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Abstract: In the vision transformer ( ViT ) architecture,
image data are transformed into sequential data for
processing, which may result in the loss of spatial positional
information. While the self-attention mechanism enhances
the capacity of ViT to capture global features, it
compromises the preservation of fine-grained local feature
information. To address these challenges, we propose a
spatial positional enhancement module and a wavelet
transform enhancement module tailored for ViT models.
These modules aim to reduce spatial positional information
loss during the patch embedding process and enhance the
model’s feature extraction capabilities. The spatial
positional  enhancement module reinforces spatial
information in sequential data through convolutional
operations and multi-scale feature extraction. Meanwhile,
the wavelet transform enhancement module utilizes the
multi-scale analysis and frequency decomposition to improve
the ViT’s understanding of global and local image
structures. This enhancement also improves the ViT’s
ability to process complex structures and intricate image
details. Experiments on CIFAR-10, CIFAR-100 and
ImageNet-1k datasets are done to compare the proposed
method with advanced classification methods. The results
show that the proposed model achieves a higher
classification accuracy, confirming its effectiveness and
competitive advantage.
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0 Introduction

Convolutional neural networks ( CNNs) are leading
frameworks for modeling the human visual system,
achieving notable breakthroughs in computer vision tasks
like image classification'™ | object detection”™® and
semantic  segmentation'”""’.  CNNs  primarily use
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convolutional layers to iteratively extract multi-scale
features from images, capturing texture, brightness and
color information across pixel levels to facilitate efficient
feature representation learning. These features are
abstracted through the CNN’ s layered structure, enabling
complex pattern modeling and recognition in higher-level
feature spaces. To perform downstream visual tasks,
CNNs typically include a few fully connected layers after
the convolutional layers to integrate and classify the
extracted features. However, achieving high performance
in applications often demands extensive, high-quality and
well-annotated training datasets. Furthermore, CNN
architectures have become increasingly complex in
design. The optimization process requires careful
hyperparameter tuning to ensure the generalization and
stability across tasks and datasets.

Transformer-based models have recently attracted
significant attention owing to the success of their self-
attention mechanism. Initially developed for natural
language processing (NLP) tasks, transformers "', with
suitable  modifications, have shown outstanding
performance in the computer vision. The vision
transformer ( ViT) '™ is the first model to successfully
adapt the transformer architecture for visual tasks,
introducing a fresh perspective to traditional computer
vision paradigms. In the ViT model, images are divided
into patches treated as sequential data, allowing the
transformer to process visual information similarly to
word sequences in natural language. This method
effectively encodes the image content within the
transformer architecture. Unlike CNNs, transformers lack
translational invariance, resulting in a reduced efficiency
for capturing local features and structured information in
images. This limitation is especially pronounced in cases
where the dataset is small or lacks sufficient diversity.
Furthermore, transformers generally demand larger
datasets or advanced data augmentation strategies to
achieve optimal training performance.

The wavelet transform''*’ is a versatile mathematical
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tool that decomposes signals into components at different
time scales, simultaneously providing time and
frequency information. In the image processing, wavelet
transform offers notable advantages due to its multi-scale
analysis and sparse representation properties. Wavelet
transform facilitates multi-scale image decomposition,
capturing detailed features across resolutions and
excelling in processing complex textures or edges. This
multi-scale capability preserves global structures and
enhances local details, providing a comprehensive image
representation. This enables superior performance in
tasks like the image denoising, edge detection and
texture analysis.

This paper presents a novel feature enhancement
module leveraging wavelet transform to capture image
features across multiple frequency scales. This design
substantially enhances the model’s feature extraction
capabilities while effectively mitigating the limitations of
the ViT model in processing fine-grained information.
Furthermore, a spatial positional enhancement module
(SPEM ) is introduced to address the loss of spatial
positional information incurred during the image
serialization process. Comprehensive experiments are
conducted on CIFAR-10, CIFAR-100 and ImageNet-
1k’ datasets to demonstrate the efficacy and robustness
of the proposed model.

