 discusses the related work. The proposed method
is described in Section 3. In Section 4 we present the
datasets, experiments are provided in Section 5, and finally, presents the main conclusions we draw doing this
work.

2 Related Work

Fig. 3 DFT of texture images: Row 2 represents the DFT
maps of different texture patterns from row 1. In row 3, we
have texture patterns from the same class, and row 4 represents their DFT maps.

ture extractor to generate texture representation, which
we name as Deep Fourier Texture Descriptor (DFTD).
We further integrate the VGG-encoder and latent space
layer with the region proposal network (RPN) of the
R-FCN [34] to generate DFTD of multiple texture proposals concerning an image, so that a queried texture
patch can be compared locally against various proposals. In Fig. 4, we outline our proposed method using
two stages. Stage 1 illustrates the generation of texture
descriptors and stage 2 represents the retrieval framework. To the best of our knowledge, this work presents
a new approach where an autoencoder based architecture with transfer learning and the Fourier transform
are used for texture classification and retrieval.
The main contributions of this study are as follows:
1. We introduce a novel texture descriptor known as
Deep Fourier Texture Descriptor (DFTD). The features of the descriptor are extracted from the latent
space layer of a convolutional autoencoder whose
inputs are the outcomes of blending the magnitude
spectrum of a DFT and the spatial information of
the images.
2. We propose a CBIR framework for texture retrieval
which uses an RPN to propose prospective texture
regions which are fed to an autoencoder. The model
was trained with transfer learning techniques.
3. We evaluate the proposed texture-based image retrieval approach in the context of a real-world application, which can be applied for image, instance and
object retrieval for crime scenes investigation during forensic analysis. We also assess the proposed
texture descriptor both for texture-based image re-

In this section, we present the most relevant previous works related to image and texture retrieval based
on both handcrafted methods, Fourier and CNN-based
approaches. Creating efficient texture descriptors to
characterize the image is essential in works related to
texture-based image retrieval and classification [35–37].
In the bulk of literature, many descriptors were recently
proposed for texture analysis, for example, in [38], a
rotation-invariant texture descriptor was proposed to
address classification task, and Pham et al. [39] introduced a method for texture retrieval using multiscale feature extraction. For texture image recognition,
Tuncer et al. [40] used a neural network for texture
feature extraction, and later, introduced a novel chess
based local image descriptor [41] for texture feature extraction inspired by chess game. The main objective of
all such works is to meet the demands of certain applications with regard to CBIR. For example, texturebased image retrieval has been used in the textile and
clothing industry [42], where clothes and textiles can be
represented by texture descriptors. Furthermore, in textile stores, retrieving desired textile images from huge
databases using a query is a need for both customers
and retailers to suggest products [43, 44].
Existing image retrieval techniques usually use keywords annotated on images to search related similar images on a dataset. Image retrieval methods in [45, 46]
used the Bag of Visual Words (BoVW) and considered
texture and colour keywords to retrieve relevant images. However, such manual annotations increase time
complexity, and also significantly ignore primary visual
features such as textures, colours, and shapes. In order
to reduce this semantic gap, some domain-independent
visual-based descriptors were proposed to define objects
of interests for retrieval tasks [47, 48]. Such descriptors were proposed to support automatic recognition
[49, 50]; however, detail annotations are required and
they are computationally expensive.
CBIR descriptors were traditionally subdivided into
local and global. Handcrafted local descriptors such as
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Fig. 4 Overview of our proposed query-based retrieval method. Stage 1 represents generation of texture descriptor DFTD,
and stage 2 illustrates the retrieval framework.

SIFT [51], SURF [52], Histogram of Oriented Gradients (HOG) [53], Local Binary Pattern (LBP) [54] extract primary visual information from local patches of
an image while the global descriptors extract meaningful information from the full image. Local descriptors
detect keypoints and describe the texture of the regions
of interest around them. Sometimes various descriptors
are used together to provide joint information about image content, for example, LBP and Local Neighborhood
Difference Pattern (LNDP) were combined for texturebased image retrieval [55]. Similarly, local texture-based
colour histogram combines texture and colour descriptions for retrieval [56], and Singh et al. [57] introduced
a new local colour descriptor named Local Binary Patterns for Color images (LBPC). Pavithra et al. [58] proposed a new hybrid framework using LBP and Canny
edge detector for CBIR to address issues related to accuracy associated with traditional image retrieval systems.
Regarding global descriptors for retrieving similar images, the shape details of images can be represented in the form of salient features, which can be
obtained using Fourier transform. Sokic et al. [31] proposed a method for extracting Fourier descriptor for
shape-based image retrieval by preserving phase, and
recently, Yang et al. [59] introduced a novel multi-scale
Fourier descriptor based on triangular features to identify shapes. This is different from what we present because, in our work, we introduce an autoencoder based
architecture with transfer learning, and train it using
blended images obtained by combining spatial images
and images representing the magnitude spectrum of the
DFT.

