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ABSTRACT 

As a fundamental task in image perception and understanding, semantic segmentation has been 
extensively applied across various domains, including medical image processing, scene analysis, 
autonomous driving perception, and intelligent video analytics. Practical implementations often 
prioritize real-time semantic segmentation due to constraints in computational resources, interaction 
requirements, and cost considerations. To facilitate researchers' efficient comprehension of 
algorithmic design and applications in this field, this paper conducts a comprehensive review and 
analysis of deep learning-based real-time semantic segmentation methods. Specifically, 1) 
Fundamental concepts, application scenarios, and challenges of semantic segmentation and its real-
time variant are introduced. 2) Essential techniques and design paradigms for real-time semantic 
segmentation algorithms are systematically elucidated. 3) State-of-the-art real-time semantic 
segmentation approaches are thoroughly categorized and summarized. 4) Practical application 
scenarios of real-time semantic segmentation are discussed. 5) A complete evaluation framework 
with standardized metrics is established. 6) Conclusions are drawn along with critical analysis of 
remaining challenges while proposing insightful perspectives for future research directions. 
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1. INTRODUCTION 

Semantic segmentation, as a fundamental pixel-level perception and understanding task in computer 

vision, aims to assign category labels to each pixel in an input image. This task plays a pivotal role 

in diverse real-world applications, including medical image processing [1–3], robotic vision [4], 

remote sensing classification [5–7], augmented reality [8], autonomous driving [9–11], and intelligent 

video analytics [12]. 

Prior to the advent of deep learning, semantic segmentation primarily relied on traditional image 

segmentation methods such as region-based and boundary-based techniques, including Otsu's method 

[13], K-means clustering [14], watershed algorithms [15], region growing [16], active contours [17], 

graph cuts [18], conditional random fields (CRFs) [19], and Markov random fields (MRFs) [20]. The 

emergence of deep learning significantly enhanced segmentation performance, catalyzing 

advancements in practical applications. The introduction of the Fully Convolutional Network (FCN) 

[21] marked a paradigm shift, establishing convolutional neural networks (CNNs) [22] as the 

dominant framework for image segmentation. 

Despite the breakthroughs achieved by FCN and subsequent CNN-based approaches, semantic 

segmentation faces inherent challenges: recovering information lost during downsampling and 
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effectively leveraging multi-scale features and long-range contextual dependencies to improve 

accuracy. To address these challenges, researchers have proposed diverse strategies for capturing 

contextual information, such as expanding receptive fields, multi-scale feature fusion, and self-

attention mechanisms. These efforts have led to three main research directions: 1) advanced backbone 

architectures (e.g., VGG [23], GoogLeNet [24], ResNet [25], HRNet [26]), 2) context modeling 

frameworks (e.g., U-Net [27], PSPNet [28], RefineNet [29]), and 3) attention-enhanced CNN designs. 

The introduction of Vision Transformers (ViT) [30] by Dosovitskiy et al. revolutionized the field by 

integrating Transformer mechanisms from natural language processing into computer vision. 

Pioneering works like SETR [31] demonstrated ViT's potential for segmentation, while PVT [32] 

incorporated pyramid structures into Transformer-based models. SegFormer [33] further proposed an 

efficient multi-scale Transformer architecture, and Swin Transformer [34] emerged as a state-of-the-

art backbone across vision tasks, surpassing CNN counterparts. Although these methods achieve 

remarkable accuracy, they incur substantial computational overhead—particularly due to the 

quadratic complexity of self-attention mechanisms relative to image resolution—resulting in 

prohibitive inference latency for real-time applications. 

Real-world scenarios such as mobile computing, autonomous driving, and human-computer 

interaction demand real-time segmentation capabilities. To address this need, researchers have 

developed efficient deep learning architectures that balance accuracy and speed. A real-time semantic 

segmentation network is typically defined as one achieving ≥30 FPS (the minimum frame rate for 

smooth video perception) on target hardware. However, maintaining this performance while 

preserving high-resolution spatial details and multi-scale context remains challenging: high-

resolution features increase computational costs, while complex context fusion modules introduce 

latency. The core pursuit in this field lies in optimizing the speed-accuracy trade-off through efficient 

spatial information preservation and context modeling. 

Furthermore, model size and memory footprint are critical considerations for deployment on 

resource-constrained edge devices. Optimizing storage and computational efficiency for such 

platforms represents another key research direction. 

This survey is structured as follows: 

(1) Introduction: Defines real-time semantic segmentation, discusses applications, and outlines 

challenges. 

(2) Fundamentals: Introduces essential techniques for efficient network design, including model 

compression, lightweight CNN modules, and efficient Transformer components. 

(3) Method Taxonomy: Categorizes state-of-the-art real-time segmentation networks by architectural 

paradigms. 

(4) Application scenario: Part of the application field of real-time semantic segmentation is shown. 

