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Texture analysis is a classical yet challenging task in computer vision for which deep neural networks
are actively being applied. Most approaches are based on building feature aggregation modules around
a pre-trained backbone and then fine-tuning the new architecture on specific texture recognition tasks.
Here we propose a new method named Random encoding of Aggregated Deep Activation Maps (RADAM)
which extracts rich texture representations without ever changing the backbone. The technique consists
of encoding the output at different depths of a pre-trained deep convolutional network using a Random-
ized Autoencoder (RAE). The RAE is trained locally to each image using a closed-form solution, and its
decoder weights are used to compose a 1-dimensional texture representation that is fed into a linear
SVM. This means that no fine-tuning or backpropagation is needed for the backbone. We explore RADAM
on several texture benchmarks and achieve state-of-the-art results with different computational budgets.
Our results suggest that pre-trained backbones may not require additional fine-tuning for texture recog-
nition if their learned representations are better encoded.

© 2023 Elsevier Ltd. All rights reserved.

1. Introduction

For several decades, texture has been studied in Computer Vi-
sion as a fundamental visual cue for image recognition in several
applications. Despite lacking a widely accepted theoretical defini-
tion, we all have developed an intuition for textures by analyz-
ing the world around us from material surfaces in our daily life,
through microscopic images, and even through macroscopic im-
ages from telescopes and remote sensing. In digital images, one
abstract definition is that texture elements emerge from the lo-
cal intensity constancy and/or variations of pixels producing spatial
patterns roughly independently at different scales [1].

The classical approaches to texture recognition focus on
the mathematical description of the textural patterns, consid-
ering properties such as statistics [2], frequency [3], complex-
ity/fractality [4,5], and others [6]. Many such aspects of texture are
challenging to model even in controlled imaging scenarios. More-
over, the wild nature of digital images also results in additional
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variability, making the task even more complex in real-world ap-
plications.

Recently, the power of deep neural networks has been ex-
tended to texture analysis by taking advantage of models pre-
trained on big natural image datasets. These transfer-learning ap-
proaches combine the general vision capabilities of pre-trained
models with dedicated techniques to capture additional texture in-
formation, achieving state-of-the-art performance on several tex-
ture recognition tasks [7-9]. Therefore, most of the recent works
on deep texture recognition propose to build new modules around
a pre-trained deep network (backbone) and to retrain the new ar-
chitecture for a specific texture analysis task. However, even if the
new modules are relatively cheap in terms of computational com-
plexity, resulting in good inference efficiency, the retraining of the
backbone itself is usually costly. Going in a different direction, Ran-
domized Neural Networks [10-12] proposes a closed-form solution
for training neural networks, instead of the common backpropaga-
tion, with various potential applications. For instance, the training
time of randomization-based models was analyzed [13] on datasets
such as MNIST, resulting in gains up to 150 times. These gains can
be expressive when hundreds of thousands of images are used to
train a model.
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In this work, we propose a new module for texture feature ex-
traction from pre-trained deep convolutional neural networks (DC-
NNs). The method, called Random encoding of Aggregated Deep
Activation Maps (RADAM), goes in a different direction than re-
cent literature on deep texture recognition. Instead of increasing
the complexity of the backbone and then retraining everything, we
propose a simple codification of the backbone features using a new
randomized module. The method is based on aggregating deep ac-
tivation maps from different depths of a pre-trained convolutional
network, and then training Randomized Autoencoders (RAEs) in a
pixel-wise fashion for each image, using a closed-form solution.
This module outputs the decoder weights from the learned RAEs,
which are used as a 1-dimensional image representation. This ap-
proach is simple and does not require hyperparameter tuning or
backpropagation training. Instead, we propose to attach a linear
SVM at the top of our features, which can be simply used with
standard parameters. Our code is open and is available in a public
repository.! In summary, our main contributions are:

(i) We propose the RADAM texture feature encoding technique ap-
plied over a pre-trained DCNN backbone and coupled with a
simple linear SVM. The model achieves impressive classifica-
tion performance without needing to fine-tune the backbone,
in contrast to what has been proposed in previous works.

(ii) Bigger backbones and better pre-training improve the perfor-
mance of RADAM considerably, suggesting that our approach
scales well.

2. Background

We start by conducting a literature review on texture analysis
with deep learning and randomized neural networks.

2.1. Texture analysis with deep neural networks

In this work, we focus on transfer-learning-based texture anal-
ysis by taking advantage of pre-trained deep neural networks. For
a more comprehensive review of different approaches to texture
analysis, the reader may consult [14]. There have been numer-
ous studies involving deep learning for texture recognition, and
here we review them according to two approaches: feature extrac-
tion or end-to-end fine-tuning. Some studies explore CNNs only
for texture feature extraction and use a dedicated classifier apart
from the model architecture. Cimpoi et al. [15] was one of the
first works on the subject, where the authors compare the effi-
ciency of two different CNN architectures for feature extraction:
FC-CNN, which uses a fully connected (FC) layer, and FV-CNN,
which uses a Fisher vector (FV) [7] as a pooling method. They
demonstrated that, in general, FC features are not that efficient be-
cause their output is highly correlated with the spatial order of
the pixels. Later on, Condori and Bruno [16] developed a model,
called RankGP-3M-CNN, which performs multi-layer feature aggre-
gation employing Global Average Pooling (GAP) to extract the fea-
ture vectors of activation maps at different depths of three com-
bined CNNs (VGG-19, Inception-V3, and ResNet50). They propose a
ranking technique to select the best activation maps given a train-
ing dataset, achieving promising results in some cases but at the
cost of increased computational load, since three backbones are
needed. Lyra et al. [17] also proposes feature aggregation from
multiple convolutional layers, but pooling is performed using an
FV-based approach (Multilayer-FV).

