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H I G H L I G H T S

• We propose VORTEX, a novel method for texture recognition using ViT backbones.

• It performs multi-depth token embedding extraction, hierarchical aggregation, and orderless encoding.

• The approach requires no fine-tuning of ViTs, making it suitable for low-data regimes and lightweight deployment.

• VORTEX achieves state-of-the-art results on several texture benchmarks with high computational efficiency.
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A B S T R A C T

Texture recognition has recently been dominated by ImageNet-pre-trained deep Convolutional Neural Networks 

(CNNs), with specialized modifications and feature engineering required to achieve state-of-the-art (SOTA) per­

formance. However, although Vision Transformers (ViTs) were introduced a few years ago, little is known about 

their texture recognition abilities. Therefore, in this work, we introduce VORTEX (ViTs with Orderless and 

Randomized Token Encodings for Texture Recognition), a novel method that enables the effective use of ViTs 

for texture analysis. VORTEX extracts multi-depth token embeddings from pre-trained ViT backbones and em­

ploys a lightweight module to aggregate hierarchical features and perform orderless encoding, obtaining a better 

image representation for texture recognition tasks. This approach allows seamless integration with any ViT us­

ing the common transformer architecture. Moreover, no fine-tuning of the backbone is performed, as they are 

used only as frozen feature extractors, and the features are fed to a linear SVM. We evaluate VORTEX on nine 

diverse texture datasets, demonstrating its ability to achieve or surpass SOTA performance in a variety of texture 

analysis scenarios. By bridging the gap between texture recognition with CNNs and transformer-based archi­

tectures, VORTEX paves the way for adopting emerging transformer foundation models. Furthermore, VORTEX 

demonstrates robust computational efficiency when coupled with ViT backbones compared to CNNs with sim­

ilar costs. The method implementation and experimental scripts are publicly available in our online repository 

(https://github.com/scabini/VORTEX).

1 . Introduction

The analysis of visual textures in digital images has been an impor­

tant research area in Computer Vision (CV) for several decades. While 

CV encompasses many aspects of visual recognition (e.g., shapes and 

objects), focusing on textures allows us to address a range of specific 

and fine-grained problems. In this sense, texture recognition methods 

have been successfully employed in various applications [1]. From 

hand-engineered approaches to deep-learning-based models, the tex­

ture recognition state-of-the-art (SOTA) has been constantly evolving 

throughout the years [2].

Lately, several deep-learning-based models have been proposed [3–

11] especially due to the large-scale pre-training and transfer-learning 

of deep Convolutional Neural Networks (CNNs) [12,13]. However, these 
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Fig. 1. Illustration of the proposed method for feature engineering with pre-trained visual Transformers (ViTs). (a) Input image and its patches. (b) The patches 

are linearly projected and a positional embedding is added to them. Afterward, the image embeddings are fed to the ViT backbone. (c) VORTEX captures extracted 

features from the output of multiple stages of the backbone and performs a multi-depth feature aggregation. Following this, the aggregated features are fed to a 

Randomized Autoencoder (RAE), shown in (e), which is an analytically-solved 1-layer auto-encoder, where we use its decoder weights as the representation (stacked 

for 𝑚 RAEs).

pre-trained CNNs need additional architectural engineering or fine-

tuning to perform better than other texture recognition techniques. This 

approach is necessary because while off-the-shelf pre-trained CNN fea­

tures can be ported to texture recognition with minimal modifications, 

the obtained results may fall short compared to hand-engineered meth­

ods [14]. Therefore, additional feature engineering is needed to improve 

foundation models (backbones) pre-trained on natural images by ad­

dressing their ability to distinguish textures. This is usually achieved by 

improving feature pooling through more sophisticated orderless opera­

tions, feature aggregation using layers from different depths, and adding 

extra learnable layers/modules. Recent works have explored domain-

aware and label-agnostic strategies to improve generalization, such as 

domain-guided prompt distribution learning [15] and class-free prompt 

learning [16]. 

On the other hand, Vision Transformers (ViT) [17] have been re­

cently dominating many CV areas [18]. They represent a paradigm shift 

in architectural design from CNNs, proposing a less bio-inspired struc­

ture by focusing more on parallelizable operations and larger receptive 

fields, better capturing longer-distance relationships among visual cues. 

However, little is known about their texture recognition ability. While it 

has been shown that they may compete with CNNs [19] when using 

their off-the-shelf features, ViTs may struggle to surpass even hand-

engineered methods in some specific cases. This behavior highlights the 

need for new methods of architectural adaptations and feature engineer­

ing to improve foundational ViT backbones for texture recognition. For 

instance, Liu et al. [9] employ transformers for texture recognition, but 

they are used only for feature engineering over CNN backbones rather 

than ViT backbones.

In this work, we propose a new texture recognition method that 

takes advantage of several foundation ViTs. We achieve this by build­

ing a new module, which we named VORTEX, based on pre-trained ViTs 

with Orderless and Randomized Token Encodings to extract teXture fea­

tures. Our method is the first to perform feature engineering on ViT 

backbones focusing on general texture recognition, and it works with 

any backbone with the common transformer architecture. Therefore, we 

evaluate VORTEX using a variety of backbones with different sizes and 

pre-trainings. Moreover, no fine-tuning is performed as VORTEX does 

not add new trainable parameters to the ViT backbone, as it only per­

forms feature extraction with frozen backbones. The overall structure 

of VORTEX is illustrated in Fig. 1(c), where an image representation is 

obtained given an input texture image and a ViT backbone. The rep­

resentations are then used to train a simple linear classifier, making it 

more feasible and efficient on small datasets. We evaluate the proposed 

method using nine texture datasets and compare its results with CNN and 

ViT techniques from the literature. The VORTEX module code and scripts 

for experimentation are available in our public GitHub repository1.

2 . Background

This section presents the fundamental principles of texture analysis 

and ViTs, also pointing out the gaps in these fields that pave the way for 

the proposed VORTEX method.

2.1 . Texture analysis

Since the emergence of the CV field, much effort has been devoted to 

enabling computer systems to perform actions such as object detection 

and material recognition, which are crucial skills in several real-world 

applications. To achieve that, one of the most important approaches is 

the recognition of textures. Texture is a fundamental and inherent prop­

erty of surfaces and objects. In digital images, it can be characterized 

by the spatial arrangement of the pixels and/or the local relationships 

of a pixel with its surrounding neighborhood [20]. In this context, the 

texture analysis field has steadily evolved towards more robust and dis­

criminative texture representations. Initially, several hand-engineered 

1 https://github.com/scabini/VORTEX.
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approaches have been proposed relying on pixel statistics [20], filters 

and wavelets [21], local-based patterns [22], among others [2].

Due to the surprising CV results obtained by pure learning-based 

techniques such as CNNs [12,13], there has been a shift in the last decade 

towards deep learning techniques for texture analysis. This change was 

also motivated by hand-engineered methods struggling in more com­

plex scenarios [23] such as internet images or when multiple objects 

and backgrounds are present. In this context, the rapid advancements 

in deep learning have created a common sense that these techniques 

are universal solvers for CV tasks. However, off-the-shelf deep CNNs 

may fail to achieve SOTA performance in texture recognition tasks com­

pared to hand-engineered approaches [14,19]. This limitation arises 

because many aspects of texture remain challenging to model, even in 

controlled imaging scenarios. Some examples include variations in light­

ing conditions, high texture variability (such as the same materials and 

surfaces under different conditions), and high texture similarities (in 

fine-grained tasks such as distinguishing different grades of the same 

material), among others.

To address these challenges, deep learning-based methods for tex­

ture recognition have focused on customizing pre-trained CNNs through 

feature-engineering and architecture modifications [3–11]. These ap­

proaches usually focus on enhancing pre-trained CNN feature extraction 

and/or end-to-end fine-tuning strategies. Among the feature extrac­

tion operations, most methods adopt orderless pooling or encoding 

over feature/activation maps obtained from neural network layers, as 

prior research has demonstrated [23] that enforcing spatial order can 

limit the texture recognition ability. More recently, the proposal of 

ViTs [17] has been leading to performance improvements on various 

CV tasks [18], also holding promise for texture recognition [19]. This 

architecture excels at capturing longer-range correlations among visual 

cues, compared to CNNs. However, little is known about how ViTs be­

have compared to CNNs modified for texture analysis and whether such 

feature-engineering and architecture changes could improve the ability 

of ViTs to recognize textures.

2.2 . Vision transformers

Transformers have revolutionized many fields in artificial intel­

ligence, originally demonstrating unprecedented success in natural 

language processing (NLP) tasks  [24]. By leveraging a highly paral­

lelizable architecture, transformers exhibit faster training and superior 

performance in machine translation, outperforming prior sequence-to-

sequence NLP approaches. The original transformer design is composed 

of encoders and decoders, containing two main structures: Multiheaded 

Self-Attention (MSA) and a Feed Forward Network (FFN).