(5) Evaluation Framework: Presents benchmark datasets, metrics, and comparative analysis of 

existing methods. 

(6) Conclusions and Future Directions: Summarizes research progress, analyzes persistent challenges, 

and proposes potential research trajectories. 

2. PRIOR KNOWLEDGE 

2.1. Model Compression Techniques 

Model compression is one of the important means to realize real-time semantic segmentation, aiming 

to improve the reasoning efficiency of models by reducing their number of parameters, computation 

and memory occupation, and to ensure their efficient operation in environments with limited 
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computational resources, such as embedded devices or mobile devices. Common model compression 

methods include weight pruning, quantization, and knowledge distillation. 

2.1.1. Weight Pruning  

Weight pruning reduces network parameters and computational costs by removing less critical 

weights (typically those with smaller absolute values) from neural networks. This technique not only 

decreases model storage requirements but also accelerates inference, particularly when supported by 

hardware-optimized sparse computation. The standard pruning workflow follows an iterative train-

prune-finetune cycle: 1) training a full network, 2) pruning redundant weights, and 3) fine-tuning to 

recover performance. 

Han et al. (2015) pioneered a magnitude-based pruning method for fully connected and convolutional 

layers, achieving over 90% parameter reduction with negligible accuracy loss [35]. Li et al. (2017) 

further advanced the field by proposing gradient-guided pruning, which dynamically eliminates 

redundant connections through neuron importance evaluation [36]. These studies demonstrate 

pruning's effectiveness in model compression and inference acceleration. 

2.1.2. Quantization 

Quantization converts model weights and activations from high-precision data types (e.g., 32-bit 

floating points) to lower-precision representations (e.g., 8-bit integers or below). This technique 

reduces memory footprint and computational complexity while accelerating inference, particularly 

when leveraging hardware-optimized low-precision arithmetic. Common strategies involve mapping 

full-precision values to discrete integer levels through uniform/non-uniform quantization schemes. 

Courbariaux et al. (2015) pioneered extreme quantization with BinaryConnect, which binarizes 

network weights into {-1, +1} values, achieving 32× storage compression and efficient bitwise 

operations without significant accuracy degradation [37]. Zhang et al. (2018) advanced this field 

through LQ-Nets, introducing learnable quantization parameters that jointly optimize network 

accuracy and computational efficiency in low-bitwidth regimes [38]. 

2.1.3. Knowledge Distillation 

Knowledge distillation enables knowledge transfer from a complex, high-capacity teacher model to 

a compact student model. This paradigm enhances student performance by encouraging mimicry of 

the teacher's probabilistic outputs (soft labels) rather than solely relying on ground-truth labels, 

thereby inheriting the teacher's generalization capabilities while maintaining smaller model footprints. 

Hinton et al. (2015) pioneered this framework, demonstrating that distilled students could achieve 

comparable performance to teachers with significantly reduced parameters [39]. Romero et al. (2015) 

advanced the approach through FitNets, introducing intermediate feature-level distillation that aligns 

hidden representations between deep teachers and shallow students for enhanced knowledge transfer 

[40]. 

2.1.4. Low-Rank Decomposition 

Low-rank decomposition techniques reduce the number of parameters by decomposing weight 

matrices into multiple smaller matrices. This approach is commonly applied to the convolutional or 

fully connected layers of convolutional neural networks (CNNs). By leveraging low-rank 

decomposition, the model's parameter count is significantly reduced while preserving most of its 

representational capacity. Such methods are particularly suitable for network architectures with a 

large number of parameters, enabling a reduction in model size without substantial performance 

degradation.  

Tai et al. (2016) proposed a low-rank regularization method that constrains the convolutional kernels 

of CNNs, enforcing the weight matrices in convolutional layers to adopt a low-rank structure. This 

effectively reduces computational complexity and memory requirements [41]. Similarly, Sainath et 
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al. (2017) introduced a low-rank matrix decomposition method based on singular value 

decomposition (SVD) to enhance the efficiency of deep convolutional neural networks, further 

minimizing both the number of parameters and computational cost [42]. 

2.1.5. Weight Sharing 

Weight sharing reduces parameter count by reusing identical weights across multiple network 

connections. This technique achieves inherent parameter efficiency in convolutional neural networks 

(CNNs), where convolutional layers inherently employ weight sharing through their filter kernels – 

a design that simultaneously minimizes storage requirements and accelerates inference through 

hardware-friendly memory access patterns. 

Zhang et al. (2016) formalized this concept by developing cross-layer weight sharing, where multiple 

convolutional layers strategically reuse identical weight matrices. This architecture-level 

optimization significantly reduces both redundant computations and memory footprint in CNNs [43]. 

2.2. Lightweight Convolutional Neural Networks 

Lightweight CNNs are designed to enhance inference speed by reducing the number of parameters, 

computational cost, and memory footprint while maintaining model accuracy as much as possible. 