Numerous studies propose end-to-end architectures that
enable fine-tuning of the backbone for texture recognition.
Zhang et al. [18] proposed an orderless encoding layer on top of a

1 https://github.com/scabini/RADAM
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DCNN, called Deep Texture Encoding Network (Deep-TEN), which
allows images of arbitrary size. Xue et al. [19] introduces a Deep
Encoding Pooling Network (DEPNet), which combines features
from the texture encoding layer from Deep-TEN and a global aver-
age pooling (GAP) to explore both the local appearance and global
context of the images. These features are further processed by a
bilinear pooling layer [20]. In another work, Xue et al. [21] also
combined features from differential images with the features
of DEPNet into a new architecture. Using a different approach,
Zhai et al. [22] proposed the Multiple-Attribute-Perceived Network
(MAP-Net), which incorporated visual texture attributes in a multi-
branch architecture that aggregates features of different layers.
Later on [9], they explored the spatial dependency among texture
primitives for capturing structural information of the images by
using a model called Deep Structure-Revealed Network (DSRNet).
Chen et al. [23] introduced the Cross-Layer Aggregation of a
Statistical Self-similarity Network (CLASSNet). This CNN feature
aggregation module uses a differential box-counting pooling layer
that characterizes the statistical self-similarity of texture images.
More recently, Yang et al. [8] proposed DFAEN (Double-order
Knowledge Fusion and Attentional Encoding Network), which
takes advantage of attention mechanisms to aggregate first- and
second-order information for encoding texture features. Fine-
tuning is employed in these methods to adapt the backbone to the
new architecture along with the new classification head.

As an alternative to CNNs, Vision Transformers (ViTs) [24] are
emerging in the visual recognition literature. Some works have
briefly explored their potential for texture analysis through the
Describable Textures Dataset (DTD) achieving state-of-the-art re-
sults. Firstly, ViTs achieve competitive results compared to CNNs,
but the lack of the typical convolutional inductive bias usually re-
sults in the need for more training data. To overcome this issue,
a promising alternative is to use attention mechanisms to learn
directly from text descriptions about images, e.g.using Contrastive
Language Image Pre-training (CLIP) [25]. There have also been pro-
posed bigger datasets for the pre-training of ViTs, such as Bam-
boo [26], showing that these models scale well. Another approach
is to optimize the construction of multitask large-scale ViTs such
as proposed by Gesmundo [27] with the ©2Net+ method.

2.2. Randomized neural networks for texture analysis

A Randomized Neural Network [10-12], in its simplest form,
is a single-hidden-layer feed-forward neural network whose in-
put weights are random, while the weights of the output layer are
learned by a closed-form solution, in contrast to gradient-descent-
based learning. Recently, some works have investigated RNNs to
learn texture features for image analysis. S Junior et al. [28] used
small local regions of one image as inputs to an RNN, and the cen-
tral pixel of the region as the target. The trained weights of the
output layer for each image are then used as a texture represen-
tation. Ribas et al. [29] improved the previous approach with the
incorporation of graph theory to model the texture image.

The training of 1-layer RNNs as employed in previous works is a
least-squares solution at the output layer. First, consider X € R"™?
as the input matrix with n training samples and z features, and
g=¢(XW) as the forward pass of the hidden layer with a sig-
moid nonlinearity, where W € R?*? represents the random input
weights for g neurons. Given the desired output labels Y, the out-
put weights f are obtained as the least-squares solution of a sys-
tem of linear equations:

f=ve (g™, (1)

where g7 (gg’)~! is the Moore-Penrose pseudo-inverse [30,31] of
matrix g.
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An important aspect of RNNs is the generation of random
weights for the first layer. Evidence suggests that this choice has
little impact once the weights are fixed. In this sense, a common
trend among previous works is the use of the Linear Congruential
Generator (LCG), a simple pseudo-random number generator in the
form of x;,; = (ax; + b)modc.

The RNN can be used as a randomized autoencoder
(RAE) [13] by considering the input feature matrix X as the
target output Y = X. In this sense, the model is composed of a
random encoder and a least-squares-based decoder that can map
the input data. Kasun et al. [13] also suggests the use of random
orthogonal weights [32] for the initialization of the encoder. In
this way, the weight matrix f will represent the transforma-
tion of the projected random space back into the input data X
(output).

3. RADAM for texture feature aggregation and encoding

The majority of the previous works on deep texture recogni-
tion consider end-to-end models that couple new modules around
a pre-trained backbone and involve fine-tuning the new archi-
tecture on specific texture recognition tasks. Here, we propose a
new feature encoding module that acts on the backbone only as
a feature extractor, and a dedicated classifier is applied over the
obtained features (no backbone fine-tuning is done). The main
idea of the proposed RADAM method is to use multi-depth fea-
ture aggregation and randomized pixel-wise encoding to compose
a single feature vector, given an input image processed by the
backbone. First of all, consider an input image I e R¥oxhox3 fed
into a backbone B = (dy,...,dy), consisting of n blocks of con-
volutional layers. An activation map, i.e., the output of any con-
volutional block given I, is a 3-dimensional tensor (ignoring the
batch dimension, for simplicity) X; € RWi*hi*Z_ The process of fea-
ture aggregation consists of combining the outputs of different
activation maps at different depths. To that end, we divide the
backbone into a fixed number of blocks according to different
depths. This division is made to keep a fixed number of blocks for
feature extraction, regardless of the total depth of the backbone
architecture.

3.1. Pre-trained deep convolutional networks: backbone selection

Most previous works on texture analysis consider pre-trained
ResNets [33] (18 or 50) as backbones. Here, we consider the out-
put of five blocks of layers according to the ResNet architecture,
meaning that five activation maps are considered for feature aggre-
gation. Additionally, we consider the ConvNeXt architecture [34], a
more recent method with promising results in image recognition.
For this backbone, we consider the activation maps from the four
blocks of layers according to the architecture described in the orig-
inal work. More specifically, the following ConvNeXt configurations
are used, with their corresponding number of channels (z;) of each
block:

« ConvNeXt-nano?: z; = (80, 160, 320, 640);
ConvNeXt-T: z; = (96, 192, 384, 768);

o ConvNeXt-B: z; = (128, 256, 512, 1024);
ConvNeXt-L: z; = (192, 384, 768, 1536);

o ConvNeXt-XL: z; = (256, 512, 1024, 2048).

2 This variant was not presented in the original paper but is available in the
PyTorch Image Models library [35] (version 0.6.7) https://github.com/huggingface/
pytorch-image-models/
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3.2. Deep activation map preparation

Given each deep activation map X;, we apply a depth-wise ;-
normalization (p = 2, i.e., Euclidean norm):

X (0 )
max(||X; (. :, I2)

where X;(:,:, j) represents the 2-dimensional activation map at
each channel j € z; with spatial sizes (w;, h;).