Let us first consider a set of input tokens, such as word embeddings 

combined into a matrix 𝐼 . These tokens are transformed via linear 

projections into three matrices: 𝑄𝑖 = 𝐼𝑊𝑄𝑖
 (queries), 𝐾𝑖 = 𝐼𝑊𝐾𝑖

 (keys) 

and 𝑉𝑖 = 𝐼𝑊𝑉𝑖  (values), where {𝑊𝑄𝑖
,𝑊𝐾𝑖

,𝑊𝑉𝑖} represent trainable 

weight matrices. The self-attention for each attention head 𝑖 is then 

computed as: 

Attention(𝑄𝑖, 𝐾𝑖, 𝑉𝑖) = softmax

(

𝑄𝑖𝐾𝑇
𝑖

√

𝑑

)

𝑉𝑖 , (1)

where 𝑑 denotes the dimensionality of each projection, and the softmax 

function is applied row-wise. Multiple heads are then stacked in parallel: 

MSA(𝑄,𝐾, 𝑉 ) =
[

Attention(𝑄1, 𝐾1, 𝑉1) ||⋯ ||Attention(𝑄𝑠, 𝐾𝑠, 𝑉𝑠)
]

𝑊𝑜 ,

(2)

where || indicates concatenation, 𝑠 is the number of attention heads, 

and 𝑊𝑜 is a learnable projection matrix applied after concatenation. A 

simple two-layer MLP is used as the FFN, and both the MSA and FFN 

are surrounded by skip connections and layer normalization [24]. A 

transformer network is composed of stacked “transformer blocks”, as il­

lustrated in Fig. 1(d), each containing independent MSA and FFN layers.

Adapting transformers for CV tasks, the Vision Transformer (ViT) 

[17] introduces a novel approach by treating images as sequences of 

2D patches. Given an image 𝐼 ∈ R𝑤×ℎ×3, with width 𝑤 and height ℎ, 

it is divided into 𝑛 = 𝑤ℎ
𝑝2

 patches, where 𝑝 × 𝑝 is the patch size. Each 

patch is flattened into a vector of size 3𝑝2 for 3-channel RGB images, 

forming a sequence of embeddings 𝐼𝑝 ∈ R𝑛×(3𝑝2). A learnable linear 

projection 𝐸 ∈ R(3𝑝2)×𝑑  is then applied to produce patch embeddings 

𝐼𝑒 ∈ R𝑛×𝑑 , augmented with positional encoders 𝐸𝑝𝑜𝑠 to retain spatial 

information. The resulting embeddings are processed by a series of trans­

former blocks, and a classification head is attached to a learnable class 

token (CLS). Fig. 1 illustrates some of the main steps in a ViT model.

ViTs have demonstrated SOTA performance across various CV 

tasks [17,18]. However, while their success in general CV tasks is 

well-documented, their application to texture analysis remains under­

explored. For instance, Zhang et al. [25] applied ViTs to steel texture 

recognition, achieving superior accuracy compared to CNNs and tradi­

tional machine learning approaches. Soleymani et al. [26] demonstrated 

the efficacy of ViTs in building material classification, particularly in un­

balanced datasets. A wide evaluation of pre-trained ViT architectures 

is presented by Scabini et al. [19]. These studies show the poten­

tial of ViTs in texture analysis, but they focus on applying existing 

pre-trained architectures without exploring architectural modifications 

tailored specifically to texture recognition.

In the realm of CNNs, it is well-established that customizing archi­

tectures and aggregating features from intermediate layers can substan­

tially enhance texture recognition [3–11]. The same principle could 

be extended to ViTs, as highlighted by recent works investigating hi­

erarchical transformers [27,28]. On the other hand, some works have 

explored feature aggregation in ViTs for remote sensing [29], and im­

age super-resolution [30]. Other works have explored transformer-based 

and hybrid architectures for texture-related recognition tasks. In partic­

ular, hierarchical transformer models such as Swin Transformer have 

demonstrated the potential of combining local and global modeling 

through shifted-window attention mechanisms [28]. More specialized 

works have also explored transformer-based designs for texture recog­

nition, such as the dual-branch transformer network proposed in [9], 

which combines complementary feature extraction pathways for texture 

classification. In addition, hybrid CNN-transformer architectures have 

been investigated in several application-oriented scenarios, including in­

dustrial textured-surface anomaly analysis [31], passport background 

texture classification [32], and steel surface defect recognition [33]. 

However, none of these works focus on enhancing the textural features of 

pre-trained ViTs and the performance impacts on known texture recogni­

tion benchmarks. Therefore, leveraging the strengths of ViTs could pave 

the way for building better texture recognition methods, potentially 

breaking the hegemony of CNNs in this field. 

3 . Proposed method: VORTEX

Considering the literature gaps in texture recognition and ViTs, we 

propose a new method named VORTEX. In this section, we describe the 

proposed method in depth, showing how to couple it with different ViT 

backbones, extracting improved image descriptors from them which are 

coupled with linear classifiers for texture recognition.

Fig. 1 presents the pipeline of the proposed VORTEX framework. 

The input image is first divided into patches according to the Vision 

Transformer backbone and mapped into token embeddings. Tokens from 

multiple depths are extracted to capture complementary information 

across different abstraction levels. These embeddings are then processed 

by an ensemble of Randomized Autoencoders (RAEs), whose decoder 

weights are used as features for classification.

3.1 . Multi-depth token aggregation

The first step of most feature-engineering/learning methods for 

texture analysis with deep CNN backbones consists of extracting fea­

tures, or activations, at multiple stages of the backbone. Since earlier 
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layers usually focus on less complex visual cues such as local tex­

ture patterns, this approach is beneficial because it allows extracting 

more low-level features. In a ViT, the feature structure is particularly 

different from CNNs since intermediate activations represent token em­

beddings. Nevertheless, these embeddings encode visual patterns at 

varying hierarchical levels, corresponding to different regions of the im­

age (patches/tokens). To extract these embeddings, consider the matrix 

𝐼𝑒 ∈ R𝑛×𝑑  as the input embeddings of a ViT, obtained from an input 

image 𝐼 . Here, 𝑛 denotes the number of tokens and 𝑑 the embedding 

dimension. These embeddings may include positional embeddings, con­

volutional embeddings, or other design choices. By feeding 𝐼𝑒 into a 

transformer encoder 𝐵 as in the original ViT model [17], at any trans­

former block 𝑇𝑖 we can obtain a 2-dimensional tensor (ignoring the batch 

dimension, for simplicity) 𝑋𝑖 ∈ R𝑛×𝑑  representing the spatial tokens, 

where 𝑛 is the number of tokens and 𝑑 the hidden dimension of the 

architecture. The CLS token is discarded in this case.

To illustrate the function of spatial tokens at different ViT layers, 

we extract attention scores at these layers for different texture samples. 

For this analysis, we consider the ViT-B/16 [17] (IN-21k pre-training) 

and DeiT3-B/16 [34] (IN-1k) models, and the scores are calculated by 

obtaining the softmax output after the multi-head self-attention oper­

ation, averaging the attention heads, and averaging the scores among 

the spatial tokens. Fig. 2 shows the obtained scores for layers 1, 3, 6, 

9, and 12 of models using four different texture images. It is possible 

to observe that the models progressively focus on different visual cues. 

For pure-texture images (i.e., no object, background, etc.), such as the 

fabric and leaf samples, the attention in shallow layers is more sparse 

and global. At the last layers, on the other hand, the model tries to focus 

on specific regions, reflecting the object detection bias due to its natural 

vision pre-training. Similarly, when there are complex objects or scenes 

with backgrounds, such as the metal object and the elephant with the 

wrinkled texture, the attention ranges from more general and wider ar­

eas at shallow layers to more specific and complex patterns at deeper 

layers, such as eyes, tusks, and antlers. This behavior is expected (and 

necessary) for object detection and recognition in general vision tasks. 

Moreover, the deep features are important to ensure robustness under 

complex scenarios, and they may be enough in some texture analysis 

cases, e.g., the eyes of the animals may contain enough cues about the 

surface material or pattern. Nevertheless, the most important regions for 

distinguishing textures are the larger surfaces of the objects, which are 

crucial to distinguish their material (e.g., fabric, leaf, metal) or texture 

attribute (wrinkled). Therefore, features from shallow layers are also 

beneficial for tasks that rely on texture recognition.

To improve the texture recognition capabilities of ViTs, we propose 

to extract the spatial token embeddings at all layers, which encode the 

hierarchical feature processing of the ViT backbone. To aggregate the 

information from the different tokens at different depths, concatenating 

𝑋𝑖∀𝑖 ∈ {1,… , 𝑙} gives a matrix with 𝑙𝑛 rows and 𝑑 columns: 

𝜒 ′ = [𝑋1;… ;𝑋𝑙] ∈ R𝑙𝑛×𝑑 , (3)

where [.; .] denotes a concatenation along the first dimension (lines). 

Additionally, a column-wise 𝑙2 normalization is applied to balance fea­

ture magnitudes and improve numerical stability for downstream tasks, 

resulting in 𝜒 ∈ R𝑙𝑛×𝑑 . This normalization is performed column-wise 

because each column represents one embedding dimension across all 

aggregated tokens and depths, thus standardizing the contribution of 

each feature channel before the orderless encoding stage: 

𝜒𝑖𝑗 =
𝜒 ′
𝑖𝑗

‖𝜒 ′
𝑗‖2

, ‖𝜒 ′
𝑗‖2 =

√

√

√

√

𝑙𝑛
∑

𝑖=1
𝜒 ′
𝑖𝑗
2, ∀𝑗 ∈ {1, 2,… , 𝑑}. (4)

We refer to 𝜒  as the aggregated deep token embeddings, which are 

treated as a transformer-based representation of the input image 𝐼 , con­

taining multi-depth hierarchical features from the pre-trained ViT. These 

steps are illustrated in Fig. 1, which shows the overall structure of the 

proposed method.

Fig. 2. Attention scores computed by averaging the attention heads and self-

similarity scores among spatial tokens at different layers of the ViT-B/16 and 

DeiT3-B/16 models. Warmer colors represent higher attention.