1 Related Work

The success of transformers in NLP has driven
extensive exploration of their applications in the computer
vision. Since the transformer architecture was first
introduced in visual classification models, transformers
have rapidly evolved into one of the core frameworks in
the field of the computer vision. Despite their impressive
modeling capabilities, transformers face challenges in
practical applications due to their high computational

complexity.
Deformable-detection  transformer ( Deformable-
DETR )"’ leverages deformable  convolutions,

introducing a flexible attention mechanism to reduce the
computational load and improve the model adaptability.
Axial attention performs self-attention along a single axis
of the input tensor, avoiding global computations on
flattened high-dimensional data and significantly reducing
computational costs. Compact vision transformer
( CVT )" introduces the SeqPool method, which
efficiently aggregates token sequence outputs to preserve
key information from each part of the input image.
SeqPool outperforms traditional learnable class token
approaches by significantly improving model performance
without adding extra parameters. While ViT demonstrates
the strong potential of transformers in visual tasks, its
reliance on large-scale datasets limits its generalization
and applicability across diverse scenarios. To address this
limitation, the data-efficient image transformer
(DeiT )" uses a teacher-student distillation training

strategy and incorporates token distillation to enhance the
training efficiency. Compared to ViT, DeiT speeds up
training by introducing a distillation token that closely
aligns with the teacher model’s output. This model
improves the training efficiency and preserves
performance, offering a more practical solution for
applying ViT.

Patch embedding is a fundamental operation that
converts image data into sequential information. This
process divides an input image into patches of the defined
size, segmenting it along its width and height. Each
patch undergoes a linear transformation, projecting it into
one-dimensional ( 1D ) space and flattening the two-
dimensional (2D) image into a 1D vector sequence. The
compact convolutional transformer ( CCT ) o replaces
traditional  patch  embedding with  convolutional
operations, directly applying convolutions to the input
image and flattening the outputs into the input sequence.
This model inherently captures positional information
through convolutions. Building on this, the convolution-
enhanced image transformer ( CeiT )™’ enhances the
process by replacing the conventional patch embedding
with convolutional and pooling layers. The resulting
tokens are rearranged into feature maps, and feature maps
undergo local processing via depthwise separable
convolutions. During this processing, linear layers
generate new tokens, improving spatial relationships
among adjacent tokens. This method enhances the self-
attention mechanism, significantly strengthening model
performance in visual tasks.

The conditional position encoding for ViT
( CPVT )™ introduces a hybrid architecture that
integrates CNNs and transformers. By employing
convolutions to capture spatial information in place of
positional encoding, CPVT effectively enriches positional
information for sequences. The convolutional neural
networks meet ViT (CMT) " builds on the strengths of
both CNNs and transformers, introducing a novel hybrid
network architecture. This design leverages transformers
to capture long-range dependencies and CNNs for local
feature extraction, striking an improved balance between
performance and efficiency. Expanding on CMT, the
retentive networks meet ViT ( RMT )'®' incorporates
RetNet’ s retention mechanism, and employs the explicit
decay to model 1D distance priors. RMT extends this
concept to two-dimensional space by introducing
Manhattan self-attention, thereby enhancing spatial
modeling capabilities for visual tasks. The ViT with
convolutional multi-scale feature interaction for dense
predictions ( ViT-CoMer ) ' integrates multi-scale
convolutional features into the ViT architecture, thereby
enhancing its performance on dense prediction tasks. The
revisiting mobile CNN from ViT  perspective
( RepViT )™’ incorporates the efficient architectural
designs of the lightweight ViT into CNNs, achieving
superior performance over existing lightweight ViTs
across various vision tasks. Image retrieval based on ViT
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and masked learning'®’ proposes an image retrieval

framework by using an masked auto-encoder, achieving
significant accuracy improvements.

2 Methods

In the patch embedding process of ViT, the image is
segmented into multiple patches and transformed into
sequential information, inevitably resulting in the loss of
spatial positional information. As shown in Fig. 1, to
address this issue, this paper designs an SPEM that
leverages convolutional operations and multi-scale feature
capture to enrich the spatial information within the
sequence. Additionally, a wavelet transform enhancement
module ( WTEM ) is introduced to improve the
performance in feature extraction. With its multi-scale
analysis and frequency decomposition capabilities,
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MLP—multilayer perceptron; MSA—multi-head self-attention; LN—Tlayer normalization.
Fig. 1 Overall architecture of WT-ViT

2.1 SPEM

This paper proposes an SPEM designed to improve
the capability capturing spatial position information. As
shown in Fig. 2, this module employs a convolutional
structure, combining the characteristics of different
convolutional layers to extract both fine details and
contextual information from the input feature map.
Specifically, the core of the SPEM consists of multiple
convolutional layers, including a 3 X 3 convolutional
layer and a 3 X 3 dilated convolutional layer. The use of
the dilated convolution enables the model to effectively
capture multi-scale features and rich spatial positional
information, enhancing its perceptual ability regarding
target objects.