For feature aggregation, we propose to concatenate the activa-
tion maps along the third dimension (z;). However, each map X;
initially has a different spatial dimension w; and h;. To overcome
this, we simply resize all activation maps with bilinear interpola-
tion using the spatial dimensions of Xg, (W%,h%), as the target
sizes. In other words, we consider the spatial dimensions at the
middle of the backbone as our anchor size, meaning that some ac-
tivation maps will require upscaling (if i > ) and others down-
scaling (if i < 5). Naturally, the information from activation maps
at higher depths receives higher priority considering that upscaling
preserves more information than downscaling. These assumptions
consider the most common structure of convolutional architectures
where the spatial size decreases with layer depth. Nonetheless, the
idea is to keep all activation maps with a fixed spatial dimen-
sion. From now on, we will refer to spatial dimensions of all X;
as w=wn and h = h%. For an input size of 224 x 224, this results

in w=h =28 for the backbones explored in this work. The con-
catenation of activation maps is then performed as

X/=[X1§-~-§Xn] eRthxz_)X/ GRWhXZ, (3)

where [.;.] denotes the concatenation along the third dimension,
and z = Y ;z; is the resulting number of channels after concatena-
tion. Considering common convolutional architectures where z; <
Zi,1, activation maps from higher depths have a higher influence
on the overall z features. Additionally, the 2-dimensional activation
map at each channel z; is flattened, resulting in the reshaped 2D
representation X’ with sizes wh-by-z, which we refer to as an ag-
gregated activation map. These steps are illustrated in Fig. 1, which
reports the overall structure of the proposed method.

X)) = (2)

3.3. Pixel-wise randomized encoding

The aggregated activation map of a single image is used to train
an RAE considering each spatial point, or pixel (row of X’), as a
sample and each channel (column of X’) as a feature. In this sense,
the method also works with arbitrary input sizes (if accepted by
the backbone) since the spatial dimensions only affect the num-
ber of training samples for the RAE. Intuitively, larger input sizes
may improve the RAE training (see Fig. 3(b)), but also increases the
backbone cost significantly. Moreover, considering that the spatial
organization of the pixels is lost due to the flattening procedure
of X’, we add a positional encoding composed of sine and cosine
functions of different frequencies with dimension z extended for 2
spatial dimensions as in Wang and Liu [36]:

PE(x, y, 2i) = sin(55550m7: )
PE(x,y, 2i + 1) = cos (5502 )
PE(X,y,2j +2/2) = sin( {55507 )

PE(x,y, 2j + 1 +2/2) = cos(q5555m7)-

where x € w and y € h, which is then added to the aggregated ac-
tivation map via element-wise sum:

X' =X &PE. (4)

The use of positional encoding is considered to evaluate
whether or not adding spatial information to the aggregated deep
features could improve texture discrimination. In the context of


https://github.com/huggingface/pytorch-image-models/

L. Scabini, K.M. Zielinski, L.C. Ribas et al.

input depth-wise
¢ normalization
> X1 L) positional
1 Wwhzp) encoding
g ;
g : N\ + X'
e} : — : —N\Lz ) concat
¥ . —/ | reshape (wh, z)
g g
o
. JR aggregative
X ——(L,) activation map
(whzy)

(a) The proposed feature encoding module (RADAM).

soup of RAEs

Pattern Recognition 143 (2023) 109802

(wh,z) X'

v v v oy

Encoder gy linear layer W),
(random weights)

Sigmoid activation

v

Decoder f; :least squares
solution with X"

IR

output: decoder weights

RAE;

RAEj

(z features)

L

texture descriptor

RAE,,
output

(b) Randomized  Auto-

encoder (RAE).

Fig. 1. Illustration of the proposed RADAM architecture (a), given an input image to a final descriptor. The RAE is shown in detail (b), which is a simple 1-layer auto-encoder
solved through least-squares, where we use the decoder weights as descriptors (summed for m RAEs).

our method, we employ RAEs over these features to encode the
entire information in an orderless fashion since the RAE is trained
using each z-dimensional deep feature as a training sample. Ac-
cording to the training algorithm of the RAE, the order of the sam-
ples does not matter, which differs from a typical SGD, for in-
stance. Therefore, this process differs from both global pooling and
the flattening of the features. The positional encoding is simply
adding spatial information into the deep features about how they
were organized before in the 3D aggregated activation map, which
is considered by the RAE when learning their representations. In
Section 4, we evaluate the impact of (not) using positional encod-
ing.

After summing the positional encoding to X’, the first step of
the RAE is to project the inputs using a random fully-connected
layer with weights W), € R?*4, followed by a sigmoid nonlinearity.
The weights are generated using the LCG for simplicity and better
replicability, followed by standardization (zero centered, unity vari-
ance) and orthogonalization [32]. These configurations were cho-
sen according to previous works [13,29]. As for the LCG param-
eters, we use a =75, b= 74, and c =216 + 1, starting with x =0,
which is a classical configuration according to the ZX81 computer
from 1981. Here k works like a seed for random sampling, denot-
ing a starting index inside the LCG space generated with the given
configuration. More details on LCG weights are given in the Sup-
plementary Material, such as an ablation on the impacts of differ-
ent LCG configurations. The forward pass of the encoder g;, € R"x4
for all samples is then obtained as

8= PX'Wp). (5)

and the decoder weights f, € R?*9 are obtained as the least-
squares solution described in Eq. (1), changing the target Y to X’:

fi=Xg, (g (6)

The main idea of employing an individual randomized neural
network for each image is to use the output weights themselves
as a representation. In the case of RAEs, the output layer has the
same dimension as the input layer. Therefore, a single hidden neu-
ron (q =1) is considered to maintain the dimensionality. In this
sense, the resulting decoder weights are represented by

Je=(n. ... (7)

where v; represents the connection weight between the single hid-
den neuron and the output i, corresponding to feature i € z.

A single-neuron RAE may be limited in encoding enough in-
formation contained in the deep activation maps. Therefore, we
propose an ensemble of models or, as recently introduced [37], a
model “soup”, which is achieved by combining the weights of m

Vz2),

parallel models. Here, each model is an RAE with a different ran-
dom encoder (using a different LCG seed), and the combination is
performed by summing the decoder weights

m m
on = fin. .Y filv). 8)
k=1 k=1
It is important to note that the encoders g, of each of the m
RAEs have a different random weight initialization. This is achieved
by creating an LCG sequence of size mz so that we have z weights
for each of the m RAEs. The structure of the RAE is illustrated in
Fig. 1, and following the whole RADAM pipeline shown in Fig. 1,
a texture representation, or feature vector ¢pm, is obtained for the
input image. The code for all these steps is available in the Supple-
mentary Material and in our online repository!. The feature vec-
tors ¢n, are then used to train a linear classifier for a given texture
recognition task (more details on the classifier can be consulted in
Section 4.2.1).