Apart from the recent use of the Fourier transform
with CNNs, handcrafted and Fourier descriptors dominated many computer vision applications until the advent of deep learning based approaches [21, 22, 60–62].
The deep learning based CNNs can be used as a feature
extractor to generate neural codes [25, 63, 64] as global
representations of images for image retrieval [65–67].
Cimpoi et al. [66] proposed a texture descriptor known
as FV-CNN, which is obtained by Fisher vector pooling of a CNN filter bank. Babenko et al. [25] introduced
an image retrieval method, where a pre-trained CNN
model was retrained and tested in different datasets and
achieved improved performance. Most recently, Yikun
et al. [68] presented an image retrieval technique which
uses a CNN-based architecture for deep representation
of images.
Since global feature representation ignores the local
spatial information of images, region-based CNNs are
employed to extract features locally for query-based image retrieval [12, 13, 69]. For example, Salvador et al.
[64] fine-tuned a Faster RCNN network with the type
of images aimed at retrieval by taking advantage of
RPN to generate object proposals and compared them
against the query image.Similarly, in our work, we employ RPN to generate region proposals on the TextileTube dataset to compare against the query patches for
retrieving texture images.

3 Method
The proposed method consists of two stages (see Fig.
4): (1) texture descriptor generation, and (2) instance

Image Retrieval based on Texture Using Latent Space Representation of Discrete Fourier Transformed Maps

retrieval framework. In the first stage, we compute the
texture descriptors of images created by a pixel-wise
combination of the magnitude spectrum DFT and the
spatial domain of an image. We also propose a new architecture based on autoencoders to extract the texture
descriptors, which we train with the generated images.
In the second stage of Fig. 4, we illustrate our complete
query based retrieval framework using texture descriptors. In addition, we also present a texture classification
schema to validate the efficacy of the proposed texture
descriptors.

3.1 Texture descriptor generation

The Fourier transform is a classical image processing
tool which decomposes images into sine and cosine components. The output generated by Fourier transform
represents the image in the frequency or Fourier domain, while the input, which is the user-provided image, is the spatial domain equivalent. Each pixel in a
Fourier domain image represents a particular frequency
contained in the spatial domain image.
To generate frequency images, we use the discrete
Fourier transform (DFT), which is the sampled Fourier
transform that contains enough frequencies to fully describe an image in a spatial domain. Moreover, the image generated by DFT is of the same size as that of
the spatial image, and hence, we can train a network
without modifying the input size parameters.
The DFT for an image of size M × N pixels denoted
by f (x, y), with x and y its spatial coordinates is given
by:
−1
M
−1 N
X
X

ux

vy

f (x, y)e−i2π( M + N ) ,

(1)

i=0 j=0

where u and v are in the range [0, 1, 2, ..., M − 1] and
[0, 1, 2, ..., N − 1], with i2 = −1 is the complex imaginary number. One of the properties of the DFT is that
the original image f (x, y) can be obtained by applying
inverse DFT to F (u, v), which is defined as:
f (x, y) =

M −1 N −1
vy
ux
1 X X
F (u, v)ei2π( M + N ) .
M N i=0 j=0

(2)

Since the DFT is a bijective function, f (x, y) ⇐⇒
F (u, v), the DFT of an image satisfies the following
two properties:
ux

vy

f (x, y)ei2π( M + N ) ⇐⇒ F (u − u0 , v − v0 )

(3)

ux0
M

+

vy0
N

)

(4)

In the DFT image, the zero frequency component
is present in the top left corner, and to bring it to the
center the DFT result is shifted by M/2 and N/2 in
both directions u and v. Based on the properties defined
in Eq. 3 and 4, the Fourier transform of an image can
be shifted using the transformation:
f (x, y)(−1)(x+y) ⇐⇒ F (u − M/2, v − N/2),

(5)

so that F (0, 0) is at the point (u0 , v0 ) = (M/2, N/2).
Since, Fourier transform is a complex-valued function
of a real-valued function, we can write it as
F (u, v) = R(u, v) + iI(u, v),

3.1.1 Discrete Fourier transform of images

F (u, v) =

F (x − x0 , y − y0 ) ⇐⇒ F (u, v)e−i2π(

5

(6)

where R is the real part and I is the imaginary part,
respectively. Finally, we generate the magnitude spectrum as
p
Fm (u, v) = 20 × log | R2 (u, v), iI 2 (u, v)|,
(7)
as the discrete Fourier representation of input image
f (x, y). In the paper, we refer to Fm (u, v) as DFT magnitude spectrum image, and for the shake of brevity,
DFT image.
Intuition of DFT and RPN framework. In Fig.
5, we illustrate the intuition behind our proposed approach to show how the DFT can be used for creating
distinctive features for image retrieval and classification. Let f (x, y) be the image in the spatial domain and
Fm (u, v) be its corresponding DFT magnitude spectrum image. The task is to find out if the image f 0 (x, y)
contains the instance f (x, y) or not. We compute the
0
DFT Fm
(u, v) of the image f 0 (x, y), which represents
the Fourier spectrum of the complete image, and hence
the DFT image differs from Fm (u, v) due to the presence of multiple textures. The image f 0 (x, y) posses
certain frequencies, and we need to search if there are
regions in it that might contain frequency similar to
f (x, y). The red box overlaid on image f 0 (x, y) represents the ground truth, and that particular region contains the same frequency as that of f (x, y). However, to
generate possible regions in f 0 (x, y) we need an external
region proposal system. In order to address this issue,
we employ an RPN to generate proposals, and then we
compute the DFT magnitude spectrum images for each
of the proposals. On the right part of Fig. 5, we present
three examples of proposals generated from f 0 (x, y) as
f10 (x, y), f20 (x, y) and f30 (x, y), and their corresponding
0
0
magnitude spectrums DFT images Fm1
(u, v), Fm2
(u, v)
0
and Fm3
(u, v), respectively. The proposal f20 (x, y) overlaid with the red bounding box represents a texture
patch of the same class as the query f (x, y), and also we
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Fig. 5 Some images and their corresponding magnitude spectrum DFT maps to illustrate the motivation behind our approach.
In the left, a query image. In the middle, a dataset image. The magnitude spectrum DFT map contains the frequencies of the
query image but unrecognizable with other frequencies from other textures in the image. In the right, some texture patches
are detected with an RPN, they are represented with overlaid yellow and red rectangles, and the magnitude spectrum DFT
maps are computed. The red rectangle identifies a texture proposal of the same class as the query.