These networks achieve efficiency through optimized architectures and computationally efficient 

convolution operations, significantly lowering the overall complexity. 

2.2.1. Depthwise Separable Convolution 

Depthwise separable convolution is one of the most fundamental and widely used techniques in 

lightweight CNN design. Traditional convolution operations perform computations across all input 

feature map channels, whereas depthwise separable convolution decomposes this process into two 

steps. First, depthwise convolution applies independent convolution operations to each input channel. 

Then, pointwise convolution (1 × 1 convolution) is used to mix the outputs across all channels. This 

decomposition significantly reduces computational cost and parameter count while maintaining 

strong representational capacity. 

This concept was first introduced in MobileNet by Chollet (2017), where depthwise separable 

convolutions reduced computational cost by over 90% compared to standard convolutions while 

preserving high classification accuracy [44]. This architecture demonstrated the feasibility of efficient 

deep learning models on resource-constrained devices, making it a key representative of lightweight 

CNNs. 

2.2.2. Neural Architecture Search (NAS) 

Neural Architecture Search (NAS) is an automated approach for designing optimal network 

architectures. Unlike traditional manually designed networks, NAS explores the architecture search 

space to identify the best-performing structure under computational constraints. The introduction of 

NAS has greatly facilitated the development of lightweight networks, particularly in scenarios 

requiring a balance between model accuracy and inference speed. 

Liu et al. (2018) proposed NASNet, an architecture designed using NAS to automatically discover 

efficient CNN structures. Experimental results demonstrated that NASNet achieved superior 

performance across multiple computer vision tasks while significantly reducing computational 

complexity [45]. By eliminating the need for manual tuning, NAS enables the automated discovery 

of efficient architectures, expanding the possibilities for practical applications of lightweight CNNs. 

2.3. Efficient Transformer Modules 

Since its introduction by Vaswani et al. (2017), the Transformer architecture has become a 

fundamental tool in both natural language processing (NLP) and computer vision (CV) tasks. With 
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its strong global modeling capability, the Transformer excels at capturing long-range dependencies. 

However, its quadratic computational complexity concerning sequence length poses significant 

challenges, particularly when handling high-resolution images or large-scale data. Therefore, 

designing efficient Transformer variants that maintain high performance while reducing 

computational and memory costs has become a crucial research focus. 

To address this challenge, researchers have proposed various efficient Transformer modules, which 

optimize self-attention mechanisms, introduce lightweight network architectures, and reduce 

computational complexity. This section discusses several key approaches, including local attention 

mechanisms, sparse attention mechanisms, and hybrid architectures. 

2.3.1. Local Attention Mechanism 

Local self-attention is a variant designed to reduce computational complexity. In the standard 

Transformer, self-attention operations have a complexity of O(N²), where N is the sequence length. 

In vision tasks, where image resolutions are high, computing global self-attention can be 

computationally expensive. Local self-attention mitigates this issue by restricting attention 

computations to localized regions of the input feature map, thereby reducing computational cost. 

In Linformer (Wang et al., 2020), researchers introduced a local self-attention approach based on 

low-rank decomposition. By assuming that the self-attention matrix has a low-rank structure, the 

method significantly reduces memory and computational overhead when processing long sequences 

while maintaining performance comparable to standard Transformers in various NLP tasks [46]. 

2.3.2. Sparse Attention Mechanism 

Sparse self-attention reduces computational cost by sparsifying the self-attention matrix. Instead of 

computing attention scores for all token pairs, sparse self-attention selectively samples and computes 

attention only for a subset of important positions. This approach effectively lowers computational 

and memory requirements, making it particularly suitable for processing long sequences. 

Longformer (Beltagy et al., 2020) is a representative model that employs a sparse self-attention 

mechanism. It introduces a sliding window attention approach, where each token attends only to a 

local context window instead of the entire sequence. This significantly reduces the computational 

burden associated with full self-attention while maintaining high efficiency in processing long texts. 

Longformer has demonstrated outstanding performance in multiple NLP tasks [47]. 

2.3.3. Hybrid Convolution-Attention Architectures 

Hybrid architectures integrate convolutional inductive biases with Transformer global modeling, 

combining efficiency and expressiveness. These designs leverage CNN's local feature extraction 

capabilities to reduce attention computation costs. 

Wu et al. (2021) introduced CvT (Convolutional Vision Transformer), which hierarchically embeds 

convolutional tokenization within Transformer blocks. This architecture achieves 20% faster 

inference than pure Transformers on ImageNet while maintaining accuracy, demonstrating effective 

synergy between convolutional and attention operations [48]. 