After feature extraction, the module utilizes an
attention mechanism that computes the mean and
maximum values of the feature map to generate dynamic
attention weights. The module further processes the
combined features through convolutional layers to ensure
compatibility with the output feature map dimensions,
strengthening the model’ s focus on key features. The

SPEM multiplies the weighted and fused feature map with
the input feature map, thereby reinforcing the features
and effectively extracting spatial position information.

Firstly, features x, and x, extracted using
convolutional kernels with different receptive field ranges
are concatenated to form a new tensor x .

x=[x,x,]. (1)

Secondly, channel-based average P, ( +) and max

avg

pooling P, ( -) are applied to effectively capture spatial
relationships ;
xavg =Pavg(x> ’ (2)
xmax = Pmax(x) ’
where x_ and x_ . denote the spatial features obtained

avg max
from average pooling and max pooling, respectively. To
enable information interaction between different spatial
features, the two pooled features are concatenated and
passed through a convolutional layer F,( -) to transform
the pooled features (with two channels) into two spatial
attention maps A ;
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A=Fl(|:xuvg’xmax])‘ (3)

For the two spatial attention maps A,, the sigmoid
activation function o ( +) is applied to obtain individual
spatial selection masks at two distinct scales:

Al=g(A),i=1,2 (4)

Then, the features extracted by convolutional kernels
with different receptive field ranges are weighted by their
respective spatial selection masks and fused through a
convolutional layer F,( +) to obtain the attention features S :

S=F,(Al-x, +Al-x,). (5)

Finally, an element-wise product is performed

between the input features U and the attention features S,
followed by a residual connection to produce the final
output Y,

Y=U+U-S. (6)

By introducing spatial information at different time
scales, this method addresses the limitations of the ViT
model in capturing spatial positional information. This
enhancement provides subsequent encoders with sequence
information that is more semantically cohesive and
spatially dependent. Such an improvement plays a crucial
role in enhancing the model’s sensitivity to local
contexts, thereby improving the accuracy and efficiency
of overall feature representation.
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Fig.2 Specific details of SPEM

2.2 WTEM

Wavelet transform enables the decomposition of
input signals, allowing the network to capture information
across different frequency and spatial scales, making it
more effective for handling images with complex textures
or edge details. This paper introduces a WTEM,
combining wavelet transforms with standard convolutional
operations to capture information across various frequency
and spatial scales. This module significantly extends the
receptive field, allowing small convolutional kernels to
effectively cover a broader context. We adopt the Haar
wavelet as the chosen wavelet transform implementation.
The Haar wavelet is composed of simple rectangular
functions and relies solely on addition and subtraction,
thus eliminating the need for complex numerical
calculations and offering a high computational efficiency.
Furthermore, the orthogonality among Haar wavelet
functions effectively prevents information redundancy.
Owing to the demonstrated effectiveness of the Haar
wavelet’ s in encoding the visual information, its features
enrich image representation and enhance the performance

of feature extraction.

In the wavelet transform operation, for an input
image X , a single-layer wavelet transform is implemented
in 1D space (either width or height) using the depthwise
convolution. To achieve the 2D wavelet transform, this
operation is applied in both dimensions, using four filters
in stride-2 depthwise convolutions: a low-pass filter F,
and a set of high-pass filters F,, F, and F,,.
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For each input channel, the convolution output
comprises four channels, with each channel size of the
feature map in each spatial dimension being half that of
the input X. X, represents the low-frequency component of
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X, while channels X, , X,, and X, correspond to the high-
frequency components in the horizontal, vertical and
diagonal directions, respectively :

(X, X,,, X, X,,] = Conv([F,, F,, F,, F,], X).(8)

Since the filters in Eq. (7) constitute an orthogonal
basis, the inverse wavelet transform can be obtained
through transposed convolutional operator Conv_trans( *) :

X =Conv_trans([F,, F,, F,, F,],
[Xll’th’Xhl’Xhh]>' (9)

Cascade  wavelet  decomposition  recursively
decomposes the low-frequency components. The output
of each decomposition layer consists of the following
components, where WT( - ) represents the wavelet
transform operator :

[X th,i’ Xh],i’ Xhh,i] =WT(X1|,,>1)~ (10)