can observe that they have similar magnitude spectrum
0
DFT images, as represented by Fm (u, v) and Fm2
(u, v).
Therefore, this property of DFT can be used with spatial images to derive representations to search similar
images for retrieval.

3.1.2 Linear blending of DFT magnitude spectrum and
spatial images
Fourier transform has the very useful property of highlighting the dominant spatial frequencies as well as the
orientations of the structures contained in an image. In
our problem, the texture patterns present in the images are those structures. The texture images usually
contain quasi repetitive patterns, and Fourier transform can define those periodic functions present in the
form of repetitive patterns. However, while dealing with
a big corpus of images, the frequency information is
not sufficient to distinguish correctly different texture
patterns, as some images belonging to different classes
might have similar DFT magnitude spectrum representations. Hence, to address this issue, we combine both
frequency and spatial information of the image by doing pixel-wise weighted addition of the DFT magnitude
spectrum image Fm (u, v) and the spatial image f (x, y)
to obtain a blended image B(x, y), as defined in Eq. 8
and shown in Fig. 7.

B(x, y) = (1 − α)f (x, y) + αFm (u, v)

(8)

The parameter α can be varied from 0 to 1 to stress
Fm (u, v) or f (x, y). We empirically selected α equal to
0.7.
3.1.3 Proposed architecture
The proposed architecture is based on convolutional autoencoders, where the encoder part consists of the convolutional layers of the VGG-16 architecture initialised
with ImageNet weights. In general, a convolutional autoencoder extends the basic structure of the simple autoencoder by changing the fully connected to convolution layers. The encoders learn to encode the input in
a set of simple signals and then try to reconstruct the
input from them based on the latent space representation learned by the network. However, our architecture
varies from traditional autoencoders, since on the one
hand, we apply transfer learning to the encoder, and
on the other hand, the number of layers in the encoder
and decoder are not the same. We next explain the architecture in detail as illustrated in Fig. 6.
VGG encoder. Creating a network and training it
from scratch is expensive in terms of computational
cost and availability of annotated data. Besides, it requires an optimisation of the network hyper-parameters
to minimize classification error. This complexity can
be avoided by using a pre-trained network, and henceforth, we use VGG-16 model pre-trained with ImageNet
dataset as an encoder. In addition, another main reason
for selecting VGG-16 is that it is a sequential network,
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Fig. 6 Training architecture of the convolutional autoencoder with DFT based blended images.

The 512-dimensional vector defines the proposed descriptor DFTD. The decoder takes this encoded vector
and builds the output image to be as close to the input
image as possible. The architecture learns to encode
a DFT based blended image B(x, y) in a set of simple signals and then tries to reconstruct the input from
them based on the representation from the latent space
layer. In Fig. 6, we represent the architecture of our
proposal. The first convolution layer accepts the DFT
based blended image B(x, y), and the decoder learns
to convert the latent space representation back to the
same input image B(x, y) as close as possible. In this
way, the network learns specific texture representations
on top of the ImageNet features so that it can generalize
to different types of texture images for texture feature
extraction.
Fig. 7 Blended image B(x, y) generated by the weighted addition of the original image and the DFT magnitude spectrum
image

which facilitates the construction of a simplified convolutional autoencoder. It is true that other architectures
such as ResNet and InceptionNet can also be used as
encoders but they have some disadvantages. With such
networks, we need to create a complex decoder since
they are not sequential, and it will make the overall architecture computationally expensive in terms of both
space and time. Hence, we choose the VGG-16 as an
encoder, and we train the complete architecture with
blended texture patches. In Fig. 6, a blended texture
patch B(x, y) is given as an input to the VGG encoder,
which is followed by the latent space representation and
the decoder.
Latent space representation as DFTD. In between the VGG encoder and the decoder we have the
latent space layer (Fig. 6), which contains a vectorised
representation of the input image of dimension 512.

