24 . s b e o
Iedormation Technology,
e

and Telec

HETETY  Cvwt Mace. Thiksl Govge

e o ks gl SN g 50l
[~uw itetcant ir ]

Z4th intersational Corderence on irdarmation Techralogy Comguter and Selecommunication
ot S, Y-7 oo (M WA

Transformer-Based Image Segmentation: A Comprehensive Survey of Recent Advances

Zahra shafiei Amini

PhD Student, Computer Engineering, Azad University, Central Tehran Branch

Abstract

Transformers have emerged as a revolutionary force in artificial intelligence, initially gaining
prominence in natural language processing (NLP) due to their ability to model complex
dependencies and relationships inherent in textual data. This paradigm shift has significantly
impacted various domains, including computer vision. Among the many applications within
computer vision, image segmentation has become a focal point of research, as it plays a crucial
role in enabling systems to interpret visual information more effectively. Image segmentation
refers to the process of partitioning an image into distinct segments, allowing for easier analysis
and comprehension of visual data. This technique is pivotal in applications such as medical
imaging (e.g., tumor detection), autonomous vehicles (e.g., obstacle recognition), and video
surveillance (e.g., person and object tracking).

Historically, image segmentation has primarily relied on convolutional neural networks (CNNSs),
which excel in local feature extraction. While CNNs have set benchmarks for performance, they
often struggle with capturing global context due to their hierarchical processing structure. In
contrast, Transformers utilize an attention mechanism that enables them to learn relationships
between pixels irrespective of their spatial proximity. This attribute allows Transformers to
efficiently capture both local features (fine details) and global context (general structures) within
images, leading to superior performance in segmentation tasks.

Recent advancements in Transformer-based segmentation include models like TransUNet and
UNETR, which combine the strengths of Transformers and CNNs, particularly in medical image
segmentation. Hierarchical structures such as the Swin Transformer and nnFormer have further
improved the ability to capture multi-scale features. Additionally, multi-scale feature fusion
approaches like the CoTr model have enhanced the integration of local and global contexts.
Despite challenges such as high computational costs and the need for large labeled datasets,
ongoing research continues to enhance the efficiency, robustness, and applicability of
Transformer-based models across diverse domains.
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V.Introduction

Transformers have emerged as a revolutionary force in the field of artificial intelligence, initially
gaining prominence in natural language processing (NLP) due to their ability to model complex
dependencies and relationships inherent in textual data. The paradigm shift brought about by
Transformers has not only redefined the landscape of NLP but has also significantly impacted
various other domains, including computer vision. Among the many applications within
computer vision, image segmentation has become a focal point of research, as it plays a crucial
role in enabling systems to interpret visual information more effectively. Image segmentation
refers to the process of partitioning an image into distinct segments, allowing for easier analysis
and comprehension of the visual data. This technique is pivotal in a variety of applications such
as medical imaging (e.g., tumor detection), autonomous vehicles (e.g., obstacle recognition), and
video surveillance (e.g., person and object tracking).

Historically, image segmentation has primarily relied on convolutional neural networks (CNNs),
which excel in local feature extraction. While CNNs have set benchmarks for performance over
the years, they often struggle with capturing global context due to their hierarchical processing
structure. In contrast, Transformers utilize an attention mechanism that enables them to learn
relationships between pixels irrespective of their spatial proximity. This attribute allows
Transformers to efficiently capture both local features (fine details) and global context (general
structures) within images, leading to superior performance in segmentation tasks.

In this introductory section, we will explore the evolution of Transformer architectures, tracing
their roots from language processing models to their adaptation for vision applications. We will
underscore the significance of capturing global dependencies and contextual information in
image segmentation, setting the stage for a detailed examination of various Transformer-based
segmentation architectures and methodologies.

2. Background and Related Work

2.1 Early Developments in Transformer-Based Segmentation

Segmentation using Transformers has experienced significant advancements over the last few
years. Early models such as TransUNet and UNETR have laid the groundwork for combining the
strengths of Transformers and CNNs, particularly in tasks such as medical image segmentation,
where precision is paramount. TransUNet implements a Vision Transformer (ViT) as an encoder
that captures image features comprehensively before passing them through a U-Net styled
decoder. The resulting architecture yields enhanced segmentation accuracy, especially useful in
applications involving complex structures like anatomical organs.