1,i

The WTEM employs a two-level wavelet transform,
as illustrated in Fig. 3. Firstly, the class token is
separated from the sequence. The remaining sequence
elements are then reshaped into a feature map to facilitate

further computations and processing. Secondly, wavelet
transform is applied to the input feature map,
decomposing it into low-frequency and high-frequency
features. Through convolutional operations, the model
extracts multi-scale features, and the features are then
recombined using the inverse wavelet transform (IWT).
During the feature reconstruction phase, the model retains
information across various scales and further enhances the
low-frequency features through convolutional operations.
This process ensures the consistency in the number of
input and output channels to facilitate subsequent
processing of the sequence by encoder layers. Repeating
this step two times enables the model to capture feature
information across multiple frequency scales, thereby
enhancing its feature extraction performance. Thirdly, the
output feature map is reshaped back to the structure of the
original sequence, and the class token is reintegrated at
the beginning of the sequence. This module not only
improves the model’ s comprehensive understanding of
both global and local image structures but also
significantly enhances its ability to perceive rich details
and complex structures within images.
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Fig.3 Specific details of WTEM based on wavelet transform

3 Experiments

3.1 Datasets and experimental settings

To validate the effectiveness of the proposed model,
tests are conducted on three public datasets; CIFAR-10,
CIFAR-100 and ImageNet-1k.

CIFAR-10 is a standard dataset commonly used for
image classification tasks. It contains 60 000 color images
(32 x 32 pixels) across 10 categories, with 6 000 images
per category. The dataset is split into 50 000 training
images and 10 000 test images.

CIFAR-100 is another standard image classification
dataset, similar to CIFAR-10, but it includes 100
categories with 600 images per category, totaling 60 000
color images (32 x 32 pixels). These images are divided
into 50 000 training images and 10 000 test images.
CIFAR-100 provides a more fine-grained classification
task compared to CIFAR-10.

ImageNet-1k is a large-scale image classification
dataset with 1 000 categories, approximately 1.2 million
training images, and 50 000 test images. These categories

encompass a wide range of objects, animals and scenes.
Since 2009, ImageNet-1k has served as a crucial
benchmark in computer vision, significantly impacting
large-scale image classification and the training of deep
learning models.

The model used in this study features 12 layers, an
embedding dimension of 768, and an input image size of
224 x 224 pixels. The programming environment
includes Python 3.8, CUDA 11. 8 and the deep learning
framework PyTorch 2.1.0. The hardware environment
includes an Intel (R) Xeon (R) Silver 4110 CPU @
2.10 GHz and an RTX 3090 GPU with 24 GB memory.

To ensure a fair comparison, all models are trained
on their respective training sets, and the accuracy is
evaluated on the test set. During training, the AdamW
optimizer is employed with an initial learning rate of
5%107°, decayed following a cosine annealing schedule.
Momentum is set to 0. 9, weight decay to 0. 05 and batch
size to 128, with training conducted over 150 epochs.
3.2 Experimental analyses

As shown in Table 1, the WT-ViT is
comprehensively compared with advanced models for
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image classification on the CIFAR-10 and CIFAR-100
datasets. On the CIFAR-10 dataset, the proposed model
achieves a classification accuracy of 96.67%,
demonstrating the exceptional performance. This result
highlights the model’s effectiveness in natural image
classification tasks. On the more complex and diverse
CIFAR-100 dataset, the model demonstrates robust
generalization with a classification accuracy of 76.67%.
This result underscores the model’ s capability to handle
a significantly larger number of classes. The success on
smaller datasets addresses the limitations of traditional
ViT models in low-data scenarios, optimizing their
generalization capabilities.

Additionally, the proposed model is evaluated on the
large-scale ImageNet-1k dataset, and the results are
shown in Table 2. The model achieves 76. 66% of a Top-
1 accuracy and 93.65% of a Top-5 accuracy,
demonstrating the strong performance. These results
validate the method’s effectiveness in enhancing
performance on smaller datasets and achieving
improvements on large datasets like ImageNet-1k. This
demonstrates that the approach enhances the model’s
capability to handle complex datasets and improves
feature extraction, enabling the accurate recognition of
key features in diverse and large-scale data.

Table 1  Comparison of WT-VIiT with other models on
CIFAR-10 and CIFAR-100 datasets
Number of Top-1 accuracy/ %
Model
parameters/MB CIFAR-10 CIFAR-100
VGG19'! 144 91.93 72.13
ResNet50!?! 25 92.15 72. 05
EfficientNet-B5" 30 93.43 74. 43
ViT-B/16" " 87 88.17 67.63
CaiT" 68 90. 33 69. 35
CPVT™! 88 91.15 71. 80
CE-ViT!®! 27 90. 65 71.13
Evo-VIT!® 88 92.70 73.37
WT-ViT 95 96. 67 76. 67
Table 2 Comparison of WT-VIiT with other models on
ImageNet-1k dataset
Model Top-1 accuracy/% Top-5 accuracy/ %