3. CLASSIFICATION OF METHODS 

The development of real-time semantic segmentation methods mainly centers around different 

network frameworks, among which Convolutional Neural Network (CNN), Transformer, and hybrid 

frameworks combining the advantages of both have become the main direction of current research. 
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3.1. Real-Time Semantic Segmentation Network Based on CNN 

 

Figure 1. Comparison of traditional CNN classification model and real-time semantic segmentation 

network 

In the early stages, real-time semantic segmentation networks were predominantly based on CNNs, 

and to this day, they remain a crucial direction for research and practical applications. CNNs extract 

local image features effectively through convolutional and pooling operations. In real-time semantic 

segmentation, networks such as Enet [49], ICNet [50], DABNet [51], DFANet [52], ESPNetv2 [53], 

BiSeNetv2 [54], and Fast-SCNN [55] are all designed based on CNN architectures. As shown in 

Figure 1, traditional CNN-based classification models generate global class probabilities through 

fully connected layers, whereas real-time semantic segmentation networks progressively recover 

spatial resolution via upsampling operations (e.g., transposed convolutions) and output pixel-wise 

semantic predictions through a segmentation head. 

Among these models, ENet is one of the earliest lightweight semantic segmentation networks, 

designed with a bottleneck structure to reduce computational complexity. By removing traditional 

fully connected and max pooling layers, ENet significantly improves inference speed. ICNet 

introduces a multi-resolution cascade structure that enables efficient inference on high-resolution 

images while leveraging low-resolution branches to reduce computational costs, making it well-suited 

for autonomous driving applications. DABNet enhances feature representation through Dual 

Attention Blocks (DABs), which incorporate spatial and channel attention, thereby improving 

segmentation accuracy without compromising computational efficiency. DFANet adopts a multi-path 

cascade structure, utilizing shared feature extractors to minimize redundant computations and 

employing feature aggregation modules to enhance segmentation performance. This architecture is 

specifically optimized for high-efficiency autonomous driving applications. 

ESPNetv2 further refines the ESPNet structure by incorporating more efficient separable 

convolutions and group convolutions, enabling lower computational complexity and faster inference 

on lightweight devices. BiSeNetv2 enhances its architecture by introducing a Feature Refinement 

Module (FRM) to refine spatial path (SP) and context path (CP) features, achieving an improved 

balance between inference speed and segmentation accuracy. Fast-SCNN integrates a Fast 

Downsampling Path with a fine-grained upsampling structure, making it well-suited for efficient real-

time segmentation on mobile and embedded devices. 

Beyond these mainstream models, several novel lightweight architectures have been proposed. Shi et 

al. introduced the Lightweight Context-Aware Network (LCNet) [56], which employs a partial 

channel transformation strategy to reduce computational latency. It incorporates a three-branch 

context aggregation module to expand the receptive field and a dual-attention decoder to improve 

pixel-level prediction accuracy. This network demonstrates high inference speed and superior 

segmentation performance in mobile scenarios, highlighting its practical applicability. Song et al. 
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proposed the Atrous Network (ANet) [57], specifically designed for semantic segmentation. ANet 

employs Atrous Blocks (A-blocks) to construct an efficient backbone and integrates a lightweight 

decoder to restore spatial details. Peng et al. introduced the Hierarchical Semantic-Aware Network 

(HSNet) [58], which incorporates a Hierarchical Feature Refinement Module (HFRM) to recover 

spatial details and a Cross-Scale Pyramid Fusion Module (CPFM) to integrate local and global 

contextual information, thereby improving segmentation accuracy. Xue et al. [59] developed an 

efficient semantic segmentation method that combines channel attention and spatial attention 

mechanisms. The model leverages HFRM and a Hierarchical Feature Fusion Module (HFFM) to 

compensate for spatial information loss during downsampling while integrating multi-level features 

to expand the receptive field.  

These advancements demonstrate significant progress in real-time semantic segmentation, 

particularly in optimizing computational efficiency and segmentation precision for resource-

constrained environments. 

3.2. Real-time Semantic Segmentation Network based on Hybrid Framework 

 

Figure 2. Model architecture of Transformer 

Transformer-based semantic segmentation architectures, such as ViT , divide an input image into N 

patches and model global dependencies through multi-head self-attention (MHSA), as illustrated in 

Figure 2. The computational complexity of this operation can be expressed as: 

 

𝒪
Transformer

= 𝑂(𝑁2𝑑)                            (1) 

 

Where 𝑁 = 𝐻𝑊/𝑃2 represents the sequence length (𝐻, 𝑊 denote image resolution, and 𝑃 is the 

patch size), and d is the feature dimension. When processing high-resolution inputs (e.g., 𝐻 =  𝑊 =
 512), the 𝑁2  complexity results in a significant increase in memory consumption, limiting the 

feasibility of real-time deployment. Although global attention mechanisms effectively capture long-
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range contextual dependencies, the trade-off between computational cost and high-resolution 

requirements remains a key challenge for applying Transformers in mobile semantic segmentation 

tasks. 