4. Experiments and results
4.1. Setup

Our model is implemented using PyTorch [38] (except for the
classification step), making it easier to couple RADAM with sev-
eral methods implemented in this library. The classification step is
performed using Scikit-learn [39] (with standard hyperparameters
and no tuning). We measure our results by the average classifica-
tion accuracy and corresponding standard deviation, when applica-
ble (depending on the dataset). For the backbones, we consider the
PyTorch Image Models library [35] (version 0.6.7), which contains
several pre-trained computer vision methods. In the Supplemen-
tary Material, we present the main code for RADAM, and the com-
plete implementation including scripts for experimentation can be
consulted in our GitHub repository.!

Seven texture datasets are used for evaluation purposes in
this paper, of which the following two variants of the Outex
dataset [40] were used for analyzing the RADAM method alone:

e Outex10: Composed of 4320 grayscale images in 24 different
texture classes. The training split contains 480 images and the
test split contains 3840 images. This dataset focuses on rotation
invariance, so the images are rotated at 9 different angles;

e Outex13: This Outex suite holds 1360 RGB images divided into
68 texture classes, and evaluates color texture recognition. It
contains 680 images in the training split and 680 images in the
test split.

The following five datasets are used for comparisons with other
methods (some samples are shown in Fig. 2):
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Fig. 2. Some samples from four datasets that are employed in this work for comparison with existing literature methods. We show two samples from each of three classes,
for each dataset. GTOS-Mobile, though not depicted, shares substantial similarities with the GTOS dataset.

Describable Texture Dataset (DTD) [7]: Composed of 5640 images
in 47 different texture classes, evaluated by the 10 provided
splits for training, validation, and test;

Flickr Material Dataset (FMD) [41]: Holds 1000 images repre-
senting 10 material categories, and validation is done through
10 repetitions of 10-fold cross-validation;

KTH-TIPS2-b [42]: Contains 4752 images of 11 different mate-
rials. This dataset has a fixed set of 4 splits for 4-fold cross-
validation;

e Ground Terrain in Outdoor Scenes (GTOS) [21]: This dataset rep-
resents 34,105 images divided into 40 outdoor ground materials
classes. There is also a fixed set of 5 train/test splits;

GTOS-M (Mobile) [19]: Consists of 100,011 images captured from
a mobile phone of 31 different outdoor ground materials, and
contains a single train/test split.

4.2. Analysis of RADAM properties

Our first experimental evaluation concerns aspects of the pro-
posed RADAM method. In the Supplementary Material, we show
an additional analysis of the impacts caused by different random
weights (LCG configurations) and concluded that they are mini-
mal, corroborating previous works. In the following, we evaluate
and discuss other aspects of RADAM.

4.2.1. Positional encoding and different classifiers

We evaluate two design choices for the RADAM pipeline, the
use of positional encoding and the classifier. The method is com-
pared with or without encoding under four different classifiers:

e Linear Discriminant Analysis (LDA) [43]: using a least-squares
solution with automatic shrinkage using the Ledoit-Wolf
lemma;

Table 1

Ablations with positional encoding and different classifiers, using RADAM
(m = 1) with different backbones. Results are measured by classification ac-
curacy considering the single train/test split of Outex10, or the average and
standard deviation for 10 repetitions with the RF and MLP classifiers.

Encoding Backbone LDA SVM RF MLP

none ResNet18 775 834 855+1.5 81.9+2.0
positional ResNet18 79.5 847 87.34£0.5 82.7+2.1
none ConvNeXt-nano 82.4 89.6 81.2+1.3 85.7+2.3
positional ConvNeXt-nano  85.9 89.6 82.4+1.0 84.7+2.2
none ResNet50 86.0 874 90.6+0.9  86.0+0.9
positional ResNet50 87.4 87.4 87.8+0.9 84.5+1.3
none ConvNeXt-T 87.8 91.1 82.6+1.1 86.7+1.4
positional ConvNeXt-T 89.4 91.1 87.0+1.2 86.6+1.3

o Support Vector Machines (SVM) [44]: using a linear kernel with
C=1;

» Random Forests (RF) [45]: using 100 trees, the Gini impurity,
and the square of the number of features when looking for the
best splits;

o Multilayer Perceptron (MLP): composed of a hidden layer with
100 neurons, a softmax output layer, ReLU activations, and
trained using Adam with B equal to 0.9 or 0.999, a fixed learn-
ing rate of 103, and 200 epochs.

Since the evaluation of positional encoding concerns the spatial
properties of texture, we consider the Outex10 benchmark, which
focuses on rotation invariance. As the results in Table 1 demon-
strate, positional encoding improves or maintains performance in
general. On the other hand, SVM provides the best results in most
cases while gaining less improvement from positional encoding.
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Fig. 3. Impacts of changing the number of RAEs (m) in the proposed method, considering different backbones on the Outex13 dataset (a), and (b) the image input size on
the DTD dataset (with m = 4). All other experiments in this paper consider m = 4 and input size 224 x 224.

Nevertheless, we keep the positional encoding in our architecture
since the additional cost is negligible compared to the potential
gains. The SVM is also used as the classifier for all the following
experiments.

4.2.2. Soup size

The only free parameter of the proposed RADAM method is the
number of RAEs to be combined, i.e.,, m. We evaluated m ranging
from 1 to 32 and the results are shown in Fig. 3(a) for different
backbones in the Outex13 dataset. We observe significant gains for
m from 1 to 4, while for larger values performance tends to sta-
bilize. These results indicate that 4 < m < 8 is a good approach for
a balance between performance and cost since no significant gains
are achieved above that. All the following experiments in this pa-
per are performed using m = 4.

The effects observed when increasing m are expected con-
sidering what is usually seen in model ensembles, or “model
soups” [37], where the combination of models trained separately
may be beneficial. On the other hand, our encoders are random,
and each one has different weights. However, even if each encoder
creates a different random projection of the input, the decoders
learn to transform the projection back to the same feature space.
In other words, the RAEs learn different encoding-decoding func-
tions for the same input that, when combined, provide a better
representation in our feature extraction use case.