3.2 Retrieval Framework
In this section, we describe the complete texture retrieval framework which is composed of three steps: (1)
query feature extraction (2) dataset feature extraction
(3) similar texture search. In Fig. 8 we illustrate the
proposed framework.
Query Feature extraction. We first apply the DFT
to the query image to obtain the DFT magnitude spectrum, and then we perform the pixel-wise weighted
combination defined in Eq. 8 to the query and its DFT
magnitude spectrum to obtain the DFT based blended
query image B(x, y). We next feed the resultant image to the trained convolutional autoencoder model and
extract the latent space representation also named as
DFTD, which describes the features of the supplied
query image.
Detection of regions of interest using an RPN
and creation of a DFTD database. The identification of a particular texture in an image is the most
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Fig. 8 Pipeline of our texture-based instance retrieval approach. On the one hand, we compute the DFTD descriptor from
the query image. On the other hand, we employ an RPN to generate proposals, and then we compute the DFTD descriptors
from the proposals which are stored in a database. Finally, we compare the query and database descriptors using the similarity
metric.

crucial step in texture-based instance retrieval tasks. In
particular, the queried texture needs to be compared
with all distinctive texture patches of the image since
the query can be present in different sizes, scales and
orientations. In this stage, we integrate the RPN with
the convolutional encoder, so that the region proposals generated by the RPN are fed to the encoder to
extract the DFTD descriptors of each of the regions.
The DFTD descriptors of all proposals are stored in a
database together with the label of the image they belong to. However, in the case of datasets that contain
a single texture pattern in each image, we can directly
compute the DFTDs from the whole images without
the need for an RPN.
Similar texture search. To retrieve images that contain a similar texture pattern as that of the query, we
compute the cosine similarity (CS) metric, Eq. 9, of all
pairs of query and database DFTD descriptors. The cosine metric indicates the similarity between two vectors,
the higher it is, the more similar are the considered descriptors. We first compare the query descriptor with all
the proposal descriptors present in a particular image,
and we then store the proposal with the highest similarity score in a hit list. We repeat this process for all
images in the dataset. Finally, we sort the hit list in descending order according to the CS scores and retrieve
the top-n instances.
PN
Hq mi
j=1 Hqj mij
qP
CS =
= qP
,
N
N
||Hq ||||mi ||
2
2
j=1 Hqj
j=1 mij

We further summarize the full texture retrieval
pipeline in Algorithm 1.

Algorithm 1: Texture retrieval using DFT
based latent features
Function Texture-retrieval (q, m, k);
INPUT: query image q, encoder m and number of
retrievals k;
OUTPUT: top-k similar instances;
1. Apply DFT to the query image f (x, y) to get
Fm (u, v);
2. Obtain B(x, y) from f (x, y) and Fm (u, v);
3. Feed B(x, y) to the VGG encoder m to get the
latent space representation;
4. Apply DFT to all images on the dataset;
5. Compute B ∗ (x, y) images for all images on the
dataset;
6. Extract proposals from the B ∗ (x, y) images using
an RPN;
7. Feed the proposals to the VGG encoder m to get
the latent space representations;
6. Compute Cosine Similarity (CS) between all pairs
of query and proposal descriptors;
7. Sort images in a list L in descending order with
respect to the highest CS score in relation to the
query vector;
if lenght-of-list(L)=k then
return top-k results;
else
No sufficient images in the dataset for
comparison
end

(9)

where N is the dimension of the texture descriptor, Hq
is the DFTD of the query image and mi is the DFTD
fo the ith proposal of an image.

3.3 Texture classification
We also present a texture classification approach based
on transfer learning, in which we use the same VGG-
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Net architecture pre-trained with the ImageNet dataset
as in Section 3.2. In addition, we added two dense layers
after the convolutional layers of the VGG-16 network,
and the end of the classification layer uses the softmax activation. Similarly to the retrieval framework, we
train the network with B(x, y) images using the same
hyper-parameters. For testing, we extract the class labels based on the activation obtained from the classification layer of the network, and we compare the class
labels with the ground truth labels. Unlike the retrieval
framework, in this classification approach we have a
dense layer instead of the latent space layer, and for
convenience, we will also represent the dense features
as DFTD.