 

Figure 3. Hybrid architecture design 

To balance performance and efficiency, recent studies have adopted hybrid architectures, as 

illustrated in Figure 3. These designs utilize CNN-based local convolutions in the encoder stage to 

efficiently extract low-level spatial details (shallow feature maps) while integrating lightweight 

Transformer modules (e.g., axial attention, window attention) in the decoder stage to capture global 

semantic relationships (deep feature heatmaps). 

For example, SegFormer adopts a multi-scale hybrid structure by first downsampling via a CNN, 

followed by feature fusion and semantic encoding using a Transformer, and finally upsampling to 

generate segmentation results. Chen et al. proposed TransUNet [60], a medical image segmentation 

model that combines the strengths of Transformers and U-Net. In TransUNet, the Transformer 

extracts global contextual information, while the U-Net structure restores local spatial details, thereby 

improving segmentation accuracy. Such hybrid models leverage hierarchical feature interactions, 

reducing computational cost while significantly enhancing segmentation boundary precision and 

semantic consistency in complex scenarios. 

Building upon the advantages of hybrid architectures, recent research has focused on further 

optimizing these frameworks for real-time semantic segmentation tasks. Key advancements include: 

Parallel Local-Global Feature Extraction: Multi-scale feature interactions are enhanced by jointly 

extracting local and global features, ensuring complementary information representation. 

Lightweight Attention Mechanisms: Techniques such as dynamic token sparsification and cross-scale 

window aggregation improve efficiency while maintaining the ability to model local details (e.g., 

object boundaries) and global context (e.g., scene topology). 

Ge et al. proposed EdgeFormer [61], an efficient edge-device Transformer that introduces parameter-

efficient strategies and layer-adaptive mechanisms to enhance model performance under constrained 

computational and memory conditions. The authors also released EdgeLM, the first publicly available 

edge-side pretrained seq2seq model, facilitating efficient fine-tuning for real-world applications. 

Vasu et al. introduced FastViT [62], a hybrid vision Transformer that integrates RepMixer (token 

mixing operators) and large-kernel convolutions, effectively reducing memory access costs while 

improving accuracy. Cui et al. proposed FFTNet [63], a feature fusion network that combines CNNs 

and Transformers for semantic segmentation. FFTNet incorporates a Feature Alignment Module 

(FAM) to refine spatial details, leverages the Transformer structure for enhanced pixel representation, 

and employs a Pyramid Convolutional Pooling Module (PCPM) to compress and enrich feature maps 

while reducing computational overhead. 

Hybrid architectures that integrate CNNs and Transformers leverage the strengths of both frameworks, 

making them a promising direction for real-time semantic segmentation networks. However, 

achieving an optimal fusion of features and maintaining a balance between computational complexity 

and segmentation performance remain open research challenges that warrant further investigation. 
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4. APPLICATION SCENARIOS 

4.1. Autonomous Driving 

In autonomous driving, real-time semantic segmentation plays a critical role in environment 

perception by accurately identifying roads, vehicles, pedestrians, traffic signs, and other key objects. 

This enables autonomous vehicles to make informed decisions in dynamic traffic environments. 

Many real-time segmentation networks, such as ENet, ICNet, and BiSeNetv2, have been trained and 

evaluated on datasets like Cityscapes, specifically designed to meet the requirements of autonomous 

driving. These networks must perform real-time inference on in-vehicle computing platforms, while 

also adapting to complex road conditions and varying weather scenarios. 

Beyond segmentation accuracy, model reliability and robustness are crucial factors in autonomous 

driving applications, ensuring safe vehicle operation in diverse and challenging environments. 

Therefore, real-time semantic segmentation networks for autonomous driving must achieve an 

optimal balance between computational efficiency, robustness, and precision, making them a 

fundamental component of advanced driver assistance systems (ADAS) and fully autonomous 

vehicles. 

4.2. Mobile Devices 

Real-time semantic segmentation is also widely applied in mobile devices such as smartphones and 

tablets, where computational resources and battery life are inherently limited. Consequently, 

segmentation networks deployed on mobile platforms must be lightweight and energy-efficient. 

Mobile-optimized architectures, including MobileNet and ShuffleNet, have been extensively utilized 

in mobile image segmentation. These networks leverage techniques such as depthwise separable 

convolutions to significantly reduce the number of parameters and computational complexity. 

Additionally, model compression and quantization techniques are frequently employed to further 

minimize memory usage and power consumption, making real-time segmentation feasible on 

resource-constrained devices. 

Real-time semantic segmentation on mobile platforms is widely applied in image editing, augmented 

reality (AR), and intelligent camera applications, enhancing user experiences by providing advanced 

real-time visual processing capabilities. 