4.3. Comparison with other pooling techniques

To show the gains of RADAM over other pooling approaches,
we performed additional experiments using Global Average Pooling
(GAP), Global Max Pooling (GMP), and Global L-p Pooling (GLpP,
a.k.a. power-average pooling, and we use p = 2). These techniques
are applied over pre-trained backbones to obtain a feature vector,
given input images, which are then used to train an SVM using
the same configurations considered for RADAM. The obtained re-
sults are shown in Table 2 for four backbones and two challeng-
ing texture recognition datasets (DTD and FMD). We indicate the
pre-training dataset used for the backbone using “in”, e.g.in IN-
21K (ImageNet-21K [46]), and ImageNet-1K was used when not
stated. In summary, GAP is superior to the other pooling tech-
niques in all cases. On the other hand, RADAM achieves consid-
erably superior results compared to GAP, with gains above 10%
in absolute classification accuracy in some cases. We also evalu-
ate the impact of changing the input sizes when using RADAM or
GAP with ResNet50 or ConvNeXt-T, and the results are shown in
Fig. 3(b) for DTD. We observe that increasing the input size usu-
ally improves performance, except for RADAM with ResNet50 with
input size 512. Nevertheless, we keep the input size for the fol-
lowing experiments at 224 to maintain the fairness of comparison
with other methods from the literature. These results corroborate
the effectiveness and scaling potential of RADAM for texture fea-

Table 2

Classification accuracy (linear SVM) when using image features obtained from the
backbones with different pooling techniques and the proposed RADAM. GAP agg.
concatenates features from each of the n feature blocks of the backbones (the same
way we approach them with RADAM).

Method Backbone DTD FMD

GMP ResNet18 62.3+0.8 75.6+0.5
GLpP ResNet18 63.7+1.1 77.0+0.6
GAP ResNet18 64.1+1.1 77.1+£0.7
GAP agg. ResNet18 64.6+1.2 77.2+0.6
RADAM ResNet18 68.1+1.0 77.7+£0.5
GMP ConvNeXt-nano 51.7£0.9 62.44+0.8
GLpP ConvNeXt-nano 44.0+0.5 50.4+0.8
GAP ConvNeXt-nano 61.9+1.0 73.8+£0.9
GAP agg. ConvNeXt-nano 71.7+0.6 84.4+0.4
RADAM ConvNeXt-nano 74.9+0.7 87.1+£0.4
GMP ConvNeXt-B 59.5+1.2 77.0+0.8
GLpP ConvNeXt-B 59.1+1.3 70.6+0.8
GAP ConvNeXt-B 69.24+1.3 83.6+0.5
GAP agg. ConvNeXt-B 73.5+£1.0 86.7+0.5
RADAM ConvNeXt-B 76.4+0.9 90.2+0.2
GMP ConvNeXt-B in IN-21K 70.6+0.8 84.2+0.4
GLpP ConvNeXt-B in IN-21K 69.7+0.9 72.0+0.6
GAP ConvNeXt-B in IN-21K 79.24+0.6 91.9+0.4
GAP agg. ConvNeXt-B in IN-21K 80.4+1.0 92.3+0.3
RADAM ConvNeXt-B in IN-21K 82.84+0.9 94.0+0.2
GAP ConvNeXt-T 66.0+1.0 79.0+0.4
GAP agg. ConvNeXt-T 73.7£0.9 83.6+0.5
RADAM ConvNeXt-T 77.0+£0.7 88.7+0.4
GAP ConvNeXt-T in IN-21K 78.4+0.7 91.4+0.3
GAP agg. ConvNeXt-T in IN-21K 77.3+£0.9 89.9+0.5
RADAM ConvNeXt-T in IN-21K 81.44+0.7 93.0+0.3
GAP ConvNeXt-L 70.9+0.9 84.6+0.4
GAP agg. ConvNeXt-L 73.4+0.6 86.4+0.5
RADAM ConvNeXt-L 77.4+1.1 89.3+0.3
GAP ConvNeXt-L in IN-21K 80.4+0.9 92.2+0.4
GAP agg. ConvNeXt-L in IN-21K 81.9+0.6 93.44+0.4
RADAM ConvNeXt-L in IN-21K 84.0+£1.0 95.2+0.4
GAP ConvNeXt-XL in IN-21K 81.3+1.0 92.4+0.3
GAP agg. ConvNeXt-XL in IN-21K 82.0+1.1 93.9+0.4
RADAM ConvNeXt-XL in IN-21K 83.7+0.9 95.2+0.3

ture extraction compared to other pooling techniques, especially
when considering ConvNeXt backbones.

Additionally, we evaluate GAP agg., which aggregates the GAP
from each of the n feature blocks and returns an image represen-
tation with z features (as RADAM). The results are also shown in
Table 2, where it is possible to observe that RADAM surpasses GAP
agg. by a considerable margin, in all backbones and datasets. GAP
agg. usually improves over the standard GAP, which is to be ex-
pected since more features are being added. However, the standard
GAP sometimes performs better than this simple aggregation by
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Table 3
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Classification accuracy of different methods on texture benchmarks. The used backbones are separated into row
blocks according to their computational budget, the input size is indicated in parentheses (224 x 224 was used
when not stated), and the two best results in each block are highlighted in bold type. Methods indicated by a
T symbol mean that we are citing the results from their papers. Results in blue show the previously published
state-of-the-art on each dataset (some are given in Table 4), and red represents our results matching or above

that.

method backbone | DTD FMD  KTH-2-b GTOS GTOS-M
GAP ResNet18 64. 1411 77 1x07 83.0+2.0 78.8+1.7 75.1
DeepTEN 1 ResNet18 (352) 76.1
DEPNet ResNet18 82.2
MAPNet T ResNet18 69.5+0.s  80.8+1.0 80.9+1.5 80.3+2.6 83.0
DSRNet T ResNet18 71.2107 81.310s 81.8+16 81.0+2.1 83.7
CLASSNet T ResNet18 7T1.5+04 82.5+07 85.441.1 84.3422 85.3
RADAM (ours) ResNet18 68.1+10 77.7x05  84.7+s6  80.6+1.7 79.5
GAP ConvNeXt-nano 61.9+1.0 73.8+0.9 82.343.0 789115 74.0
RADAM (ours) ConvNeXt-nano | 74.9:0r 87.1x04 89.613s 83.7115 81.8
GAP ResNet50 72.6+£09 84.5+06 85.4+2.5 79.5+1.7 76.1
DeepTEN ResNet50 (352) 69.6 80.2+0.0  82.0x33  84.5+20

MAPNet T ResNet50 76.1+0.6  85.2+07  84.5+13  84.Ti22 86.6
DSRNet T ResNet50 T7.6+06 86.0+0.5 85.9+1.3 85.3420 87.0
CLASSNet T ResNet50 74.0+0.5 86.2+0.0 87.T+1.3 85.6122 85.7
DFAEN ¢t ResNet50 73.2 86.9 86.3 86.9
RADAM (ours) ResNet50 75.6+1.1 853104  88.5i32  81.841a 81.0
GAP ConvNeXt-T 66.0+1.0 79.0+0.4 88.1+5s 80.9+1.6 78.2
RADAM (OllI‘S) ConvNeXt-T 77.0x07 88.7+0.4 90.7+40 84.241.7 85.3

concatenation. These results suggest that better aggregation tech-
niques are needed for improving texture feature extraction. In this
sense, the proposed RADAM shows again interesting gains, result-
ing in state-of-the-art performance on all benchmarks we consid-
ered, as we discuss in the following section.