3.2 . Orderless randomized token encodings

Although 𝜒  stores different levels of hierarchical features across 

tokens, it needs further summarization to compose a one-dimensional 

Neurocomputing 693 (2026) 133852 

4 



L. Scabini, K.M. Zielinski, E. Konuk et al.

image representation. Moreover, the aggregation step preserves the flat­

tened token order and may result in features with greater sensitivity 

to spatial structures. While this benefits object recognition, it is subop­

timal for texture analysis. Unlike objects, textures are characterized by 

repeating stochastic or regular patterns rather than fixed spatial arrange­

ments or geometric shapes. Therefore, an orderless operation is required 

to encode token embeddings in a way that captures the overall texture 

features rather than their absolute positions, making the texture repre­

sentation more robust to variations in texture rotation, scale, and local 

deformations.

To achieve that, we propose an approach based on Randomized 

Autoencoders (RAEs) [35], which is a type of Randomized Neural 

Network. Therefore, 𝜒  is considered the training input for RAEs, where 

each training sample is a token, and each column is a feature from the 

𝑑-dimensional ViT embedding space (or hidden size). Therefore, the 

training matrix 𝜒 ∈ R(𝑙𝑛)×𝑑 , with 𝑙𝑛 training samples and 𝑑 features, 

is built by organizing the aggregated tokens and embedding dimensions 

into rows and columns, respectively.

The RAE is a 1-hidden-layer randomized neural network, as illus­

trated in Fig. 1(e). Its first step is to project the input 𝜒  using a 

random fully-connected layer with weights 𝑊𝑘 ∈ R𝑑×𝑞 , followed by 

a sigmoid nonlinearity. The weights are generated using the Linear 

Congruential Generator (LCG) for simplicity and better reproducibility, 

followed by standardization (zero-centered, unit variance) and orthog­

onalization [36]. As for the LCG parameters, we use 𝑎 = 75, 𝑏 = 74, and 

𝑐 = 216 + 1, starting with 𝑥 = 0, a classical and common configuration 

according to the ZX81 computer from 1981. Here 𝑘 works like a seed 

for random sampling, denoting a starting index inside the LCG space 

generated with the given configuration. We chose the ZX81 LCG con­

figuration following prior work [8], which evaluated 10 different LCG 

settings (including widely used parameter sets from common software 

libraries) and showed that varying these constants leads to only minimal 

performance variance, indicating that the random initializer is not a sen­

sitive hyperparameter. We therefore use a single fixed, well-documented 

configuration across all experiments to ensure consistency, fair compar­

isons, and reproducibility. The forward pass of the encoder 𝑔𝑘 ∈ R𝑙𝑛×𝑞

for all samples is then obtained as: 

𝑔𝑘 = 𝜙(𝜒𝑊𝑘) , (5)

and the training of the decoder weights 𝑓𝑘 ∈ R𝑞×𝑑  is obtained as the 

least-squares solution: 

𝑓𝑘 = (𝑔𝑇𝑘 𝑔𝑘)
−1𝑔𝑇𝑘 𝜒 . (6)

In this sense, given one input image, we train an RAE over the ag­

gregated deep token embeddings 𝜒  obtained after the forward pass of 

the backbone. The main idea of employing an individual randomized 

neural network for each image is to use the output weights as a repre­

sentation. This is possible since the RAE will always have the same fixed 

random encoder, defined by the LCG, while the decoder is learned for 

each image. To maintain feature dimensionality, we consider a single 

hidden neuron 𝑞 = 1. In this sense, the resulting decoder weights are 

represented by: 

𝑓𝑘 = (𝜈1,… , 𝜈𝑑 ) , (7)

where 𝜈𝑖 represents the connection weight between the single hidden 

neuron and the output 𝑖, corresponding to feature 𝑖 ∈ {1,… , 𝑑}. It 

is important to notice that since these operations are invariant to the 

input sample order (row order), this process becomes an orderless en­

coding of all 𝑙𝑛 tokens, from all transformer blocks, into the learned 𝑓𝑘
representation. The overall structure of the RAE is illustrated in Fig. 1(e).

A single RAE may have limited encoding capacity. Therefore, we use 

a model “soup” built by combining the weights of 𝑚 parallel RAEs. To 

achieve that, we use different LCG seeds, thus generating encoders with 

different random weights. The combination (“soup”) is then performed 

by summing the learned decoder weights as in previous work [8]: 

𝜑𝑚 =

( 𝑚
∑

𝑘=1
𝑓𝑘(𝜈1),… ,

𝑚
∑

𝑘=1
𝑓𝑘(𝜈𝑑 )

)

. (8)

The feature vector 𝜑𝑚 represents the final 1-dimensional image rep­

resentation of the input texture, given the number of encoders in the 

soup as the parameter 𝑚. It combines the capacity of different RAEs, 

encoding token embeddings from all layers, ranging from the shallow 

features to the more complex deep ones, while being invariant to the 

token/patch order. We name this approach ViTs with Orderless and

Randomized Token Encodings to extract teXture (VORTEX) features. 

The VORTEX features can then be used as input to an output head or 

other models to perform different pattern recognition tasks. Here, we 

focus on image classification, so we consider linear classifiers as the last 

layer of the model. Moreover, since our focus is on feature extraction, 

the backbone is frozen and no backpropagation is performed. Therefore, 

VORTEX performs off-the-shelf feature extraction with the ViT back­

bone, and a separate linear classifier is trained with the obtained

features.

4 . Experiments and discussion

This section provides all technical details and presents the experi­

mental results to validate the proposed VORTEX approach, along with 

its comparisons to SOTA techniques.

4.1 . Experimental setup

This work considers nine texture datasets to cover a variety of tex­

ture recognition tasks, including material classification, texture instance 

identification, and evaluating robustness to various texture transforma­

tions. The datasets include samples ranging from pure texture images 

captured in controlled environments, where the textures cover the whole 

image (usually depicting material surfaces or regular textures), to more 

complex images sourced from the internet (a.k.a. in-the-wild textures), 

which exhibit significant variability, including multiple objects, back­

grounds, and overlaps. Some samples from these datasets are shown in 

Fig. 3.

The evaluation protocols, including the training and test splits, differ 

across the datasets we use. They range in size from small scale, with 

around a thousand images, to large scale up to 100 thousand. Some 

adopt a single training/test split, while others provide pre-defined cross-

validation splits. These details are shown in Table 1 for each dataset. The 

experiments were performed on a machine with a NVIDIA RTX 2080 Ti 

GPU, an AMD Threadripper 1950X 3.40 GHz processor (32 threads), and 

128 GB of RAM.

In our tests, we evaluate a range of ViT backbones to analyze their 

performance on texture recognition tasks with the VORTEX approach. 

For simplicity, each backbone is listed and described in Table 2, which 

details their pre-training, computational costs, and the number of fea­

tures (hidden dimension 𝑑). For better presentation, we omit repetitive 

citations to the ImageNet (IN) dataset [42]. Instead, we refer to its two 

variants, featuring 1000 and 21,000 classes, as IN-1k and IN-21k, re­

spectively. For some backbones, we use both their IN-1k and IN-21k 

versions.

We train classifiers, without tuning any hyperparameters, to assess 

the image representations extracted by ViT backbones and the VORTEX 

approach. These classifiers, which have been widely studied for decades, 

require significantly less training data compared to deep learning mod­

els. They are selected since some of the employed texture benchmarks 

have small training sets. Moreover, we consider this approach since 

our focus in this work is on the extracted features and their quality 

for texture analysis, rather than large-scale training and performance 

maximization. The following supervised classifiers are used:
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Fig. 3. Some mixed samples from the training and test sets of each public texture recognition benchmark used in this work.

Table 1 

Summary of the nine texture recognition datasets used in this work.

dataset classes train test evaluation description

Outex10 [37] 24 480 3840 single split rotated grayscale textures

Outex12 [37] 24 480 4320 single split grayscale textures with varying illumination

Outex13 [37] 68 680 680 single split color textures

Outex14 [37] 68 680 1360 single split color textures with varying illumination

DTD [23] 47 3760 1880 10-fold texture attributes in-the-wild

FMD [38] 10 900 100 random 10-fold material textures in-the-wild

KTH-2-b [39] 11 3564 1188 4-fold materials with varying scale, pose, and illumination

GTOS [40] 40 27,284 6821 5-fold outdoor ground materials

GTOS-Mobile [41] 31 93,945 6066 single split outdoor ground materials (mobile phone camera)

Table 2 

Details of each ViT backbone explored in this work with the proposed VORTEX 

method. 𝑑 refers to the hidden dimension.

Backbone Pre-training Feature extraction cost Features

GFLOPs param. (M) 𝑑

ViT-S/16 [43] IN-1k 4.2 21.7 384

DeiT3-S/16 [34] IN-1k or IN-21k 4.2 21.7 384

ViT-B/16 [17] IN-21k 16.9 85.8 768

DeiT3-B/16 [34] IN-1k or IN-21k 16.9 85.8 768

BEiTv2-B/16 [44] IN-1k or IN-21k 12.7 85.8 768

ViTamin-B [45] DataComp-1B [46] 21.8 87.1 768

DeiT3-L/16 [34] IN-1k or IN-21k 59.7 303.3 1024

BEiTv2-L/16 [44] IN-1k or IN-21k 44.8 303.4 1024

ViTamin-L [45] DataComp-1B [46] 72.5 332.5 1024

ViTamin-XL [45] DataComp-1B [46] 95.8 434.7 1152

ViT-H/14 [47] LAION-2B [48] (OpenCLIP) 161.9 630.8 1280

• KNN: 𝑘-Nearest Neighbors (k-NN), with 𝑘 = 1, is a simple yet ef­

fective method based on the Euclidean distance between samples, 

directly measuring the quality of the computed features.