4 Datasets
Our proposed method is evaluated based on the following datasets.
Coloured Brodatz texture (CBT) dataset: Coloured
Brodatz Texture (CBT) dataset [70] is an extension of
the Brodatz texture dataset. It contains texture images
which possess a wide variety of colour content. Further,
it consists of 112 textures of size 640×640 pixels, where
each one is divided into 25 non-overlapping images of
size 128×128 pixels. As a consequence, the final dataset
consists of 2800 images in total with 25 images per class.
In our work, we use this dataset only to train our network with coloured texture images, so that the network
can well distinguish between similar textured patterns
with different colours.
Outex dataset: The Outex TC-00013 dataset [71] is
a collection of 1360 images representing heterogeneous
materials such as paper, fabric, wool and stones. It comprises 68 texture classes and each one includes 20 image
samples of 128 × 128 pixels. Out of which, 10 images
are for training and the other 10 are for testing in each
class.
USPtex dataset: The USPtex dataset [72] consists of
2292 images with 191 classes of both natural scenes
(road, vegetation and cloud) and materials (seeds, rice
and tissues). Each class consists of 12 image samples of
128 × 128 pixels, where six images are for testing and
the rest for training.
Stex dataset: The Salzburg Texture Image Database
(STex) [73] consists of 476 colour texture images which
are similar to the ones present in Outex and USPtex
datasets. For testing, the images are divided into 16
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non-overlapping tiles of size 128×128 pixels. As a result,
the final dataset consists of 7616 images with 16 images
per class.
TextileTube dataset: This dataset [36] is composed of
684 images of sizes that range between 480 × 360 and
1280 × 720 pixels obtained from 15 videos of YouTube.
The videos were recorded in bedrooms with different
cameras. The dataset contains 67 classes of textiles such
as curtains, carpets, sofas, shirts or dresses, among others. The ground truth of this dataset comprises the class
labels and the bounding boxes of the texture regions.
This dataset creates a similar context for texture-based
image retrieval as the one that usually appears in child
sexual exploitation videos recorded in indoor environments, typically bedrooms.
To compare our methods with the state-of-the-art
reports, we first use the original queries as considered
in [36], in which all ground truth textile regions were
considered as query images. However, these queries contain several objects parts and hence present shape information. To make the queries completely texture-based,
we cropped the images so that only the texture part
is visible, and we named this set of queries as New
queries. The number of queries remains the same, the
task is more challenging since there is not shape information. We have made the New queries available
to the research community4 . In our work, we provide
the retrieval results using both types of queries, the
original and the New ones. In Fig. 9, we present some
original and New queries samples from the TextileTube
dataset. Since training images are not provided in the
TextileTube dataset, we randomly selected 25 classes,
and randomly chose one image of each class to be in
the training set. Later, we applied data augmentation
to generate multiple images. Besides these few training
samples, we considered all other images in the dataset
to test the retrieval framework.
In Fig. 10, we show some sample images from the
CBT, Outex and USPtex datasets. These datasets contain only a single texture pattern per image. Fig. 11 represents a sample from the TextileTube dataset, which
contains multiple textures in a single image.

5 Experimental setup and results
The experiments and results presented in this work aim
to verify the assessment of the DFTD descriptors derived from the convolutional encoder trained with DFT
based blended images. We carried out two different
types of experiments with two types of datasets. The
4

http://gvis.unileon.es/dataset/textiltube/
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works in the bulk of the literature. TextileTube comprises a more challenging dataset which is quite specific
and, at the same time, very useful for the application
of evidence search in Child Sexual Abuse crime cases.
Nonetheless, it can as well represent other applications
like clothing search for textile marketing.

5.1 Experimental setup
Fig. 9 Original queries: the queries as in [36] to compare
with state-of-the-art methods. New Queries: images with
only the texture portion, which were cropped out from the
original queries.

Fig. 10 From top to bottom row: samples of CBT, Outex
and USPtex datasets, respectively

5.1.1 Training data preparation
To train our network architecture, we prepared training images from TextileTube, CBT, Outex and USPtex
datasets. The images from TextileTube consist of texture images extracted from real-world images, whereas
the images from the Outex, USPtex and CBT are
well defined textured patterns with various colours.
Thus, the network can learn texture features along with
colours. To prepare the training set, we considered the
training samples provided in the Outex and USPtex
datasets, and the complete CBT dataset. In addition,
from the TextileTube dataset, we randomly selected 30
images taken from different classes. Besides, since there
are few training examples, we created a larger set of
training images by augmenting them via several random transformations such as Gaussian distortion, rotation, skewing, tilting and flipping. As a result, we generated a larger training set consisting of 60, 000 images.

5.1.2 Retrieval framework setup
Fig. 11 Sample images from the TextileTube dataset.
Overlaid green boxes represent the bounding boxes of the
groundtruth.

first type of experiments was performed using Outex,
USPtex and Stex datasets in which images are comprised of only a single textured pattern. Whereas in
the second kind of experiment, we consider TextileTube
dataset consisting of multiple objects with different textures for texture-based image retrieval. The second experiment represents a real-world scenario, where the
images in the TextileTube dataset are taken from indoor scenes, and the queried texture pattern could be
present anywhere in those images in different conditions
of shape, scale, lighting, orientation, etc. We verified our
descriptor using Outex, USPtex and Stex datasets for
texture retrieval and classification in order to be able
to compare the performance with the state-of-the-art