4.4. Comparison with the state-of-the-art

Finally, we compare RADAM with several state-of-the-art meth-
ods on five challenging texture recognition datasets. Table 3 shows
the results of methods using the ResNet18 and 50 and ConvNeXt-
nano and T backbones. The table is organized into separate rows
according to the computational budget of the backbones. The
first comparison section contains methods using ResNet18 and
ConvNeXt-nano since they have a similar computational budget.
In this scenario, RADAM achieves competitive performance on KTH
when using ResNet18 but is less effective on other datasets. Nev-
ertheless, it is worth noting that RADAM with ResNet18 surpasses
GAP in all cases and does not require fine-tuning, offering a much
cheaper and simple alternative to other methods that require fine-
tuning. Using ConvNeXt-nano, RADAM significantly outperforms
GAP and achieves the best results on all datasets except GTOS and
GTOS-M, and at a similar inference budget to using ResNet18.

Considering the results within the ResNet50 budget, RADAM
performs much better compared to ResNet18. Competitive results
are achieved on DTD and FMD, and also the best results on KTH.
We observe again that on GTOS, although surpassing GAP, RADAM
performs below the compared methods that perform fine-tuning.
These results are expected since both GTOS datasets are by far the
biggest datasets among the ones considered, which allows better
fine-tuning of the millions of parameters of the backbones. How-
ever, this procedure means that a considerable computational load
is necessary to train these methods relying on fine-tuning. On the
other hand, by using ConvNeXt-T, RADAM surpasses GAP by a sig-
nificant margin and offers a competitive performance on GTOS
compared to the fine-tuning-based methods. It also achieves the
second-best result on DTD and the best results on FMD and KTH.
The performance on FMD also surpasses the previous state-of-the-
art considering all results available in the literature (which con-
siders more complex backbones, see Table 4). In general, we no-

tice that in most cases, the GAP of ConvNeXt performed below the
GAP of their corresponding ResNets (in terms of cost according to
the blocks of the table). In contrast, RADAM achieves considerably
better results when coupled with ConvNeXts. Therefore, the results
clearly emphasize the gains of RADAM over the potential difference
between different backbones.

Table 4 concerns methods with an increased cost or improved
pre-training, in contrast to those compared before. Here we include
RADAM using ConvNeXt-T, B, L, and XL, with ImageNet-1k or 21k
pre-training, against several works including very recent methods,
such as ViTs. In the first block, RADAM outperforms GAP in all
cases, and also the other compared methods on FMD, KTH, and
GTOS. On DTD and GTOS-M, RADAM achieves the second-best re-
sult when using ConvNeXt-L. The results obtained on FMD using
both ConvNeXt-B and L backbones surpasses the previously pub-
lished state-of-the-art on this dataset.

The second block highlights the benefits of employing bet-
ter pre-training. For instance, ConvNeXts T, B, L, and XL surpass
the previously published state-of-the-art on FMD by using GAP.
ConvNeXt-XL also achieves this for KTH and GTOS-M. Neverthe-
less, this is not enough to surpass previous methods on DTD or
GTOS. On the other hand, RADAM is able to overcome the pre-
viously published state-of-the-art in all benchmarks. It consis-
tently outperforms GAP, and also all other methods across every
benchmark when using the ConvNeXt-XL backbone, establishing
a new state-of-the-art. When using ConvNeXt-B, it also surpasses
the previous state-of-the-art in all cases except for DTD. Using
ConvNeXt-T, it overcomes the state-of-the-art on FMD and offers
competitive performance on the other benchmarks while having a
lower inference cost, considering the size of this backbone. With
ConvNeXt-L, RADAM also establishes a new state-of-the-art on
DTD.

In conclusion, these results underline the effectiveness of
RADAM as a robust method for texture feature extraction fol-
lowed by a linear SVM classification. Its performance, particularly
when using ConvNeXt backbones, offers high-level texture dis-
crimination without the need for fine-tuning, which saves con-
siderable resources in training time, as we better discuss in the
following.
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Table 4

Pattern Recognition 143 (2023) 109802

Classification accuracy of methods employing more complex backbones and pre-trainings. The first block represents methods with Im-
ageNet1k pre-training only, and the second block includes different pre-trainings with bigger datasets. Results in show the previously
published state-of-the-art on each dataset (some are given in Table 3), represents the results matching or above that, and the two best

results in each block are highlighted in bold type.

method backbone ‘ DTD FMD KTH-2-b GTOS GTOS-M
GAP ConvNeXt-B 69.2415  83.6x05  86.216s  80.4x10 80.1
GAP ConvNeXt-L 70.9z0.0 84.5+0.4 88.0+4.0 81.3+2.0 85.5
GAP Densenet161 71.8+1.4 85.2+0.7 874121 80.4+1.9 81.5
DFAEN f§ Densenet 161 76.1 87.6 86.6 86.9
Multilayer-FV § EfficientNet-B5 (512) 78.9 88.7 82.9

RankGP-3M-CNN++ (3 backbones) 86.2+1.4  91.1iss

RADAM (Olll’S) ConvNeXt-B 76.4+0.0 90.2410.2 87.7T+s5.6 84.1+16 82.2
RADAM (ours) ConvNeXt-L 774411 89.3103 89.3:34 84.0+1s 85.8
GAP ConvNeXt-T in IN-21K 78407 91.4+0.3 89.6+4.4 82.8+2.6 84.0
GAP ConvNeXt-B in IN-21K 79.2+06  91.9204  90.41a5  84.411s 86.5
GAP ConvNeXt-L in IN-21K 80.4+00 922404  88.Tx37  83.2+14 84.5
GAP ConvNeXt-XL in IN-21K 81.3+1.0 92.4+03 93.T+40 84.5+2.1 89.8
fine-tuning only ViT-B/16 in Bamboo 69m 81.2