• LDA: Linear Discriminant Analysis [49] is a linear decision 

classifier that models class-conditional densities from the data 

and applies Bayes’ rule to determine decision boundaries. We 

adopt the least-squares solver with automatic shrinkage using the 

Ledoit–Wolf lemma;

• SVM: Support Vector Machine (SVM) algorithm [50] is a widely 

used method that leverages hyperplanes in a multidimensional 

feature space to achieve optimal separation between classes. Our 

experiments are performed with a linear kernel and 𝐶 = 1. 

In addition, we use the one-vs-rest decision function for multi-

class classification, a tolerance of 10−3, shrinking enabled, and a 

maximum of 100,000 iterations. All other parameters are kept at 

their default settings from the sklearn library.

4.2 . VORTEX ablations

Firstly, we evaluate several aspects of the proposed VORTEX method. 

The results are presented and discussed in the following.

4.2.1 . Encoder soup size

The only parameter of VORTEX is the number of RAEs in the token 

encoding soup, 𝑚. We evaluate the use of a single RAE, as well as increas­

ing it up to 31, and the results are shown in Fig. 4. For this experiment, 

we consider three different classifiers, KNN, LDA, and SVM. VORTEX 

is used with each one separately, and we report their average accuracy 

on each dataset (Outex13 and FMD). These datasets are selected to an­

alyze two scenarios: pure textures (Outex13) and texture images from 

the internet, a.k.a. textures in the wild (FMD), measuring the impacts of 

𝑚 in each case. The backbone is the vanilla ViT-B/16 [17] with IN-21k 

pre-training, which has a hidden dimension of 𝑑 = 768. With this back­

bone we compare three approaches (each one yields 768 features): the 

CLS token of the model as the final image representation; the GAP of the 

spatial tokens; and the proposed VORTEX representation.

The results show that VORTEX improves significantly with 𝑚 > 1. 

We select 𝑚 = 16 for the next experiments, which we observed as a 

stable point in terms of performance on different texture recognition 

tasks. Compared to the other feature extraction approaches, VORTEX 

performs better for any choice of 𝑚 on the Outex13 dataset and requires 

𝑚 > 2 for FMD. The gains of using VORTEX can be expressive compared 

to the CLS token and GAP, and our method consistently shows the best 

performance on both datasets. On the other hand, it is possible to notice 

that GAP was better than the CLS token on Outex13, while the opposite 

is observed on FMD, showing that the performance of these techniques 

may vary significantly.

4.2.2 . Classifier

We tested the proposed method using three classifiers: A simpler one 

(KNN), to highlight the quality of the features alone; and two more 
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Fig. 4. Impacts of increasing the parameter 𝑚 (encoder soup size) of VORTEX compared to other feature extraction approaches (CLS token and GAP) when using the 

ViT-B/16 backbone (IN-21k). The results for each texture dataset (a, b) represent the average classification accuracy among KNN, LDA, and SVM.

Table 3 

Texture classification accuracy of different classifiers (KNN, LDA, and SVM) 

using features from the ViT-B/16 (IN-21k) backbone coupled with the pro­

posed VORTEX method. We use 𝑚 = 16, as previously defined.

Outex10 Outex12 Outex13 Outex14 FMD Average

KNN 96.9 95.7 90.1 75.3 71.2±0.4 85.9±10.6

LDA 94.0 92.9 95.0 77.6 84.7±0.3 88.9±6.7

SVM 95.1 94.0 94.1 77.9 84.2±0.6 89.0±6.9

sophisticated approaches (LDA and SVM) for more challenging sce­

narios. The results (classification accuracy) are shown in Table 3 for 

five datasets. We notice that SVM shows the highest average perfor­

mance, followed closely by LDA, corroborating the stable performance 

of VORTEX features. Although KNN performs better for Outex10 and 12, 

simpler classification tasks, it falls behind on the more complex textures 

(Outex13, 14 and FMD), which is to be expected. Therefore, we suggest 

SVM as the default classifier for VORTEX, since it is more likely to yield 

better performance on challenging tasks. We also use SVM for all the 

following experiments with VORTEX in this paper.

4.2.3 . Different backbones and sizes

To check the flexibility of VORTEX with different ViTs, we ex­

periment with backbone variants from small to huge, and different 

pre-trainings (IN-1k, IN-21k, and LAION-2B). The results are shown in 

Fig. 5, where the x-axis represents the backbone size in GFLOPs (after 

removing its original output head), and the y-axis is the SVM accuracy af­

ter training with VORTEX features from each backbone. We observe that 

VORTEX scales well with larger backbones and stronger pre-training, 

although the behavior may vary in different texture recognition scenar­

ios. The larger backbones and pre-trainings stagnate on pure textures 

(Outex13, Fig. 5(a)), where the images are more controlled. On the other 

hand, they are crucial for better performance in more complex scenar­

ios, such as in-the-wild textures (FMD, (Fig. 5(b)). Moreover, ViT models 

proposed after the original work, such as DeiT3, also shine on in-the-wild 

textures, such as its small and base versions. However, the highest re­

sults are achieved with the ViT large and huge variants with LAION-2B, 

where the gains of larger-scale pre-training truly shine. Nevertheless, 

these results show that VORTEX works well for various backbones and 

reflects their expected behavior (considering their size and pre-training) 

on different tasks.

4.3 . Comparison to other methods

Here, we compare VORTEX to different feature extraction meth­

ods, backbones, texture analysis tasks, and SOTA texture recognition 

architectures.

4.3.1 . Off-the-shelf feature extraction

The most common approach to performing off-the-shelf feature ex­

traction with pre-trained ViTs is to extract the CLS token or the last 

vector used as input to the output linear head. Some works also employ 

the GAP of the spatial tokens to compose a single vector as the image 

representation. We compare VORTEX to these two approaches in a va­

riety of texture recognition scenarios and using various ViT backbones. 

In these experiments, we also evaluated VORTEX when applied only to 

the last layer (with RAE), in order to analyze the contribution of the 

multi-depth strategy versus using only the last layer with RAE.

Fig. 5. Performance of the SVM classifier using VORTEX features with different ViT backbones by varying size and pre-training on two datasets (a-b).
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Fig. 6. Texture recognition skills, in terms of SVM classification accuracy, of different feature extraction methods (VORTEX, VORTEX-last, CLS token, and GAP) using 

various vanilla ViT backbones.

Fig. 6 shows the obtained results (SVM classification accuracy) us­

ing the vanilla ViT architecture [17] with either the original IN-21k 

pre-training or using LAION-2B. The results are shown as pentagons, 

where each vertex represents the performance of the method in a dif­

ferent texture recognition task. Therefore, we measure the ability of the 

methods to deal with texture rotation (Outex10), illumination changes 

(Outex12), color textures (Outex13), color textures with illumination 

changes (Outex14), and material textures in-the-wild (FMD).

The results with the vanilla ViT architecture shown in Fig. 6 high­

light the expressive gains obtained when using VORTEX while utilizing 

the same number of features as the other methods. In most cases, the 

proposed method significantly improves the performance of the ViT 

backbones of different sizes and pre-trainings. In some cases, VORTEX 

maintains at least a similar performance compared to the best method 

between the CLS token or GAP. These methods, on the other hand, ex­

hibit an unstable performance where sometimes the CLS token is better, 

usually for ViT-B/16, and GAP surpasses it in most other cases. The gains 

when using VORTEX are especially higher for the ViT-B/16 architecture, 

closing the performance gap of this smaller variant compared to its larger 

counterparts.

We also perform this analysis using DeiT3 backbones, and the re­

sults are shown in Fig. 7. While, in this case, the same oscillating 

performance is observed for the CLS token and GAP, VORTEX shows 

even higher gains compared to the vanilla ViT backbones. VORTEX ex­

hibits a stable and superior performance in general, posing as a better 

overall choice for feature extraction. These results corroborate the ben­

efits of the VORTEX features and their good synergy with different and 

improved ViT backbones.
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Fig. 7. Texture recognition skills, in terms of SVM classification accuracy, of different feature extraction methods (VORTEX, VORTEX-last, CLS token, and GAP) using 

various DeiT3 backbones.

Across ViT backbones (ViT-B/16, ViT-L/16, ViT-H/14) and both 

pre-training sets (IN-21k and LAION-2B), VORTEX using multi-depth ag­

gregation consistently achieves the best results, while VORTEX-last (RAE 

applied only to the last layer) performs similarly to GAP, indicating that 

the main gains in this family come from the multi-depth aggregation 

rather than from last layer RAE alone. For DeiT3 backbones, VORTEX 

generally remains superior, but VORTEX-last often improves over GAP 

(especially under IN-1K), showing that RAE by itself can yield gains even 

without multi-layer aggregation; however, its effectiveness is more sen­

sitive to the pre-training regime (e.g., VORTEX-last may win in some 

IN-1K cases but loses to full VORTEX across all IN-22K settings). Taken 

together, these results isolate the roles of both components: RAE can 

provide improvements on its own in certain architectures, while multi-

depth aggregation provides consistent gains and, crucially, increases 

robustness across backbone families and pre-training datasets, motivat­

ing our choice to apply VORTEX using multi-layer aggregation in the 

main configuration. 

We also evaluated the robustness of the methods on the DTD and 

Outex13 datasets under three controlled perturbation settings. In all 

experiments, the training protocol remained unchanged, and all pertur­

bations were applied exclusively at evaluation time to the test images. 