We trained the retrieval network using DFT based
blended B(x, y) images by applying transfer learning
to the encoder. During training, we froze the first five
convolutional layers of the ImageNet initialised VGG
encoder, and the decoder learns to map the latent
space representation back to the input training images.
We chose Adam optimizer with an initial learning rate
of 0.0001, and a batch size of 16 images so that the
full GPU memory could be utilized. Furthermore, we
stopped our training when we observed that the images generated at the end of the decoder were visually
similar to the input images. This means that the network has learnt the latent space representation of the
input image in order to reconstruct the original input
through the decoder. However, for Outex, USPtex and
Stex datasets, the RPN was not applied since all the
images in these three datasets are composed of single
textured patterns.
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5.1.3 Classification framework setup
Likewise the training of the retrieval network, we used
DFT based blended B(x, y) images to train the dense
layers of the classification model. We trained Outex
dataset with the augmented training data and evaluated the performance on the test data. For USPtex
dataset, we carried out the same procedure. We measured the performance of the proposed DFTD texture
descriptors on Outex and USPtex datasets for texture
classification, where We evaluated the performance in
terms of accuracy. Here, we define accuracy as the percentage of test images classified as true positive.
5.1.4 Implementation
All the experiments were carried out in an Nvidia
GeForce GTX 1060 GPU using TensorFlow framework.
For texture retrieval in TextileTube dataset, we used
the RPN of the R-FCN network to generate proposals from the images where we want to search a queried
texture pattern. However, for retrieval in Outex, USPtex and Stex datasets, RPN was not necessary again
because all images present only a texture pattern.
5.1.5 Evaluation metrics
To compare our approach with other state-of-the-art
methods, we used two different evaluation protocols.
The evaluation protocol used by the Outex, Stex and
USPtex is Average retrieval rate (ARR) which was suggested in [39]. However, the state-of-the-art results concerning the TextileTube dataset are provided based on
precision@k, as proposed in [36].
Evaluation metric for Outex, USPtex and Stex: We
evaluated the performance for texture-based instance
retrieval using average retrieval rate (ARR). Let N be
the total number of images in the dataset and Rq be the
number of relevant images for a query q. Let m(q,k) be
the number of correctly retrieved images found within
the first k retrievals for a query q. ARR in terms of the
number of retrieved images is given by:
ARR =

N
1 X m(q,k)
.
N q=1 Rq

(10)

Evaluation metric for TextileTube dataset We evaluated the retrieved top k texture images concerning
a given query image according to the precision in a
ranking-based criterion. The creation of the hit list was
defined in Section 3.2. The precision@k is defined as:
Pk
R(i)
Precision@k = i=1
,
(11)
k

Fig. 12 The green square shows the groundtruth, and the
red one presents the detected region in relation to the query
image. Since there is an overlap between both regions, R(i)
would be set to 1.

where R(i) denotes the relevance between the ith
ranked image in the hit list and the query. If the bounding box of the detected texture region in the retrieved
image intersects the ground truth, R is set to 1; else to
0. Fig. 12 illustrates this scenario. In our experiments,
we consider k = {1, ..., 40}|k ∈ N.
5.2 Experimentation and results
In this section, we present the experiments carried out
and the results obtained in comparison with the stateof-the-art approaches.
5.2.1 Experiments on Outex, USPtex and Stex datasets
Results and comparison for texture classification: We
tested our approach for texture classification to evaluate the performance of the proposed DFTD descriptors
against state-of-the-art works since texture classification is wider explored than texture retrieval. We followed the method and experimental set-up explained
above. In Table 1, we present the results, the best accuracy reported in the literature was 89.62% by Chesspattern method [41] on Outex and 93.83% by Tuncer
et al. [40] on USPtex. In contrast, we have achieved an
accuracy of 90.20% and 95.62% on Outex and USPtex,
respectively, outperforming all the reported results.
Results and comparison for texture-based instance retrieval: In Table 2, we show the performance of our
approach for texture-based instance retrieval regarding ARR metric on Outex, USPtex and Stex datasets,
and compare it to other state-of-the-art methods. We
observed that descriptors based on learned CNN representation, i.e. CNN-VGG19 [75], yielded competitive
results as compared to handcrafted features, such as
DDBTC [74]. It is also noticeable that our proposed
approach outperformed all the methods by obtaining
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Table 1 Comparison of our proposed approach in terms of
accuracy (in percentage) on Outex and USPtex datasets for
texture classification.
Method
LESTP [74]
LECTP [74]
PCANet [74]
LQP [74]
Multifractals [75]
Fourier [75]
ARCS-LBPt [75]
Chess-Pattern [41]
Tuncer et al. [40]
DFTD (Ours)

Outex
78.00
79.06
76.04
81.49
75.07
82.21
85.70
88.9
89.62
90.20

USPtex
82.41
83.10
83.65
87.83
68.76
71.16
88.85
93.83
95.62

Table 2 Comparison of our proposed approach in terms of
average retrieval rate (in percentage) on Outex, USPtex and
Stex datasets for texture-based instance retrieval.
Method
DDBTC [74]
CNN-AlexNet [75]
CNN-VGG16 [75]
CNN-VGG19 [75]
LED [39]
SLED [39]
MS-SLED [39]
DFTD (Ours)

Outex
66.82
69.87
72.91
73.20
75.14
75.96
76.15
80.36

USPtex
74.97
83.57
85.03
84.22
87.50
88.60
89.74
90.25

Stex
44.79
68.84
74.92
73.93
76.71
77.88
79.87
81.02

an ARR of 80.36% on Outex, 90.25% on USPtex and
81.02% on Stex datasets, whereas the best reported result in the literature was yielded by MS-LED method
[39] with an ARR of 76.15%, 89.74% and 79.87%.
5.2.2 Experiments on TextileTube dataset
Results and comparison with state-of-the-art methods:
We used both types of queries, the original and the New
ones, to evaluate our method. Fig. 13 summarizes the
results obtained by our proposed method which outperforms the other approaches in terms of precision@k.
RPN+DFTD indicates the results obtained by the original queries, whereas RPN+DFTD(new) represents results obtained using the New queries. The results using ALBP+HCLOSIB, ALBP, Faster R-CNN, HOG,
HOG+CLOSIB and HOG+HCLOSIB are taken from
[36].
Besides Faster R-CNN, the rest of the methods do
not rely on modern deep learning techniques. In order to overcome this issue and establish a strong baseline, we also considered R-FCN and fully convolutional
one-stage object detection (FCOS) [21] networks. Even
though both Faster R-CNN and R-FCN are regionbased detectors and use ResNet-101 for feature extraction, RFCN demonstrated to be 20× faster than Faster