CLIP zero-shot { ViT-L/14 (336) in WIT 400m 83.0

n2Net+ 1 ViT-L/16 (384) in IN-21K 82.2

RADAM (ours) ConvNeXt-T in IN-21K 81.4x07  93.0405  91.0ts0  85.411 86.5
RADAM (ours) ConvNeXt-B in IN-21K 82.8+00  94.0x02  91.8:a1  86.6x17 87.1
RADAM (OIH‘S) ConvNeXt-L in IN-21K 84.0+1.0 95.210.4 91.3+41 85.9+1.6 87.3
RADAM (ours) ConvNeXt-XL in IN-21K 83.7+09 95.2:03 94.413s 87.2110 90.2

4.5. Challenging texture instances

This section discusses the cases with the highest error rates
for the two most challenging datasets (DTD and GTOS). We com-
pare the performance of RADAM and GAP in ConvNeXt backbones,
showing the confusion matrix (classes are sorted alphabetically),
and the precision and recall metrics (averaged for all classes). The
results for the DTD dataset are shown in Fig. 4, along with ex-
amples from the most challenging classes. In this case, RADAM
achieves the best performance using ConvNeXt-L, while GAP needs
the bigger version, ConvNeXt-XL (both pre-trained on IN-21k), to
achieve the best classification accuracy. In terms of precision and
recall, RADAM also achieves the best results (0.84 against 0.81). Re-
garding the misclassification, it is possible to notice that the class
“blotchy” is the most challenging for both methods. The exam-
ples in Fig. 4(c) show how complex this class is, where the in-
stances contain various types of objects and materials. The results
indicate that the methods struggle to model the “blotchy” con-
cept, which is more intuitive for humans to understand. GAP with
ConvNeXt-XL achieves 50.8% classification accuracy for this class,
while RADAM with ConvNeXt-L achieves 54.3%. While this is the
class with the lowest accuracy rate, the misclassifications (confu-
sion) are spread across various classes, with the most common one
being “smeared”. For this class, GAP achieves a 70.8% overall accu-
racy rate, and RADAM achieves 75.5%. For GAP and RADAM, 10%
of the samples are misclassified as smeared, and the percentage of
smeared samples that are misclassified as blotchy are 14.3% and
12%, respectively. In general, RADAM improved the classification of
these classes and reduced the misclassification rates.

The classes of DTD with the highest confusion rate are “dot-
ted” and “polka-dotted”. Their similarity is noticeable, as the ex-
amples in Fig. 4(d and e) show, and the models struggle to differ-
entiate the distribution of bubbles with uniform or varied sizes.
Nevertheless, RADAM consistently improves the overall accuracy
rate of both classes. For the class “dotted”, GAP has a 71.3% ac-
curacy rate while RADAM achieves 75.8%. For “polka-dotted”, the
rates are 73.3% and 82.5% for GAP and RADAM, respectively. While
their overall accuracy rate is relatively high, the misclassifications
are concentrated between them. GAP has a 20.3% misclassification
rate of “dotted” samples as “polka-dotted”, and 20.8% for the other

way around. In this case, RADAM also improves the performance,
showing a reduction to 17.8% misclassification rate of “dotted” as
“polka-dotted”, and 12.8% for the opposite case.

The results for GTOS are shown in Fig. 5 for GAP and RADAM
using ConvNeXt-XL. The most challenging texture classes in this
dataset in terms of overall accuracy, for both methods, are “rust
cover” and “mud puddle”. For the former, GAP achieves a 50.7%
classification accuracy, and 34.7% of the samples are misclassi-
fied as “aluminum”. RADAM shows a slightly inferior performance,
with a 48.6% accuracy rate and 41.1% misclassification rate as “alu-
minum”. As Fig. 5(c and d) shows, the images from these classes
may contain similar elements such as rusty parts in the aluminum
pieces, and the background grids, which proved to be a challenge
for the methods. On the other hand, RADAM shows the best preci-
sion and recall for this dataset, and also improves the performance
for other classes. For the “mud puddle” class, GAP correctly identi-
fies 48% of the samples, while RADAM achieves 52.9%.

The classes “asphalt stone” and “stone asphalt” from GTOS also
present a high confusion rate, as they are particularly similar (see
Fig. 5(e and f). GAP correctly predicts 79.2% of the samples from
the “asphalt stone” class, while RADAM improves the accuracy to
92.3%. For “stone asphalt”, the classification accuracy is 52% and
53.9% for GAP and RADAM, respectively. As for the confusion cases,
46% of the “stone asphalt” samples are misclassified as “asphalt
stone” by GAP, while RADAM reduces the error to 45.4%.

4.6. Feature extraction cost versus performance

Additional analysis is performed to better understand the bal-
ance between the classification performance and computational
budget of the compared texture recognition methods. We consider
the inference costs in terms of GFLOPs and the number of param-
eters according to the backbone used by each method since this
is the most resource-demanding step of every pipeline. One im-
portant aspect here is that the input size greatly impacts the FLOP
count of the methods (check input sizes in parentheses in Table 3).
Most works consider 224 x 224 inputs (the same input size em-
ployed by RADAM), and we assume this same size when not stated
by the authors. For this analysis, we also are not considering the
preparation of the backbone either in terms of pre-training cost or
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Fig. 6. Computational budget at inference time according to the backbone used by different methods. The symbol & represents when stronger pre-training was used (with

datasets bigger than ImageNet-1Kk).

chosen dataset or the fine-tuning of the methods that do so. In this
sense, we show in Table 5 the approximate inference costs of the
different backbones employed by the methods that are explored in
this work, including the proposed RADAM.

We evaluate the relationship between the cost and performance
of the methods according to the backbones they employ, and
the results are shown in Fig. 6 for all the datasets. For RADAM,
we consider the backbones ResNet18, ConvNeXt-nano, ResNet50,
ConvNeXt-T, ConvNeXt-B, and ConvNeXt-L (in this order according
to the x-axis of the plots). It is possible to notice the superiority
of RADAM at different budgets on DTD, FMD, and KTH. Moreover,
the performance scales with backbone complexity and better pre-
training (DTD).

Multilayer-FV achieved the previous state-of-the-art on FMD us-
ing EfficientNet-B5 with an input size of 512 pixels, which yields
an approximate inference cost of 12 GFLOPs. This is consider-
ably higher than the cost of ConvNeXt-T (4.5 GFLOPs), with which
RADAM achieves an improvement of 4.3% in absolute performance
compared to Multilayer-FV. On KTH, RankGP-3M-CNN++ achieves

10

91.1% accuracy (previous state-of-the-art) using three backbones,
with a total inference cost of around 30 GFLOPs, while RADAM
with ConvNeXt-T achieves comparable results (—0.1%), and also
achieves the state-of-the-art results using ConvNeXt-B (91.8% with
at 15 GFLOPs), and ConvNeXt-XL (94.4% at 61 GFLOPs). Consider-
ing GTOS and GTOS-M, competitive cost and performance are also
achieved with RADAM using ConvNeXt-T.