For the techniques VORTEX, VORTEX (last), GAP, and CLS, features 

were extracted using a DeiT3-B/16 (1N–1K) backbone. In contrast, 

RADAM was implemented using a ConvNeXt-B (1N–1K) backbone. For 

Gaussian noise, each test image was corrupted with additive zero-mean 

noise with a standard deviation 𝜎 = 0.02, corresponding to 2% of the 

normalized intensity range. For salt-and-pepper noise, a fraction of 0.01
of the image pixels was randomly corrupted, with equal probability of 
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Table 4 

Robustness evaluation under different perturbations applied to the DTD and Outex13 datasets.

Setting Dataset VORTEX VORTEX-last GAP CLS RADAM

Geometric Perturbations DTD 73.8 ± 1.4 70.9 ± 1.0 69.0 ± 1.2 68.3 ± 1.2 73.7 ± 1.0
Outex13 85.4 81.8 74.1 78.4 83.8

Gaussian Noise DTD 76.2 ± 0.6 73.3 ± 0.6 71.5 ± 0.6 70.5 ± 1.0 76.1 ± 0.8
Outex13 88.5 84.6 80.9 82.6 76.3

Salt & Pepper Noise DTD 75.6 ± 0.6 72.8 ± 0.7 71.1 ± 0.8 70.0 ± 0.9 75.3 ± 1.0
Outex13 86.8 80.3 62.8 72.8 68.1

being replaced by minimum (black) or maximum (white) intensity val­

ues. For geometric perturbations, each test image was independently 

subjected to a single geometric transformation randomly selected from 

four types: rotation, translation, scaling, or shear. Only one transforma­

tion was applied per image, ensuring that the evaluation reflects isolated 

geometric distortions rather than compounded effects. 

Table 4 shows that VORTEX provides good robustness across the 

evaluated perturbation scenarios on both DTD and Outex13. In general, 

it achieves the best results not only against RADAM, which relies on 

a CNN backbone, but also against the alternative ViT feature extraction 

strategies (GAP and CLS). Moreover, VORTEX-last, although consistently 

below the full VORTEX configuration, still outperforms GAP and CLS in 

all evaluated settings, indicating that the proposed randomized order­

less encoding is already beneficial even when only the last-layer tokens 

are used. Another important aspect is that the performance degradation 

is generally more pronounced on Outex13 than on DTD. This behavior 

is interesting because Outex13 is a controlled benchmark composed of 

pure color textures, whereas DTD contains texture attributes captured 

in-the-wild, with higher variability and more complex visual content. A 

possible explanation is that, in Outex13, the discriminative information 

is concentrated more directly in fine local texture and color patterns 

over the whole image, so controlled perturbations tend to affect the 

core cues used for recognition more strongly. In contrast, DTD images 

exhibit broader visual variability and more heterogeneous appearance, 

which may make the representations less sensitive to these controlled 

corruptions. These results suggest that combining multi-depth token ag­

gregation with orderless randomized encoding yields the most effective 

design, providing greater robustness than both the CNN-based approach 

and simpler transformer pooling strategies. 

Finally, we analyze the behavior of the methods under different 

amounts of training data on the DTD dataset. Fig. 8 presents a learning-

curve experiment in which SVM classification accuracy is evaluated as 

a function of the number of training samples per class. This analysis al­

lows us to assess how each representation behaves under progressively 

larger training sets, from limited-data conditions to the full protocol. As 

expected, all methods improve as more training samples are provided, 

with the largest gains occurring in the low-data regime and a more grad­

ual improvement thereafter. Among the compared approaches, VORTEX 

consistently achieves the best performance across all training set sizes, 

outperforming the simpler transformer baselines based on the CLS token 

and GAP pooling, and also surpassing RADAM. Notably, the advantage 

over RADAM is more evident when fewer training samples are available, 

suggesting that the proposed representation is more efficient and able 

to extract more discriminative texture information under limited super­

vision, while still maintaining superior performance as the amount of 

training data increases.

4.3.2 . Texture recognition methods

In the following, we compare VORTEX to SOTA methods specifically 

designed for texture recognition, as well as some more general foun­

dation CV models. Firstly, we consider methods using neural network 

backbones with IN-1k pre-training only, since they are more common 

in the literature. The results are shown in Table 5 and represent the ob­

tained classification accuracy and standard deviation (when pertinent) 

Fig. 8. SVM classification accuracy on DTD as a function of the number of train­

ing samples per class, comparing RADAM with ConvNeXt-B (IN-1K), VORTEX 

with DeiT3-B/16 (IN-1K), and the transformer baselines based on the CLS token 

and GAP pooling.

on five texture recognition tasks (DTD, FMD, KTH, GTOS, and GTOS-

M). It is important to stress that most of the recent texture recognition 

methods in this category are designed using CNN backbones, especially 

ResNet50. This highlights a literature gap, where there are only a hand­

ful of texture analysis methods designed for and proven to work on 

more modern and larger backbones. Therefore, we also include the 

RADAM method, which explores backbones such as larger ResNets and 

ConvNeXts. The comparisons are divided according to backbone size. 

In the first group, which includes ResNet50 backbones and ViT-S, we 

observe that, in general, VORTEX is not able to surpass the CNN-based 

methods. However, the proposed method with DeiT3-S/16 achieves a 

new SOTA performance on GTOS-M (88.2%), which is the largest dataset 

explored in this paper. This behavior highlights some known strengths 

and limitations of ViTs themselves, such as the reliance on larger ar­

chitectures and/or larger training sets. Therefore, using VORTEX with 

small ViTs and IN-1k-only pre-training is not the best approach for small 

datasets.

When larger backbones are used, such as base and large ViT variants, 

VORTEX surpasses all the compared methods on all texture recogni­

tion tasks. These results highlight both the strengths of larger ViTs 

and the potential of VORTEX to deliver expressive gains compared to 

CNN-based texture recognition methods with comparable backbones. 

The proposed method with the base and large ViTs delivers uniformly 

strong results across diverse benchmarks, demonstrating robustness to 

dataset shifts and variations in domain characteristics. VORTEX with 

BEiTv2 backbones works particularly well in this scenario. For instance, 

there is a significant performance increase from RADAM with ConvNeXt-

L (77.4±1.1) to VORTEX with BEiTv2-L (82.5±0.8) on the DTD dataset, 

the most challenging texture recognition benchmark considered here. 

VORTEX also shows competitive performance when using the DeiT3 

backbones and achieves the highest result on GTOS-M (91.7%) with 

DeiT3/L.
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Table 5 

Classification results of several methods using backbones pre-trained on IN-1k only. All methods use a 

224×224 input size, except for EfficientNet-B5 which uses 512×512 (indicated in parenthesis). The best 

results with methods from the literature are highlighted in bold type, while our results surpassing them 

are highlighted in red.

Table 6 

Classification results of several methods using backbones pre-trained with larger datasets. All backbones use a 

224×224 input size, except for the cases indicated in parenthesis (336 or 384). The best results with methods from 

the literature are highlighted in bold type, while our results surpassing them are highlighted in red [51–55].

The next experiment, shown in Table 6, includes comparisons with 

methods using backbones with pre-trainings stronger than IN-1k, rang­

ing from IN-21k and LAION-2B to large-scale curated datasets like 

DataComp-1B and WIT 400m. In this case, we compare with the best 

CNN-based texture recognition method, RADAM, since it works with 

ConvNeXts with different pre-trainings, and we also include SOTA ViTs 

with published results on the DTD dataset. As previously discussed, 

RADAM is designed to work well in conjunction with larger CNN back­

bones, and this method achieves the best performance in most cases 

among other methods. Nevertheless, VORTEX surpasses RADAM in most 

cases except KTH-2-b with the large/x-large backbones and GTOS with 

the x-large backbones. In general, VORTEX still delivers SOTA perfor­

mance up to XL/huge backbone variants in most cases, showing its 

adaptability to larger architectures. Compared to other ViTs at the gi­

ant/huge variants and LAION pre-training, on DTD, VORTEX shows the 

best performance but falls short compared to RADAM with ConvNeXt-

XXL. However, when using a smaller backbone such as the ViTamin-XL 

(efficiency is discussed in more depth later on), VORTEX surpasses 
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RADAM, achieving the highest classification accuracy reported to date 

(87.6±0.7) on the challenging DTD benchmark. The proposed method 

with ViTamin-L/XL also sets a new SOTA on FMD and GTOS-M.

Although VORTEX outperforms most methods, RADAM shows strong 

competition in specific cases, indicating areas where VORTEX can be 

further optimized. For instance, the CNN architecture appears to be a 

better approach for pure textures with high variability and low noise, 

as demonstrated by the results on KTH-2-b and GTOS. On the other 

hand, VORTEX achieves the best performance on DTD, FMD, and GTOS-

M, datasets with less image acquisition control and a larger variety of 

textures, highlighting the benefits of ViT features in these scenarios.

Finally, when we compare VORTEX against the other texture-

encoding approaches, the results in Table 5 show that our approach is 

competitive with and often surpasses these specialized encoders. In par­

ticular, deep-feature encoding strategies such as Multilayer-FV (multi-

layer aggregation followed by Fisher Vector encoding) and Fractal 

Pooling (multi-scale pooling/encoding to improve invariance) are strong 

competitors in specific settings, yet VORTEX with larger ViTs (e.g., 

BEiTv2-B/L) achieves consistently higher accuracy across the tested 

datasets, indicating that the proposed RAE-based orderless encoding and 

multi-depth token aggregation are effective alternatives to established 

texture-encoding pipelines. Moreover, when contrasted with other CNN-

based encoding approaches (e.g., CLASSNet’s cross-layer statistical self-

similarity aggregation, DFAEN’s attentional/double-order encoding, and 

HRNet’s histogram-based distribution encoding), VORTEX demonstrates 

good scaling behavior with modern transformer backbones, suggesting 

that our module leverages the representational capacity of founda­

tion ViTs while preserving the statistical nature required for texture 

recognition.