4.3. Industrial Inspection 

In industrial inspection, real-time semantic segmentation is essential for defect detection, component 

recognition, and quality control. For example, in printed circuit board (PCB) inspection, segmentation 

networks can accurately distinguish individual electronic components and detect short circuits, open 

circuits, and other defects in real time. 

In such scenarios, high accuracy and reliability are critical, as industrial environments introduce 

various challenges, such as lighting variations, occlusions, and background noise. To enhance 

adaptability, deep learning-based segmentation models often integrate domain-specific prior 

knowledge and data augmentation techniques, improving segmentation accuracy and robustness in 

industrial settings. 

By enabling precise and automated defect detection, real-time semantic segmentation plays a pivotal 

role in improving manufacturing efficiency, reducing costs, and ensuring product quality across 

various industrial applications. 
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5. EVALUATION SYSTEM 

5.1. Relevant Datasets 

5.1.1. Cityscapes 

Cityscapes [64] is a widely used benchmark dataset for urban street scene understanding, primarily 

designed for autonomous driving research. It consists of street-view images captured from 50 

different cities, covering various weather conditions and scene types. The dataset is divided into a 

training set (2,975 images), a validation set (500 images), and a test set (1,525 images). 

Cityscapes provides high-quality pixel-level annotations for 19 semantic classes, including roads, 

buildings, pedestrians, vehicles, and other urban elements. Its fine-grained annotations and high 

spatial resolution make it an essential dataset for training and evaluating semantic segmentation 

models in complex urban environments. 

5.1.2. CamVid 

CamVid [65, 66] is an early video-based semantic segmentation dataset, primarily derived from 

dashcam footage. It contains 701 images, split into a training set (367 images), a validation set (101 

images), and a test set (233 images). 

CamVid provides pixel-wise annotations for 11 semantic categories, including sky, road, vehicles, 

and pedestrians. Although it features fewer categories compared to other datasets, its video-sequence 

characteristics make it particularly valuable for studying temporal consistency and dynamic scene 

understanding in real-world driving scenarios. 

5.1.3. Pascal VOC 2012 

Pascal VOC 2012 [67] is a widely recognized benchmark dataset for computer vision tasks, including 

semantic segmentation. It contains 20 object categories, covering a diverse range of human, animal, 

vehicle, and indoor object classes encountered in everyday scenes. The dataset is divided into a 

training set (1,464 images), a validation set (1,449 images), and a test set (1,456 images). 

Pascal VOC 2012 is known for its high-quality annotations and broad applicability across multiple 

vision tasks, including object detection and image classification. The overlap between Pascal VOC 

2012 and other vision datasets facilitates multi-task learning and cross-domain generalization, making 

it a valuable resource for developing robust segmentation models. 

5.1.4. ADE20K 

ADE20K [68, 69] is a large-scale scene parsing dataset designed for scene understanding and 

semantic segmentation. It contains over 20,000 images, with a training set (20,210 images), a 

validation set (2,000 images), and a test set (3,352 images). 

ADE20K provides pixel-level annotations for 150 semantic categories, covering natural landscapes, 

urban environments, and indoor scenes. Its diverse category distribution and complex scene 

compositions make it a critical benchmark for studying semantic segmentation in real-world, multi-

object environments. ADE20K is particularly valuable for developing models capable of handling 

highly cluttered and contextually rich scenarios, which are common in practical applications. 

5.2. Evaluation Metrics 

5.2.1. Pixel Accuracy (PA) 

Pixel Accuracy (PA) is a straightforward and intuitive metric that measures the proportion of correctly 

predicted pixels over the total number of pixels in the dataset. It is computed as follows: 
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𝑃𝐴 =
∑  𝐶

𝑖=0 𝑝𝑖𝑖

∑  𝐶
𝑖=0 ∑  𝐶

𝑗=0 𝑝𝑖𝑗
                              (2) 

 

Where 𝐶 represents the total number of classes, and 𝑝𝑖𝑗 denotes the number of pixels belonging to 

the ground truth class 𝑖 that are predicted as class 𝑗. 

While PA provides an overall measure of segmentation accuracy, it can be misleading in datasets 

with class imbalance, as it tends to favor dominant classes while underrepresenting minority 

categories. 

5.2.2. Mean Pixel Accuracy (MPA) 

Mean Pixel Accuracy (MPA) computes PA for each class individually and then averages the values 

across all classes: 

𝑀𝑃𝐴 =
1

𝐶
∑  𝐶

𝑖=0
𝑝𝑖𝑖

∑  𝐶
𝑗=0 𝑝𝑖𝑗

                            (3) 

 

MPA mitigates the class imbalance issue by evaluating segmentation accuracy on a per-class basis, 

ensuring that underrepresented categories contribute equally to the final performance metric. 