To increment the cost analysis, we show in Table 6 the practi-
cal running time of RADAM (with m =4 and SVM) in contrast to
the costs of ResNet and other pooling techniques (GAP, GMP, and
GLpP). Our intuition is to compare RADAM to different feature ex-
traction techniques, and to the approach in previous works of fine-
tuning the backbone. We measure the average time (in millisec-
onds) of 100 runs of ResNet18 and ResNet50 over one 224 x 224
RGB image considering the RADAM module or pooling techniques,
the ResNet forward and backward passes, and the corresponding
times when fine-tuning the backbone or using feature extraction
with SVM for inference. It is important to notice that the cost
of RADAM varies according to the backbone since the number of
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Table 5
Computational budget of different backbones employed by texture recognition
methods explored in this work.

Backbone Input size GFLOPs Parameters (millions)
ResNet18 224 x 224 1.8 11.2
ConvNeXt-nano 224 x 224 24 14.9
ResNet50 224 x 224 4.1 23.5
ConvNeXt-T 224 x 224 4.5 27.8
ResNet18 352 x 352 4.5 11.2
DenseNet161 224 x 224 7.8 26.5
ResNet50 352 x 352 10.2 235
EfficientNet-B5 512 x 512 123 283
ConvNeXt-B 224 x 224 154 87.6
ConvNeXt-L 224 x 224 344 196.2
ViT-B/16 224 x 224 49.4 86.1
ConvNeXt-XL 224 x 224 60.9 348.1
ViT-L/14 336 x 336 125.0 304.3
ViT-L/16 384 x 384 174.8 304.7
Table 6

Average running time (in milliseconds) of 100 repetitions using a 224 x 224 RGB
image, performed on a machine with a GTX 1080ti, Intel Core i7-7820X 3.60 GHz
processor (using 8 threads), and 64 GB of RAM.

Time (ms)

Method Backbone CPU GPU

backbone’s forward pass ResNet18 15.0+1.6 4.340.1
backbone’s backward pass ResNet18 50.845.3 9.9+1.5
backbone’s 1 fine-tuning epoch ResNet18 65.846.0 14.2+1.6
GAP ResNet18 0.4+0.03 0.2+0.01
GMP ResNet18 0.4+0.02 0.2+0.01
GLpP ResNet18 0.3+0.02 0.2+0.02
RADAM ResNet18 2.7+0.2 2.9+0.04
backbone + GAP + SVM inference ResNet18 15.9+2.1 6.8+0.2
backbone + GMP + SVM inference ResNet18 16.4+1.8 10.5+0.2
backbone + GLpP + SVM inference ResNet18 15.6+1.7 6.6+4.1
backbone + RADAM + SVM inference ResNet18 19.8+1.6 8.1+0.1
backbone’s forward pass ResNet50 34.0+£2.6 11.1+0.8
backbone’s backward pass ResNet50  107.6+5.9  21.5+2.2
backbone’s 1 fine-tuning epoch ResNet50 141.7+£7.6  32.6+2.3
GAP ResNet50 0.6+0.02 0.240.01
GMP ResNet50 0.8+0.1 0.2+0.01
GLpP ResNet50 0.4+0.03 0.2+0.02
RADAM ResNet50 7.0+£0.4 5.240.4
backbone + GAP + SVM inference ResNet50 35.8+3.9 15.2+0.4
backbone + GMP + SVM inference ResNet50 35.4+3.0 19.5+1.3
backbone + GLpP + SVM inference ResNet50 33.54+2.9 13.6+0.9
backbone + RADAM + SVM inference ResNet50 50.3+2.6 18.1+0.8

aggregate features (z) changes, thus impacting the RAE training
cost.

Considering the results in Table 6, fine-tuning ResNet50 on
GTOS-M using only 10 epochs with a batch size of 1 would take
around 40 h on CPU or 9 h on GPU. On the other hand, extract-
ing features with RADAM followed by SVM inference on the whole
GTOS-M dataset takes around 1.3 h on CPU or half an hour on GPU.
The training of SVM on the whole dataset (on CPU) takes an ad-
ditional 15 min on average, without hyperparameter tuning. The
results demonstrate that the RADAM is considerably faster than
the ResNet backbone in terms of training/fine-tuning. Although the
RADAM module alone is usually slower than other pooling tech-
niques, which is to be expected since they perform simpler opera-
tions, the differences are negligible when considering the full infer-
ence pipeline with SVM. Moreover, RADAM provides considerably
better performance than these pooling techniques (see Table 2).
These results extend to ConvNeXt-nano and ConvNeXt-T, consid-
ering that the cost is comparable to ResNet18 and ResNet50, re-
spectively. In summary, these findings corroborate our claims that
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RADAM provides both considerable savings in training time (com-
pared to fine-tuning) while achieving SOTA results at similar infer-
ence costs.

5. Conclusion

We presented RADAM, a new feature encoding module for tex-
ture analysis. The method consists of randomly encoding aggre-
gated deep activation maps from pre-trained DCNN using RAEs.
These autoencoders learn to pool activation maps into a 1-
dimensional representation by training on its z-dimentional pix-
els as sample points. A texture image is then encoded by using
the decoder weights learned from its activation maps. The pro-
cedure is orderless but takes into account the spatial informa-
tion of the pixels by using a 2D positional encoding. Compared
to previous works, our method does not require fine-tuning of
the backbone, and the encoding module is rather simple. Linear
classification of the descriptors is performed with an SVM, and
we achieve state-of-the-art performance on several texture bench-
marks. RADAM also achieves the best efficiency considering infer-
ence cost and performance using backbones with varying com-
putational budgets. These results are impressive also considering
that, compared to other methods, no fine-tuning of the back-
bone is needed for RADAM, causing a lower cost also at training
time.

Our work corroborates a simpler approach to texture recogni-
tion where the fine-tuning of costly backbones may not be neces-
sary to achieve high discriminatory power. For future works, one
may explore different backbones or different formulations of our
RAE, with multiple layers, more hidden neurons, and other pos-
sible improvements. On the other hand, if enough computing re-
sources are available, another approach more similar to previous
works would be to explore our module in an end-to-end manner.
Since RADAM is deterministic and a closed-form solution, an al-
ternative would be adding a linear layer instead of an SVM and
optimizing it along with the backbone.
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