4.4 . Efficiency

To better illustrate the efficiency of VORTEX compared to other tech­

niques, we measure the number of floating point operations, in billions 

(GFLOPs), and the number of parameters, in millions, of the backbones 

each method employs. We show these costs in function of classifica­

tion accuracy on DTD, the most challenging dataset with more available 

results for comparison. The results are shown in Fig. 9 divided be­

tween the best methods with IN-1k pre-training only (a), and those with 

other pre-trainings (b). For IN-1k pre-training, DSRNet with ResNet50 

is the best low-cost alternative, while VORTEX with DeiT3-S/16, al­

though having a similar cost, exhibits lower performance. With larger 

backbones, VORTEX with BEiTv2-L/16 achieves a considerably higher 

classification accuracy but has a larger number of parameters (303M vs 

196M) and GFLOPs (44.8 vs 34.3) than RADAM with ConvNeXt-L. The 

Multilayer-FV method surpasses RADAM while having a much lower 

cost (28M parameters and 12.3 GFLOPs), highlighting the benefits of the 

EfficientNet-B5 architecture in this scenario. However, it is important to 

stress that Multilayer-FV requires a 512×512 input size to reach its per­

formance in this case, which is considerably higher than the 224×224 

input size of VORTEX. Therefore, VORTEX using BEiTv2-B/16 is a strong 

choice in terms of efficiency, showing the second highest accuracy with 

relatively moderate parameter size (85M) and GFLOPs (12.7) compared 

to Multilayer-FV. Moreover, VORTEX performance may increase when 

using ViTs with higher input-size resolution.

As previously discussed, VORTEX with ViTamin-XL achieves the 

highest accuracy, setting a new SOTA with large-scale pre-training on 

the DTD dataset. Compared to RADAM with ConvNeXt-XXL, the best 

competitor from the literature, VORTEX has significantly fewer parame­

ters (434M vs 843M) and GFLOPs (95.8 vs 151.6), as shown in Fig. 9(b). 

It also surpasses the SOTA when using ViTamin-L, which has even fewer 

parameters (332M) and GFLOPs (72.5), making it a more computation­

ally efficient option. VORTEX with BEiTv2-L/16 is a good intermediate 

choice, surpassing MLCD with ViT-L/14 and RADAM with ConvNeXt-

L. VORTEX with ViTamin-B is a competitive alternative at a smaller 

cost. Although it has higher GFLOPs than MLCD using ViT-B/32 (21.8 

vs 4.4), it achieves a 0.1% higher accuracy and has a similar number of 

parameters.

Another key advantage of VORTEX, in terms of cost, is that it oper­

ates purely as a feature extractor coupled with a simple linear classifier 

(SVM), bypassing the need for fine-tuning the large ViT backbones while 

still achieving SOTA performance across diverse datasets. This approach, 

which is also employed by RADAM, significantly reduces computational 

costs and simplifies the training pipeline [8]. Focusing on pre-trained 

backbones to extract high-quality features, rather than optimizing train­

ing/fine-tuning, enables us to outperform many competitors, especially 

in scenarios with limited labeled data or constrained computational re­

sources. This efficiency is further evidenced by a practical test: on a 

machine equipped with an Intel Core i9-14900KF CPU, 64GB of RAM, 

and an NVIDIA GeForce RTX 4090 GPU with 24GB of VRAM, VORTEX

with ViT-B/16 achieves an average single-image feature extraction time 

of 4.53ms for a 224×224 sample (after 10 warm-up iterations and 100 

timed runs). However, while RADAM with ConvNeXt-XXL performs well 

Fig. 9. Efficiency analysis on the DTD dataset, including the proposed VORTEX method and the best methods from the literature on this dataset. Cost is measured in 

GFLOPs and the number of parameters, and performance is the classification accuracy.
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in some scenarios, as shown before (Table 6), its higher computational 

budget highlights the superiority of VORTEX in balancing performance 

and cost. Moreover, the performance and efficiency of VORTEX across 

different backbone sizes and pre-trainings make it a versatile solution 

for diverse computational environments.

5 . Conclusion

In this work, we introduce VORTEX, a novel texture recognition 

method leveraging pre-trained ViTs as feature extractors without re­

quiring fine-tuning. By aggregating multi-depth token embeddings and 

employing orderless randomized encodings over frozen ViTs, VORTEX 

captures hierarchical features that enhance texture representations fed 

to a linear SVM for training and inference. Extensive experiments across 

nine diverse datasets demonstrate its SOTA performance. VORTEX also 

proves highly adaptable, delivering robust results with various ViT back­

bones and pre-training strategies while maintaining computational effi­

ciency. It consistently outperforms or matches competitive approaches, 

such as texture-specific ones like RADAM and other CNN-based methods, 

and general vision ViTs like DINOv2 and CLIP models.

Our work points to a significant shift in texture recognition, as 

VORTEX enables the use of modern foundation models based on trans­

formers, which are continually emerging in CV. Therefore, VORTEX 

shows the potential to bridge the gap between CNN-based texture anal­

ysis and ViTs. A more comprehensive investigation under reduced-data 

regimes may also be considered in future work, particularly to better 

understand how the proposed representation behaves as the number of 

labeled training samples decreases across datasets with different levels of 

variability and complexity. Future work may focus on several directions 

to enhance VORTEX, including exploring its application to specific prob­

lems, such as medical imaging and remote sensing, where textures are 

crucial. Additionally, incorporating domain-specific pre-training strate­

gies could improve its performance in specialized settings. Addressing 

backbones that deal with varying input sizes could also benefit the 

method by allowing it to process higher-resolution textures, particu­

larly in scenarios involving datasets with native high-resolution images, 

enabling a better understanding of the trade-offs between recogni­

tion performance, computational cost, and backbone-related constraints. 

This may also be achieved by investigating the integration of VORTEX 

with hybrid architectures, combining the strengths of ViTs and CNNs. 

Finally, as new foundation ViTs emerge, extending VORTEX to work 

seamlessly with these architectures will ensure its continued relevance 

and effectiveness.

CRediT authorship contribution statement

Leonardo Scabini: Writing – review & editing, Writing – original 

draft, Visualization, Validation, Software, Methodology, Investigation, 

Formal analysis, Conceptualization. Kallil M. Zielinski: Writing – re­

view & editing, Writing – original draft, Validation, Methodology, 

Investigation, Conceptualization. Emir Konuk: Writing – review & edit­

ing, Writing – original draft, Validation, Methodology, Investigation.

Ricardo T. Fares: Writing – review & editing, Writing – original draft, 

Visualization, Validation, Methodology, Investigation. Lucas C. Ribas:

Writing – review & editing, Writing – original draft, Visualization, 

Validation, Supervision, Methodology, Investigation, Funding acqui­

sition, Conceptualization. Kevin Smith: Writing – review & editing, 

Writing – original draft, Validation, Supervision, Methodology, Funding 

acquisition. Odemir M. Bruno: Writing – review & editing, Writing – 

original draft, Validation, Supervision, Project administration, Funding 

acquisition, Conceptualization.

Declaration of competing interest

The authors declare that they have no known competing financial 

interests or personal relationships that could have appeared to influence 

the work reported in this paper.

Acknowledgements

L. Scabini acknowledges funding from the São Paulo Research 

Foundation (FAPESP) (grants #2023/10442-2 and #2024/00530-4). K. 

M. Zielinski acknowledges support from FAPESP (grant #2022/03668-

1) and the Higher Education Personnel Improvement Coordination 

(CAPES) (grant #88887.631085/2021-00). R. T. Fares acknowledges 

support from FAPESP (grant #2024/01744-8). L. C. Ribas acknowl­

edges support from FAPESP (grants #2023/04583-2, #2025/14029-8 

and #2025/27044-5). O. M. Bruno acknowledges support from the 

Brazilian National Council for Scientific and Technological Development 

(CNPq) (grant #305610/2022-8) and FAPESP (grants #2018/22214-6 

and #2021/08325-2).

Data availability

The method implementation and experimental scripts are publicly 

available in our online repository.2 The repository includes the code re­

quired to reproduce the experiments, along with configuration files and 

instructions for obtaining and using the backbone pre-trained weights 

adopted in this work.

References

[1] M.K. Ghalati, A. Nunes, H. Ferreira, P. Serranho, R. Bernardes, Texture analysis 

and its applications in biomedical imaging: a survey, IEEE Rev. Biomed. Eng. 15 

(2021) 222–246.

[2] L. Liu, J. Chen, P. Fieguth, G. Zhao, R. Chellappa, M. Pietikäinen, From BoW 

to CNN: two decades of texture representation for texture classification, Int. J. 

Comput. Vis. 127 (1) (2019) 74–109.

[3] W. Zhai, Y. Cao, Z.-J. Zha, H. Xie, F. Wu, Deep structure-revealed network for tex­

ture recognition, in: 2020 IEEE/CVF Conference on Computer Vision and Pattern 

Recognition (CVPR), 2020, pp. 11007–11016.

[4] R.H.M. Condori, O.M. Bruno, Analysis of activation maps through global pooling 

measurements for texture classification, Inf. Sci. 555 (2021) 260–279.

[5] Z. Chen, F. Li, Y. Quan, Y. Xu, H. Ji, Deep texture recognition via exploiting cross-

layer statistical self-similarity‡, in: 2021 IEEE/CVF Conference on Computer Vision 

and Pattern Recognition (CVPR), 2021, pp. 5227–5236.