5.2.3. Intersection over Union (IoU) 

Intersection over Union (IoU), also known as the Jaccard Index, is one of the most widely used 

metrics for semantic segmentation. It quantifies the overlap between the predicted segmentation mask 

and the ground truth. The IoU for each class is calculated as: 

 

𝐼𝑜𝑈𝑖 =
𝑝𝑖𝑖

∑  𝐶
𝑗=0 𝑝𝑖𝑗+∑  𝐶

𝑗=0 𝑝𝑗𝑖−𝑝𝑖𝑖
                          (4) 

 

Where 𝑝𝑖𝑖  is the number of correctly predicted pixels for class iii, while 𝑝𝑖𝑗  and 𝑝𝑗𝑖  represent 

misclassified pixels. 

The Mean IoU (mIoU), a widely accepted benchmark for segmentation models, is obtained by 

averaging the IoU values across all classes: 

𝑚𝐼𝑜𝑈 =
1

𝐶
∑ 𝐼𝑜𝑈𝑖

𝐶
𝑖=0                             (5) 

 

mIoU provides a balanced and comprehensive assessment of a model’s segmentation accuracy, 

making it the primary metric in many benchmarking studies. 

5.2.4. Frequency-Weighted IoU (FWIoU) 

Frequency-Weighted Intersection over Union (FWIoU) considers the occurrence frequency of each 

class in the dataset to provide a weighted evaluation of segmentation performance. It is defined as: 

 

𝐹𝑊𝐼𝑜𝑈 =
∑  𝐶

𝑖=0 𝑓𝑖𝐼𝑜𝑈𝑖

∑  𝐶
𝑖=0 𝑓𝑖

                            (6) 

 

Where 𝑓𝑖 denotes the occurrence frequency of class 𝑖 in the dataset. FWIoU reflects the model’s 

practical performance in real-world applications by accounting for the class distribution, ensuring 

that frequently appearing classes have a greater influence on the final score. 

5.2.5. Computational Complexity Metrics: FLOPs & Params 

Beyond segmentation accuracy, computational efficiency is crucial for real-time applications. Two 

key efficiency metrics are: 
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Floating Point Operations per Second (FLOPs): Measures the number of arithmetic operations 

required for inference, reflecting computational complexity. Lower FLOPs indicate higher efficiency, 

which is essential for mobile and embedded applications. 

Number of Parameters (Params): Represents the total trainable weights in the model. A lower 

parameter count typically results in reduced memory footprint and faster inference, making the model 

more suitable for resource-constrained devices. 

Efficient segmentation networks aim to balance accuracy with computational cost, optimizing mIoU 

while minimizing FLOPs and Params to achieve real-time performance on edge devices. 

5.3. Performance Summary of Existing Methods 

Table 1. Performance of existing methods on the Cityscapes dataset 

Method Resolution Params(M) FPS Val mIoU(%) Test mIoU(%) 

Enet [49] 1024 × 512 0.4 76.9 - 58.3 

ERFNet [70] 640 × 360 - - 71.3 70.33 

BiSeNet [71] 1536 × 768 49.0 65.5 74.8 74.7 

BiSeNet V2 [54] 1024 × 512 - 47.3 75.8 75.3 

STDC [72] 1536 × 768 22.2 97.0 77.0 76.8 

Fast-SCNN [55] 2048 × 1024 1.1 123.5 68.6 68.0 

DDRNet [73] 2048 × 1024 20.1 37.1 79.5 79.4 

ICNet [50] 2048 × 1024 26.5 30.3 - 69.5 

DFANet [52] 1024 × 1024 7.8 100.0 - 71.3 

PIDNet [74] 2048 × 1024 36.9 31.1 80.9 80.6 

ESPNet [75] 1024 × 512 0.4 113 - 60.3 

LETNet [76] 1024 × 512 0.95 150 72.8 - 

SCTNet-S-Seg50 [77] 1024 × 512 4.6 160.3 72.8 - 

AFFormer-B [78] 2048 × 1024 3.0 22 78.7 - 

RTFormer [79] 2048 × 1024 16.8 39.1 79.3 - 

SeaFormer [80] 1024 × 512 - - 77.7 77.5 

 

As shown in Table 1, existing real-time semantic segmentation methods exhibit significant trade-offs 

among speed (FPS), accuracy (mIoU), and model efficiency (number of parameters). 

High-speed models, such as Fast-SCNN (123.5 FPS) and LETNet (150 FPS), achieve real-time 

performance through highly simplified architectures with minimal parameter counts (≤1.1M). 

However, their respective mIoU scores of 68.0% and 72.8% indicate that excessive lightweighting 

compromises semantic understanding. 

High-accuracy models, such as PIDNet (80.6% mIoU) and RTFormer (79.3% mIoU), leverage 

complex architectures (≥16.8M parameters) to enhance segmentation precision. However, their FPS 

values remain below 40, making them unsuitable for strict real-time applications. 