R-CNN. In contrast, FCOS can be exploited to generate multiple levels of intermediate proposals, where
each level have proposals of different sizes, increasing
in this way the scope of the query image search across
a larger number of regions. For R-FCN, we took all 300
proposals as candidate regions to check the presence of
the texture queries. Regarding FCOS, we used two approaches for the generation of proposals: (a) FCOSa ,
where the proposals are obtained at the final classification layer, which results in around 100 proposals; and
(b) FCOSb , where we have considered all the raw proposals from the intermediate layers up to the final layer,
which results in more than 2000 proposals. The best result for these state-of-the-art methods was yielded by
FCOSb because a query image descriptor can be compared against more local descriptors, but it comes at
the cost of a high computational time. To evaluate our
proposed descriptors and retrieval framework, we used
the RPN of R-FCN to speed up the generation of texture patches.
Figure 13 illustrates the precision@k of the methods proposed in [36] (ALBP+HCLOSIB, ALBP, Faster
R-CNN, HOG, HOG+CLOSIB and HOG+HCLOSIB),
the considered baseline methods (R-FCN, FCOSa
and FCOSb ), and the proposed method using the
original queries (RPN+SFD) and the New queries
(RPN+SFD(new)). The baseline methods and our proposed method outperformed the results presented in
[36]. FCOSb yielded higher precision@k than FCOSa
and R-FCN. It can be seen that for a similar number
of proposals, R-FCN outperformed FCOSa . Our proposed method using the original queries (RPN+DFTD)
achieved higher precision@k than the methods proposed in [36] and the considered baseline methods,
which also utilize the original queries, for all values of
k = {1, ..., 40}|k ∈ N. Specially, the proposed method
shows relevant improvement with respect to the rest of
the methods for larger values of k. The results for the
retrieval of the New queries (RPN+DFTD(new)) and
the original queries (RPN+DFTD) using the proposed
method are quite similar. We will later comment about
them concerning the numeric results.
In Fig. 14, we show the top-5 retrievals with respect to two sample query images using RPN+DFTD
(new) on TextileTube dataset. In each of the rows, the
images framed with red bounding boxes are the query
images, and the images in the left of the queries are
the top-5 retrieved ones. It can be seen that the query
images represent two different texture patches, which
we compared with the proposals of the database images to retrieve the ones where the query patch might
be present. If there is any proposal that is likely to
match with the query, then it would have a high CS
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Fig. 13 Precision@k of state-of-the-art methods, recent baselines and our method (RPN+DFTD) on TextileTube dataset.
RPN+DFTD represents the results with the original queries and RPN+DFTD (New) with the New queries.

score, and we retrieve the image to which that proposal
corresponds. Also, it can be seen that the queried texture patterns are successfully detected in the retrieved
database images, which are sorted in descending order
corresponding to CS scores of the detected proposals.
Moreover, the overlaid yellow boxes illustrate the detected proposals, and we can observe that the query
images successfully match with them.
Table. 3 illustrates precision@k for top-k (1 to 10)
retrievals. Using our method RPN+DFTD with the
original queries, we obtained a precision@k of 99.7 at
k = 1 in comparison to the highest precision of 37.5
in the literature with HOG+HCLOSIB. Furthermore,
using our baseline FCOSa and FCOSb , we achieved a
precision of 77.8 and 97.7 for k = 1, respectively. The
results obtained by our method indicate that, for every
query search, the first retrieval is a hit with a probability of 99.7%. As k increases, the proposed method
achieved a higher precision with respect to the rest
of the methods. For example, for k = 10, the proposed method yielded a 97.7% of precision, whereas
FCOSb obtained 81.9%, and HOG+HCLOSIB 18.6%,
which means that our method achieved an improvement of 19.29% and 425.27% in relation to FCOSb and
HOG+HCLOSIB, respectively. For the retrieval of the
New queries, the proposed method obtained 100% precision for the top-4 retrievals. For higher values of k, the
precision starts slightly decreasing concerning the original queries. For large values of k, the absence of contour
and surrounding information in the New queries, which
contain only texture patterns, possibly provokes the fall
in precision.
In Table 4, we present the arithmetic mean of
precision@k for three different intervals, where k ranges
from 1 to 10, 1 to 20 and 1 to 30. We achieved an
arithmetic mean of 99.2%, 93.2% and 67.9% using

RPN+DFTD for the three intervals, respectively, followed by FCOSb at 90.4%, 78.0% and 50.8%, respectively. We can notice that the improvement is significantly high as compared to the reported results in [36]
of 24.8%, 19.5% and 15.1% with HOG+HCLOSIB. For
the new queries, the results were higher in the three intervals with arithmetic mean precision of 99.5%, 94.5%
and 69.8%, respectively.
All the results clearly show that, in terms of precision, our proposed method RPN+DFTD outperformed
the retrieval results obtained using HOG+HCLOSIB,
from 37.2% to 99.7% for k = 1, and from 18.6% to
97.7% for k = 10. Such results prove that the activation generated by the latent space node of the VGG
encoder using Fourier based images can efficiently represent the texture of a patch. Moreover, since our architecture is based on an autoencoder, we were able to
train a large number of texture classes by keeping the
latent space node compact with a constant dimension
of 512. Furthermore, the proposals generated by the
RPN cover well the regions of interest of the images on
the dataset, and thus, it enables the localization of the
texture query patches.