[6] Z. Yang, S. Lai, X. Hong, Y. Shi, Y. Cheng, C. Qing, DFAEN: double-order knowledge 

fusion and attentional encoding network for texture recognition, Expert Syst. Appl. 

209 (2022) 118223.

[7] L.O. Lyra, A.E. Fabris, J.B. Florindo, A multilevel pooling scheme in convolutional 

neural networks for texture image recognition, Appl. Soft Comput. 152 (2024) 

111282.

[8] L. Scabini, K.M. Zielinski, L.C. Ribas, W.N. Gonalves, B. De Baets, O.M. Bruno, 

RADAM: texture recognition through randomized aggregated encoding of deep 

activation maps, Pattern Recognit. (2023) 109802.

[9] Y. Liu, H. Dong, G. Wang, C. Chen, Dual-branch network based on transformer for 

texture recognition, Digit. Signal Process. (2024) 104612.

[10] L. Qiu, W. Qin, H. Yang, Y. Chen, HRNet: local-spatial feature fusion network 

for texture recognition, in: 2024 Asia-Pacific Conference on Image Processing, 

Electronics and Computers (IPEC), IEEE, 2024, pp. 535–540.

[11] J.B. Florindo, Fractal pooling: a new strategy for texture recognition using convo­

lutional neural networks, Expert Syst. Appl. 243 (2024) 122978.

[12] Y. LeCun, L. Bottou, Y. Bengio, P. Haffner, Gradient-based learning applied to 

document recognition, Proc. IEEE 86 (11) (1998) 2278–2324.

[13] A. Krizhevsky, I. Sutskever, G.E. Hinton, Imagenet classification with deep convo­

lutional neural networks, Commun. ACM 60 (6) (2017) 84–90.

[14] L.F. Scabini, L.C. Ribas, O.M. Bruno, Spatio-spectral networks for color-texture 

analysis, Inf. Sci. 515 (2020) 64–79.

[15] A. Liu, X. Lin, R. Zhi, Y. Liang, X. Zhu, Z. Cai, J. Wan, S. Escalera, Z. Lei, DGPDL: 

domain-guided prompt distribution learning for generalizable face anti-spoofing, 

IEEE Trans. Pattern Anal. Mach. Intell. (2026 1–17).

[16] A. Liu, S. Xue, J. Gan, J. Wan, Y. Liang, J. Deng, S. Escalera, Z. Lei, CFPL-FAS: 

class free prompt learning for generalizable face anti-spoofing, in: Proceedings of 

the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2024, pp. 

222–232.

[17] A. Dosovitskiy, L. Beyer, A. Kolesnikov, D. Weissenborn, X. Zhai, T. Unterthiner, M. 

Dehghani, M. Minderer, G. Heigold, S. Gelly, J. Uszkoreit, N. Houlsby, An image 

is worth 16x16 words: transformers for image recognition at scale, ICLR (2021).

[18] S. Khan, M. Naseer, M. Hayat, S.W. Zamir, F.S. Khan, M. Shah, Transformers in 

vision: a survey, ACM Comput. Surv. 54 (10s) (2022) 1–41.

[19] L. Scabini, A. Sacilotti, K.M. Zielinski, L.C. Ribas, B. De Baets, O.M. Bruno, A com­

parative survey of vision transformers for feature extraction in texture analysis, J. 

Imaging 11 (9) (2025) 304.

[20] R.M. Haralick, K. Shanmugam, I.H. Dinstein, Textural features for image classifi­

cation, IEEE Trans. Syst. Man Cybern. SMC-3 (6) (1973) 610–621.

2 https://github.com/scabini/VORTEX.

Neurocomputing 693 (2026) 133852 

13 

http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0005
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0005
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0005
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0010
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0010
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0010
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0015
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0015
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0015
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0020
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0020
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0025
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0025
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0025
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0030
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0030
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0030
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0035
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0035
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0035
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0040
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0040
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0040
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0045
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0045
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0050
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0050
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0050
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0055
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0055
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0060
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0060
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0065
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0065
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0070
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0070
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0075
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0075
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0075
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0080
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0080
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0080
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0080
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0085
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0085
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0085
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0090
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0090
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0095
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0095
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0095
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0100
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0100
https://github.com/scabini/VORTEX


L. Scabini, K.M. Zielinski, E. Konuk et al.

[21] B.S. Manjunath, W.-Y. Ma, Texture features for browsing and retrieval of image 

data, IEEE Trans. Pattern Anal. Mach. Intell. 18 (8) (1996) 837–842.

[22] T. Ojala, M. Pietikäinen, T. Mäenpää, Multiresolution gray-scale and rotation in­

variant texture classification with local binary patterns, IEEE Trans. Pattern Anal. 

Mach. Intell. 24 (7) (2002) 971–987.

[23] M. Cimpoi, S. Maji, I. Kokkinos, S. Mohamed, A. Vedaldi, Describing textures in 

the wild, in: Proceedings of the IEEE Conference on Computer Vision and Pattern 

Recognition, 2014, pp. 3606–3613.

[24] A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A.N. Gomez, L. Kaiser, 

I. Polosukhin, Attention is all you need, in: Proceedings of the 31st International 

Conference on Neural Information Processing Systems, NIPS’17, Curran Associates 

Inc., Red Hook, NY, USA, 2017, pp. 6000–6010.

[25] X. Zhang, J. Saniie, Material texture recognition using ultrasonic images with 

transformer neural networks, in: 2021 IEEE International Conference on Electro 

Information Technology (EIT), IEEE, 2021, pp. 1–5, https://doi.org/10.1109/

EIT51626.2021.9491908

[26] M. Soleymani, M. Bonyani, H. Mahami, F. Nasirzadeh, Construction material clas­

sification on imbalanced datasets for construction monitoring automation using 

vision transformer (ViT) architecture Aug, 2021, https://doi.org/10.21203/rs.3.rs-

1948162/v1

[27] W. Wang, E. Xie, X. Li, D.-P. Fan, K. Song, D. Liang, T. Lu, P. Luo, L. Shao, Pyramid 

vision transformer: a versatile backbone for dense prediction without convolutions, 

in: 2021 IEEE/CVF International Conference on Computer Vision (ICCV), 2021, pp. 

548–558, https://doi.org/10.1109/ICCV48922.2021.00061

[28] Z. Liu, Y. Lin, Y. Cao, H. Hu, Y. Wei, Z. Zhang, S. Lin, B. Guo, Swin trans­

former: hierarchical vision transformer using shifted windows, in: 2021 IEEE/CVF 

International Conference on Computer Vision (ICCV), 2021, pp. 9992–10002, 

https://api.semanticscholar.org/CorpusID:232352874. 

[29] Z. Mao, X. Tong, Z. Luo, H. Zhang, MFATNet: multi-scale feature aggregation via 

transformer for remote sensing image change detection, Remote Sens. 14 (21) 

(2022) 5379, https://doi.org/10.3390/rs14215379

[30] J. Yoo, T. Kim, S. Lee, S.H. Kim, H. Lee, T.H. Kim, Enriched CNN-transformer 

feature aggregation networks for super-resolution, in: 2023 IEEE/CVF Winter 

Conference on Applications of Computer Vision (WACV), 2023, pp. 4945–4954, 

https://doi.org/10.1109/WACV56688.2023.00493

[31] X. Tao, C. Adak, P.-J. Chun, S. Yan, H. Liu, ViTALnet: anomaly on industrial tex­

tured surfaces with hybrid transformer, IEEE Trans. Instrum. Meas. 72 (2023) 

1–13.

[32] M. Tian, L. Tang, J. Xu, Y. Zhang, Y. Yang, L. Zeng, E. Chen, Y. Xie, Hybrid 

CNN-transformer framework with dynamic feature fusion for enhanced passport 

background texture classification: M. Tian et al., Vis. Comput. 42 (1) (2026) 4.

[33] M. Jeong, M. Yang, J. Jeong, Hybrid-DC: a hybrid framework using ResNet-50 

and vision transformer for steel surface defect classification in the rolling process, 

Electronics 13 (22) (2024) 4467.

[34] H. Touvron, M. Cord, H. Jégou, Deit III: revenge of the VIT, in: European 

Conference on Computer Vision, Springer, 2022, pp. 516–533.

[35] L.L.C. Kasun, H. Zhou, G.-B. Huang, C.M. Vong, Representational learning with 

ELMs for big data, IEEE Intell. Syst. 28 (2013) 31–34.

[36] A.M. Saxe, J.L. McClelland, S. Ganguli, Exact solutions to the nonlinear dynamics 

of learning in deep linear neural networks, arXiv preprint arXiv:1312.6120, 2013. 

[37] S. Huovinen, M. Pietikäinen, T. Ojala, J. Kyllönen, J. Viertola, T. Mäenpää, Outex 

- new framework for empirical evaluation of texture analysis algorithms, in: 

Proceedings of 16th International Conference on Pattern Recognition, vol. 1, IEEE 

Computer Society, Los Alamitos, CA, USA, 2002, p. 10701.

[38] L. Sharan, R. Rosenholtz, E. Adelson, Material perception: what can you see in a 

brief glance? J. Vision 9 (2010) 784.

[39] B. Caputo, E. Hayman, P. Mallikarjuna, Class-specific material categorisation, in: 

Tenth IEEE International Conference on Computer Vision (ICCV’05) Volume 1, vol. 

2, 2005, pp. 1597–1604.

[40] J. Xue, H. Zhang, K. Nishino, K. Dana, Differential viewpoints for ground terrain 

material recognition, IEEE Trans. Pattern Anal. Mach. Intell. PP (Sep 2020).