Similarly, UNETR adapts the U-Net architecture by introducing a ViT backbone, achieving
impressive performance in segmenting medical images. These frameworks facilitate the learning
of spatial hierarchies and contextual relationships, thus addressing the limitations typically
associated with CNN-only models, such as fixed receptive fields and limited global context
understanding.

2.2 Advances through Hierarchical Structures
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The Swin Transformer exemplifies the evolution towards hierarchical structures that efficiently
capture multi-scale features across diverse image regions. By employing a shifted windowing
mechanism, the Swin Transformer enables local self-attention operations while preserving
computational efficiency. This approach allows the model to maintain a balance between
managing global information and local detail, further advancing state-of-the-art results for
various segmentation benchmarks.

Another important contribution in this domain is the nnFormer, which builds upon the Swin
Transformer by introducing a flexible architecture that dynamically adapts to the scale of input
images. The nnFormer enhances segmentation precision across variable image scales, which is
particularly critical in applications where images may contain objects of drastically different
sizes.

2.3 Multi-Scale Feature Fusion Approaches

The challenge of effectively integrating multi-scale features has motivated a plethora of research
endeavors, leading to techniques like the CoTr model, which exemplifies the integration of
multi-scale feature extraction through well-coordinated feature fusion strategies. CoTr allows for
priorities to be assigned to multiple feature maps, facilitating the effective extraction of both
local and global contexts. Such attention towards multi-scale representations proves essential for
refining segmentation results, particularly in complex and varied visual domains.

3. Transformer Architectures in Image Segmentation

3.1 Innovative Design Patterns

The exploration of specialized Transformer architectures tailored for segmentation tasks reveals
significant innovations in design patterns. Synergistic Multi-Attention (SMA) Mechanisms
exemplify the utilization of modular multi-attention layers capable of focusing on varying levels
of feature granularity. This multi-attention approach allows the network to capture salient details
and contextual information concurrently, significantly enhancing the ultimate segmentation
quality. By utilizing enhancements such as Enhanced Multi-Layer Perceptron (E-MLP) blocks,
these models maintain adaptive learning capabilities while balancing computational efficiency.

3.2 Convolutional Inductive Biases in Transformers

To address potential spatial context limitations inherent in Transformers, some architectures
integrate convolutional layers within their design. For instance, models that incorporate
convolutions within potential Transformer layers can effectively leverage the locality benefits of
CNNs while retaining the broader contextual understanding afforded by attention mechanisms.
This hybrid approach yields a more robust representation of spatial structures within images,
ultimately benefiting high-resolution segmentation tasks that require intricate detail and
precision.

3.3 Advanced Positional Encoding Techniques

A critical aspect of the success of Transformer models lies in effectively encoding positional
information. Traditional positional encoding mechanisms may struggle to convey spatial
relations inherently present in visual data. As such, recent methodologies focus on enhancing
positional encoding through various strategies, such as embedding training or utilizing learned
positional inputs integrated with convolutional layers. These enhancements not only rectify the
inherent permutation-invariance of Transformers but also fortify their capability to handle vision
tasks reliant on spatial awareness.
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4. Methodology

4.1 Training Strategies and Loss Functions

The effectiveness of Transformer models in segmentation tasks hinges on innovative training
methodologies, which tackle the unique challenges posed by these architectures. The integration
of **Hybrid Loss Functions** has gained traction, with methods such as the Binary Cross-
Entropy (BCE) combined with Dice Loss being utilized to enhance training efficacy. This hybrid
function balances pixel-wise classification accuracy through binary cross-entropy with boundary
agreement focused by the Dice loss, leading to improved understanding and representation of
both segment interiors and edges.

4.2 Data Augmentation Techniques

To bolster the robustness of Transformer models, data augmentation becomes a crucial strategy,
particularly in scenarios where labeled data is scarce or imbalanced. Techniques such as random
cropping, rotations, and color adjustments can be employed to artificially expand training
datasets, thereby enhancing the model’s generalization capabilities. Moreover, advanced
methods like Mixup or CutMix, which merge multiple images during training, have shown
promise in creating more effective feature representations while mitigating overfitting.

4.3 Evaluation Metrics

The evaluation of Transformer-based segmentation models is critical to quantify their efficacy.
Metrics such as the Dice Similarity Coefficient (DSC) and Mean Intersection over Union (mloU)
serve as benchmarks to quantify segmentation performance faithfully. These metrics primarily
assess the accuracy of the predicted segmentation masks against ground truth labels, providing
insights into both pixel-level accuracy and spatial correspondence.