Balanced models, such as STDC (97.0 FPS, 76.8% mIoU) and DFANet (100.0 FPS, 71.3% mIoU), 

adopt multi-branch feature fusion strategies, achieving a trade-off between speed and accuracy. These 

models are well-suited for edge computing scenarios. 

It is noteworthy that the parameter count does not strictly correlate with performance. For example, 

SCTNet-S-Seg50 achieves an exceptionally high speed of 160.3 FPS with only 4.6M parameters, 

highlighting the importance of efficient operator design in real-time segmentation. 

Current real-time segmentation models focus on three primary optimization directions: Lightweight 

Backbone Optimization – e.g., LETNet, which simplifies the network architecture to improve 
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inference speed. Dynamic Resolution Adjustment – e.g., BiSeNet series, which dynamically balances 

computational efficiency and feature representation. Hybrid Attention-Convolution Design – e.g., 

RTFormer, which integrates attention mechanisms with convolutional layers to enhance feature 

extraction. 

Although some recent methods, such as SeaFormer and AFFormer-B, achieve accuracy levels 

comparable to non-real-time models (e.g., DeepLabV3+), their FPS remains constrained by global 

attention computations (e.g., AFFormer-B reaches only 22 FPS). To further enhance real-time 

segmentation models, future studies should explore: Low-rank approximation and sparsification 

techniques to reduce computational complexity while preserving the global modeling capacity of 

Transformer-based architectures. Hardware-aware architecture search, tailoring network structures 

and operations for specific hardware platforms (e.g., NPU, FPGA) to improve real-world efficiency. 

Multi-task joint optimization, integrating semantic segmentation, edge detection, and depth 

estimation to improve model generalization and reduce dependency on large-scale annotated datasets. 

These advancements will be crucial for bridging the gap between real-time efficiency and high-

accuracy segmentation in practical applications. 

6. CONCLUSION AND FUTURE DIRECTIONS 

6.1. Conclusion 

Real-time semantic segmentation has become a crucial research area in computer vision, achieving 

significant progress in recent years. By leveraging model compression techniques, efficient 

convolutional neural network modules, and optimized Transformer-based architectures, real-time 

segmentation networks have progressively enhanced segmentation accuracy while maintaining real-

time performance. 

This paper provides a comprehensive review of real-time semantic segmentation in deep learning, 

covering fundamental concepts, application scenarios, and key challenges. Additionally, we 

systematically analyze and categorize existing real-time segmentation methods, introducing 

commonly used architectural designs and optimization strategies. A complete evaluation framework 

is also presented, encompassing benchmark datasets, evaluation metrics, and comparative 

performance analyses across mainstream real-time segmentation approaches. 

6.2. Challenges and Future Directions 

Despite substantial progress, real-time semantic segmentation still faces several critical challenges: 

Balancing Accuracy and Computational Efficiency – Achieving high segmentation accuracy under 

constrained computational resources remains a fundamental challenge. While many existing methods 

offer a reasonable trade-off between speed and accuracy, they still struggle with fine-grained 

segmentation of small objects and intricate details in complex scenes. 

Multi-Scale Context and Spatial Detail Fusion – Effectively integrating multi-scale contextual 

information and spatial details is crucial for improving segmentation performance. Although various 

multi-scale feature fusion strategies have been explored, designing more efficient context capture 

mechanisms remains an open research problem. 

Computational Complexity of Transformer-Based Models – While Transformer-based segmentation 

networks excel in global context modeling, their high computational cost limits their applicability in 

real-time scenarios. Optimizing their architectures and enhancing computational efficiency is a key 

research direction for enabling broader real-time applications. 

Looking forward, the future development of real-time semantic segmentation is expected to evolve 

in the following directions: 
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Advanced Model Compression and Hardware Acceleration – The integration of quantization, pruning, 

and knowledge distillation with hardware-optimized inference techniques (e.g., TPUs, FPGAs, and 

NPUs) will further enhance real-time efficiency. Moreover, emerging computing paradigms such as 

neuromorphic computing and quantum computing may provide new opportunities for accelerating 

real-time segmentation. 

Multi-Modal Data Fusion – Combining RGB images with other sensing modalities (e.g., LiDAR, 

radar, or audio signals) could improve segmentation robustness, particularly in safety-critical 

applications such as autonomous driving and robotic vision. 

Enhancing Model Explainability – Improving the interpretability of real-time segmentation models 

is essential for increasing transparency and trustworthiness, especially in high-stakes applications like 

medical image analysis and autonomous navigation. 

Task-Specific Model Customization – Developing domain-adaptive and application-specific 

segmentation models by leveraging prior knowledge and task-specific data characteristics will be key 

to enhancing real-world deployment and performance. 

By addressing these challenges and advancing along these research directions, real-time semantic 

segmentation can achieve higher efficiency, robustness, and broader applicability across various 

domains. 
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