[41] J. Xue, H. Zhang, K. Dana, Deep texture manifold for ground terrain recognition, 

in: 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition, IEEE, 

2018.

[42] J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, L. Fei-Fei, Imagenet: a large-scale hierar­

chical image database, in: 2009 IEEE Conference on Computer Vision and Pattern 

Recognition, Ieee, 2009, pp. 248–255.

[43] A.P. Steiner, A. Kolesnikov, X. Zhai, R. Wightman, J. Uszkoreit, L. Beyer, How 

to train your ViT? Data, augmentation, and regularization in vision transformers, 

Trans. Mach. Learn. Res. (2021).

[44] Z. Peng, L. Dong, H. Bao, Q. Ye, F. Wei, Beit v2: masked image modeling with 

vector-quantized visual tokenizers, arXiv preprint arXiv:2208.06366, 2022. 

[45] J. Chen, Q. Yu, X. Shen, A. Yuille, L.-C. Chen, ViTamin: designing scalable vision 

models in the vision-language era, in: Proceedings of the IEEE/CVF Conference on 

Computer Vision and Pattern Recognition, 2024, pp. 12954–12966.

[46] S.Y. Gadre, G. Ilharco, A. Fang, J. Hayase, G. Smyrnis, T. Nguyen, R. Marten, M. 

Wortsman, D. Ghosh, J. Zhang, et al., Datacomp: in search of the next generation 

of multimodal datasets, Adv. Neural Inf. Process. Syst. 36 (2024).

[47] G. Ilharco, M. Wortsman, R. Wightman, C. Gordon, N. Carlini, R. Taori, A. Dave, 

V. Shankar, H. Namkoong, J. Miller, et al., Openclip, Zenodo (2021).

[48] C. Schuhmann, R. Beaumont, R. Vencu, C.W. Gordon, R. Wightman, M. Cherti, 

T. Coombes, A. Katta, C. Mullis, M. Wortsman, P. Schramowski, S.R. Kundurthy, 

K. Crowson, L. Schmidt, R. Kaczmarczyk, J. Jitsev, LAION-5B: an open large-scale 

dataset for training next generation image-text models, in: Thirty-Sixth Conference 

on Neural Information Processing Systems Datasets and Benchmarks Track, 2022, 

https://openreview.net/forum?id=M3Y74vmsMcY. 

[49] B.D. Ripley, Pattern Recognition and Neural Networks, Cambridge University 

Press, 2007.

[50] C. Cortes, V. Vapnik, Support vector networks, Mach. Learn. 20 (1995) 273–297.

[51] Y. Zhang, Q. Sun, Y. Zhou, Z. He, Z. Yin, K. Wang, L. Sheng, Y. Qiao, J. Shao, Z. 

Liu, Bamboo: building mega-scale vision dataset continually with human–machine 

synergy, Int. J. Comput. Vis. 133 (8) (2025) 5806–5821.

[52] X. An, K. Yang, X. Dai, Z. Feng, J. Deng, Multi-label cluster discrimination for visual 

representation learning, in: European Conference on Computer Vision, Springer, 

2025, pp. 428–444.

[53] A. Radford, J.W. Kim, C. Hallacy, A. Ramesh, G. Goh, S. Agarwal, G. Sastry, A. 

Askell, P. Mishkin, J. Clark, et al., Learning transferable visual models from natural 

language supervision, in: International Conference on Machine Learning, PMLR, 

2021, pp. 8748–8763.

[54] A. Gesmundo, A continual development methodology for large-scale multitask 

dynamic ML systems, arXiv preprint arXiv:2209.07326, 2022. 

[55] M. Oquab, T. Darcet, T. Moutakanni, H. Vo, M. Szafraniec, V. Khalidov, P. 

Fernandez, D. Haziza, F. Massa, A. El-Nouby, et al., DINOv2: learning robust visual 

features without supervision, TMLR (2024) 2835-8856.

Author biography

Leonardo Scabini has a Ph.D. in Computational Physics from the São Carlos Institute 

of Physics of the University of São Paulo, where he also received an M.Sc. degree in 

Computational Physics (2018). He has a B.Sc. in Computer Science from the Federal 

University of Mato Grosso do Sul (2015), and from January 2022 to January 2023 

he was an intern at the Knowledge-Based Systems (KERMIT) research unit at Ghent 

University, Belgium. His research interests include computer vision, network science, 

neural networks, and their applications.

Kallil M. C. Zielinski has received a B.Sc. in Computer Engineering (2018) at the Federal 

Technological University of Paraná, and his M. Sc. in Electrical Engineering (2022) also 

at the Federal Technological University of Paraná. Currently, he is a Ph.D. candidate at 

IFSC/USP. His fields of interest are Computer Vision, Neural Networks, Network Sciences 

and Reinforcement Learning.

Emir Konuk has a Ph.D. in Computer Science and is a researcher in the Division 

of Computational Science and Technology at the KTH Royal Institute of Technology, 

Sweden, currently serving as a postdoctoral researcher. He was formerly a Ph.D. stu­

dent funded by the Wallenberg AI, Autonomous Systems and Software Program (WASP). 

His research focuses on generative models, inverse problems, and generalization in deep 

learning, especially applied to medical image processing and uncertainty estimation 

in AI systems. Among his recent notable contributions is a thesis titled “Robust and 

Generalizable AI for Medical Image Processing” and a framework for assessing joint 

human-AI decision-making systems based on uncertainty estimation.

Ricardo T. Fares is a Master’s student in Computer Science at São Paulo State University 

(IBILCE/UNESP). He received his Bachelor’s degree in Computer Science from the same 

institution. His current research focuses on multiview representation learning for texture 

image analysis, with applications in medical imaging and bioimage analysis. His research 

interests include representation learning, neural networks and image analysis.

Lucas C. Ribas is a Professor at the Institute of Biosciences, Humanities, and Exact 

Sciences at the São Paulo State University. He received a B.Sc. (2014) in Information 

Systems at the Federal University of Mato Grosso do Sul, an M.Sc. (2017) in Computer 

Science at the Institute of Mathematics and Computer Science at the University of S. 

Paulo (ICMC/USP) and a Ph.D. (2021) in Computer Science at the ICMC/USP. His fields 

of interest include Computer Vision, Neural Networks, Complex Networks and Pattern 

Recognition.

Kevin Smith is a Professor at KTH Royal Institute of Technology and a researcher at 

the Science for Life Laboratory, specializing in computer vision, machine learning, and 

biomedical applications. His work has received over 18,500 citations, highlighting the 

impact of his research in the field. Recent projects focus on image recognition, auto­

mated diagnosis from medical data, and deep neural network approaches for biomedical 

modeling. In addition to his research, he actively mentors young scientists and fosters 

interdisciplinary collaborations across computing, biology, and healthcare.

Odemir M. Bruno is a Professor at the S. Carlos Institute of Physics at the University of 

S. Paulo in Brazil and head of the Scientific Computing Group. He received his B.Sc. in 

Computer Science, from the Piracicaba Engineering College (Brazil), his M.Sc. in Applied 

Physics and his Ph.D. in Computational Physics at the University of S. Paulo (Brazil). His 

fields of interest include Artificial Intelligence, Data Science, Complex Systems, Chaos 

Theory, Pattern Recognition and Bioinformatics. He is the author of about one hundred 

and fifty papers in journals and several book chapters. He is a co-author of two books 

and an inventor of seven patents.

Neurocomputing 693 (2026) 133852 

14 

http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0105
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0105
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0110
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0110
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0110
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0115
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0115
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0115
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0120
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0120
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0120
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0120
https://doi.org/10.1109/EIT51626.2021.9491908
https://doi.org/10.1109/EIT51626.2021.9491908
https://doi.org/10.21203/rs.3.rs-1948162/v1
https://doi.org/10.21203/rs.3.rs-1948162/v1
https://doi.org/10.1109/ICCV48922.2021.00061
https://api.semanticscholar.org/CorpusID:232352874
https://doi.org/10.3390/rs14215379
https://doi.org/10.1109/WACV56688.2023.00493
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0155
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0155
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0155
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0160
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0160
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0160
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0165
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0165
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0165
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0170
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0170
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0175
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0175
http://arxiv.org/abs/1312.6120
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0185
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0185
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0185
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0185
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0190
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0190
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0195
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0195
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0195
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0200
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0200
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0205
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0205
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0205
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0210
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0210
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0210
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0215
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0215
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0215
http://arxiv.org/abs/2208.06366
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0225
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0225
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0225
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0230
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0230
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0230
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0235
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0235
https://openreview.net/forum?id=M3Y74vmsMcY
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0245
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0245
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0250
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0255
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0255
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0255
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0260
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0260
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0260
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0265
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0265
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0265
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0265
http://arxiv.org/abs/2209.07326
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0275
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0275
http://refhub.elsevier.com/S0925-2312(26)01249-X/sbr0275

	VORTEX: Challenging CNNs at texture recognition by using vision transformers with orderless and randomized token encodings
	1 Introduction
	2 Background
	2.1 Texture analysis
	2.2 Vision transformers

	3 Proposed method: VORTEX
	3.1 Multi-depth token aggregation
	3.2 Orderless randomized token encodings

	4 Experiments and discussion
	4.1 Experimental setup
	4.2 VORTEX ablations
	4.2.1 Encoder soup size
	4.2.2 Classifier
	4.2.3 Different backbones and sizes

	4.3 Comparison to other methods
	4.3.1 Off-the-shelf feature extraction
	4.3.2 Texture recognition methods

	4.4 Efficiency

	5 Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgements
	Data availability
	References
	Author biography