5. Experiments and Results

5.1 Benchmark Datasets

A variety of benchmark datasets have been established to evaluate the performance and
comparative effectiveness of Transformer-based segmentation models. Among these, the
ISICDM2019 dataset stands out for its focus on medical image segmentation challenges,
particularly in dermatology. The availability of annotated images measuring tumor presence and
segmentation drives experimentation towards achieving precise and clinically applicable results.

Other notable datasets include the COCO dataset, which provides diverse images encompassing
everyday scenarios; the Cityscapes dataset, which presents complex urban scenes for
demonstrating segmentation performance under varying conditions; and the Pascal VOC dataset,
which focuses on segmenting objects in natural images. These diverse datasets allow for
comprehensive testing across different domains, ensuring models are adequately assessed for
their capabilities.

Table 1 provides a comparison of key papers in the use of Transformer models for segmentation
tasks, featuring results from the years 2021, 2022, and 2023. Various architectures are explored,
showcasing advancements in performance and accuracy.

In 2023, papers such as TransUNet and UNETR demonstrated significant improvements in
precision and efficiency across medical datasets and other complex datasets. Specifically, the
Swin Transformer achieved the highest mloU (0.90) in the COCO and Cityscapes datasets.

In 2022, models like nnFormer and CoTr also delivered notable segmentation results,
underscoring the marked increases in accuracy compared to traditional models.
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This comparative analysis of model performance over different years highlights the ongoing
advancements in architectures and techniques utilized in the field of segmentation. These
improvements are critically important, particularly in medical imaging, object recognition in
photographs, and various real-world applications, emphasizing the potential for continued

research and development in this area.

Author Year Architecture Datasets Used DICE and mloU

Xu et al. 2023 TransUNet ISIC, 3D medical 0.89 and 0.84
datasets
Hatamizadeh et al. 2023 UNETR LIDC-IDRI, KiTS 0.87 and 0.81
Liu et al. 2023 Swin Transformer COCO, Cityscapes 0.90 and 0.85
Jin et al. 2022 nnFormer Medical images 0.88 and 0.84
Chen et al. 2022 CoTr ADE20K, 0.85 and 0.80
Cityscapes
Zhang et al. 2021 Segmenter ADE20K, Pascal 0.86 and 0.81
VOC

Tablel.Comparative Table of Transformer Models in Segmentation

5.2 Performance Evaluation and Analysis

Recent empirical studies have demonstrated that Transformer-based segmentation models
consistently outperform traditional CNN architectures across various benchmarks. For instance,
when comparing performance metrics like DSC and mloU, models such as TransUNet and Swin
Transformer exhibit substantial enhancements in segmentation accuracy over their CNN-based
counterparts. The elevated performance levels underscore the effectiveness of Transformer
mechanisms in leveraging multi-scale and contextual information for image segmentation tasks.

5.3 Model Limitations and Challenges

Despite the notable achievements, Transformer models in image segmentation come with
inherent challenges, particularly surrounding their computational demands. These architectures
often necessitate substantial amounts of memory and processing power, which can hinder their
deployment in resource-constrained environments. Furthermore, the intricacies of tuning
hyperparameters and training such models can pose additional hurdles, necessitating continual
research to optimize performance while striving for reduced computational load.

6. Conclusion

In summary, the integration of Transformer architectures into image segmentation represents a
transformative advancement within the field of computer vision. This survey has elucidated the
significant strides made in leveraging the unique capabilities of Transformers, including their
aptitude for capturing complex hierarchical relationships between visual features and their global
contextual understanding.

As we proceed further into the future, continual exploration of Transformer models' efficiencies,
particularly through innovations such as lightweight attention mechanisms and enhanced multi-
scale feature fusion, will remain pivotal for achieving better accuracy while minimizing resource
consumption. The ongoing evolution of these models indicates a promising landscape for gray-
scale applications in image segmentation and offers a wide array of opportunities for
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advancements that will enhance performance in diverse real-world scenarios. Through continued
research and development, Transformer-based segmentation methods hold the potential to
revolutionize how visual information is perceived, analyzed, and applied across various domains,
thereby significantly impacting both the field of computer vision and its practical applications in
society at large.
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