VGG19! 72.32 90. 82
ResNet50!?! 74.12 92. 84
EfficientNet-B5 % 73.37 90. 97
ViT-B/16'" 72.74 91.55
CaiT'?"! 73.51 90. 35
CcpvT! 74.21 93. 14
CF-ViT!* 72. 66 91.93
Evo-VIT!® 74.13 92. 44
WT-ViT 76. 66 93. 65

3.3 Ablation studies
This subsection presents detailed ablation studies on

the CIFAR-10 and CIFAR-100 datasets to evaluate the
effectiveness of the proposed model. In this section, the
ViT model is employed, featuring a depth of 12 layers
and a hidden dimension of 768. Specific ablation
experiments are designed to evaluate the contributions of
the SPEM and the WTEM to model performance. The
role of each module in enhancing the model performance
is individually verified. Two modules are removed from
the model separately to evaluate their impact on the
classification accuracy and generalization capability.
Then, experiments are performed on models with
different wavelet transform depths to assess their impact
on the model performance.

As shown in Table 3, introducing SPEM and WTEM
individually improves performance on both CIFAR-10 and
CIFAR-100 datasets. The model achieves optimal
performance when both modules are integrated,
demonstrating the proposed model’s effectiveness in
enhancing feature extraction.

Table 4 presents the experimental results for models
with varying wavelet transform depths and highlights their
impact on performance. A two-layer wavelet transform
outperforms a single-layer configuration, suggesting that
extracting features across multiple frequency scales
enhances the model * s ability to capture the image
information and improve the classification performance.
However, increasing the wavelet transform depth beyond
two layers results in performance degradation, confirming
that the two-layer configuration is optimal. Wavelet
transform reduces the size of feature maps, and with the
increased depth, the maps become excessively small,
hindering effective feature learning during convolutional
operations and ultimately degrading model performance.

Table 3 Ablation study with respect to SPEM and WTEM
Top-1 accuracy/ %

Model CIFAR-10 CIFAR-100
ViT 88. 17 67.63
ViT+SPEM 91.02 70.15
ViT+WTEM 94.32 74.96
ViT+SPEM+WTEM 9. 67 76. 67

Table 4 Impact of wavelet transform depth on model

Top-1 accuracy/ %

Depth
CIFAR-10 CIFAR-100
Raw 91.02 70. 15
Single-layer 95.17 75.56
Two-layer 96. 67 76. 67
Three-layer 95.03 74.93

3.4 Visualization

This subsection employs Grad-CAM" to visualize
the model’ s attention maps, illustrating the regions that
the network focuses on for a given class. As shown in
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Fig. 4, ViT’s attention is scattered across background
regions; WT-VIiT ’ s attention concentrates more

effectively on the target class, improving conditions for
accurately capturing object features.

Fig. 4 Visualization of attention maps by different models: (a) origin images; (b) ViT’s

attention maps; (c¢) WT-VIiT’ s attention maps

The focused attention distribution demonstrates that
WT-ViT equips the model with enriched spatial positional
information and multi-scale frequency-domain features,
significantly enhancing its feature extraction capability.
The enhanced focus on target areas improves the
classification accuracy and suggests better interpretability ,
as the model now emphasizes key image regions relevant
to the target class. This concentrated attention mechanism
enables the ViT model to more effectively utilize both
local and global contextual information, achieving a
robust representation of complex visual data.

4 Conclusions

The proposed spatial positional enhancement and
wavelet transform feature modules enhance the ViT’s
ability to capture spatial position and frequency-domain
information, effectively addressing its limitations in
positional encoding and local feature extraction.
Experiments on CIFAR-10, CIFAR-100 and ImageNet-1k
reveal notable performance improvements over state-of-
the-art models, demonstrating the model’s robustness
across both small-scale and large-scale datasets. Grad-
CAM visualizations confirm that our method effectively
directs the model’ s attention to critical object regions,
enhancing feature focus and interpretability. Overall,
WT-ViT improves the classification accuracy and the
model’ s adaptability to complex image data, providing a
foundation for further exploration of spatial and
frequency-domain  integration in transformer-based
architectures.

WT-ViT paves the way for integrating multi-scale
and frequency-domain information into transformer-based
architectures for computer vision tasks. Future work
could extend these enhancement modules to other

transformer-based models and evaluate their performance
on diverse datasets or in tasks like object detection and
segmentation. Moreover, optimizing the computational
efficiency of the wavelet transform module for faster
processing on large datasets could further improve its
practical utility. Overall, WT-ViT lays a strong
foundation for advancing spatial position and frequency-
domain integration in deep learning models, with the goal
of enhancing their robustness and precision in complex
visual scenarios.
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