6 Conclusion
We presented a new deep Fourier texture descriptor
DFTD based on the discrete Fourier transform and the
latent space representation of a VGG autoencoder. Besides, we also proposed a framework for texture-based
instance retrieval. We used an RPN to identify regions
of interest in the image dataset which were given as an
input to a VGG autoencoder. The VGG autoencoder
was trained with images obtained from a weighted linear combination of DFT magnitude spectrum and spatial images. The RPN proved to be very useful to iden-
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Fig. 14 Top-5 correctly retrieved images on TextileTube dataset using RPN+DFTD(New). The queries are shown on the
first column and are framed with a red box, and the proposals that lead to the retrievals are framed with a yellow box.
Table 3 Precision@k, in percentage, for texture descriptors reported in [36], the baseline and the proposed method on
TextileTube dataset. Results highlighted in bold mark the results obtained using RPN+DFTD(new).
Descriptor
HOG+HCLOSIB [36]
HOG+CLOSIB [36]
HOG [36]
Faster R-CNN [36]
ALBP+HCLOSIB [36]
ALBP+CLOSIB [36]
R-FCN
FCOSa
FCOSb
RPN+DFTD
RPN+DFTD(new)

1
37.2
35.9
35.2
30.1
28.9
25.5
82.1
77.8
97.7
99.7
100.0

2
32.8
30.8
30.0
27.4
25.2
21.7
79.0
67.5
96.2
99.7
100.0

3
29.3
27.9
26.7
25.2
23.0
19.6
75.9
61.7
94.5
99.6
100.0

Table 4 Arithmetic mean of precision at k (M ) for intervals
ranging from 1 to 10, 1 to 20 and 1 to 40 on TextileTube
dataset. The results with RPN+DFTD, both the original and
New queries, are shown in bold.
Descriptor
HOG+HCLOSIB
HOG+CLOSIB
HOG
Faster R-CNN
ALBP+HCLOSIB
ALBP+CLOSIB
R-FCN
FCOSa
FCOSb
RPN+DFTD
RPN+DFTD(new)

M(1-10)
24.8
23.7
23.1
22.5
18.1
19.6
70.8
51.3
90.4
99.2
99.5

M(1-20)
19.5
18.8
18.5
18.8
15.7
17.0
62.7
36.7
78.0
93.2
94.5

M(1-40)
15.1
14.7
14.3
15.3
13.5
14.6
49.6
20.7
50.8
67.9
69.8

tify texture regions in images with several texture patterns, such as indoor scene images.
In this work, we considered two different types of
datasets to test our approach. On the one hand, we experimented using Outex, Stex and USPtex, which are
similar datasets containing images with only one texture pattern per image but they are broadly used for
texture retrieval and classification. And, on the other
hand, we considered TextileTube dataset which com-

4
26.8
25.4
24.4
23.8
21.4
18.7
73.5
55.8
93.6
99.6
100.0

5
24.7
23.8
22.8
22.5
20.1
17.9
71.3
50.9
92.2
99.4
99.7

6
23.2
22.5
21.5
21.6
19.0
17.0
69.2
47.0
90.0
99.4
99.7

7
21.7
20.8
20.2
20.6
18.1
16.2
67.2
43.7
88.4
99.4
99.7

8
20.5
19.5
19.4
19.7
17.5
15.8
65.18
39.3
85.7
99.4
98.2

9
19.4
18.5
18.7
19.0
16.9
15.4
63.3
36.2
84.0
98.0
97.8

10
18.6
17.7
17.8
18.2
16.3
15.0
61.6
33.2
81.9
97.7
96.1

prises indoor scene images with lots of different texture
patterns. We selected this dataset because it represents
a useful case scenario related to Child Sexual Abuse
(CSA) digital content, in which apart from faces, objects, etc., textures also may represent a clue to find
pieces of evidence among already known cases of CSA.
To evaluate the performance of the proposed DFTD
descriptor, we also performed experiments for texture
classification since it is a problem broadly studied
among computer vision researchers. We assessed the
performance on Outex and USPtex datasets and compared our proposal with the recent top methods for
texture classification.
DFTD is a quite compact descriptor in the form
of a 512-dimensional vector, which makes the matching computationally inexpensive. Furthermore, the obtained results on the four datasets demonstrate that
the proposed architecture and DFTD descriptor are effective for retrieval and classification purposes, yielding
state-of-the-art performance.
As a part of future research, we will modify the proposed Fourier based descriptor to enhance rotation invariance by taking into account the Fourier coefficients.
Also, we will explore other real-world datasets to evaluate and improve the retrieval framework.
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