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Abstract

Semantic segmentation, a critical task in computer vision, involves assigning a meaningful

label to every pixel in an image, allowing machines to understand visual data at a granular

level. It is vital in various applications, including medical imaging, video surveillance,

and augmented reality. However, it is particularly critical in autonomous driving, where

vehicles rely on accurate pixel-level predictions to navigate and make real-time decisions.

Autonomous systems must process complex scenes and identify and differentiate between

road users, obstacles, traffic signals, and other environmental elements in diverse and

dynamic settings. Achieving this pixel-wise accuracy in real-time, however, presents several

key challenges.

One of the primary challenges is the need for a balance between high segmentation ac-

curacy and computational efficiency. Autonomous vehicles operate with limited onboard

computational resources, making it difficult to deploy large, complex models in real-time

environments. Additionally, road scenes often include small and infrequent objects, such

as pedestrians, traffic lights, and cyclists, which are crucial for safe navigation but are typ-

ically harder to segment accurately. Existing methods have sought to address these issues

primarily through the use of deep learning, particularly CNN-based architectures. Sev-

eral techniques have been proposed both at macro-architecture level such as multi-branch

network, encoder-decoder networks, vision transformers, as well as at fundamental block

level such as spatial pyramid pooling modules, attention modules, and context learning

modules. However, many of these models rely on large, pre-trained networks that are

computationally expensive and unsuitable for real-time applications. Additionally, several

modules are not optimised for lightweight models, leading to higher latency and memory

usage. As a result, the trade-off between accuracy and real-time processing capabilities
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Abstract v

remains challenging, particularly for resource-constrained environments like autonomous

vehicles.

To address these challenges, novel solutions have been developed in this thesis to improve

both segmentation accuracy and computational efficiency. One of the significant contri-

butions is the introduction of a composite loss function that tackles class imbalance and

poor boundary accuracy. By combining traditional cross-entropy loss with boundary and

region-based losses, this approach effectively enhances the segmentation of small objects

and improves accuracy at object boundaries. Extensive experimentation on datasets like

Cityscapes demonstrates that this composite loss function leads to substantial accuracy

gains, particularly for smaller and infrequent classes.

In addition to optimizing the loss function, new network architectures have been designed

to meet the demands of real-time segmentation. A notable contribution is the inverse-

residual dilation pyramid network (IRDPNet), a lightweight CNN specifically developed

for resource-constrained environments. By employing an inverse-residual bottleneck and

a multi-scale dilation pyramid, IRDPNet achieves a significant reduction in parameters

while maintaining high segmentation accuracy. The network reduces model size by half

compared to existing architectures, yet it delivers competitive or superior performance,

making it ideal for real-time autonomous driving applications. Further advancements

include the integration of attention mechanisms within the network architecture. The

Block Attention Network (BANet) incorporates a modified attention method to efficiently

capture global context and long-range dependencies. This enhances the model’s ability

to interpret complex scenes while maintaining low computational overhead, ensuring that

the network can operate in real time without sacrificing accuracy.

Another challenge lies in the efficient incorporation of context awareness in the model,

which enhances the ability to distinguish between similar objects in a scene and reduces

confusion. The existing techniques majorly exploit high-level semantic features through

attention mechanisms, which may not give optimal segmentation as they lack crucial

spatial details. To address this issue, the Context-Guided Multi-scale Attention Network
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(CGMANet) is proposed to simultaneously use low-level and high-level features to generate

context-aware attention weights. The network further proposes a hybrid basic module that

combines local semantics and contextual information at the block level. By combining

these techniques, CGMANet ensures precise segmentation while preserving computational

efficiency. This architecture is optimized for real-time deployment on embedded GPUs,

demonstrating its practical applicability in autonomous vehicles that require fast inference

and decision-making.
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Chapter 1

Introduction

1.1 Background

Semantic segmentation is a pivotal task in the field of computer vision, aimed at assigning

a meaningful label to every pixel in an image [3]. Unlike traditional image classification

[4] that assigns a single label to the entire image or object detection [5] that localizes

objects with bounding boxes, semantic segmentation provides a pixel-level understanding

of the scene. This technique plays a critical role in various real-world applications such as

autonomous driving, medical image analysis, video surveillance, and augmented reality.

At its core, semantic segmentation involves partitioning an image into multiple segments,

each representing a distinct object or region with semantic meaning. For instance, in a

street scene, semantic segmentation can differentiate between pedestrians, vehicles, road

surfaces, and buildings, assigning a unique label to every pixel belonging to these cate-

gories. This detailed understanding enables machines to comprehend visual scenes with

a level of granularity similar to human perception. Modern day semantic segmentation

algorithm typically leverages deep learning architectures, particularly convolutional neural

networks (CNNs) [6, 7, 8], owing to their remarkable capability to learn complex features

from raw pixel data. These networks are trained on large datasets annotated with pixel-

wise labels, allowing them to capture intricate patterns and relationships within images.

Furthermore, recent advancements in semantic segmentation focus on achieving real-time

performance and efficiency, especially in resource-constrained environments like embedded

systems and mobile devices [7, 9]. Development of lightweight architectures in addition to

techniques such as network pruning and knowledge distillation enable the deployment of

1
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semantic segmentation models on edge devices without compromising performance. Au-

tonomous driving is one such application that requires lightweight architecture pertaining

to the availability of limited computation power. Moreover, the time-critical nature further

mandates the algorithm to work in real-time.

In general, semantic segmentation stands as a fundamental task in computer vision, en-

abling machines to comprehend visual scenes at a pixel-level granularity. With ongoing

research and innovation, semantic segmentation continues to evolve, driving advancements

across a myriad of domains and fostering the development of intelligent systems with en-

hanced perception capabilities [10].

1.2 Semantic Segmentation in Autonomous Driving

Scene perception is an important and challenging task for intelligent vehicles due to the

wide variety of environments in which they operate. While complex systems rely on multi-

modal sensor data to comprehend the surroundings, image-based techniques have gained

traction due to the lower capture cost and advancements in computer vision. Semantic

segmentation is among the core techniques of autonomous driving for detailed understand-

ing of the surrounding environment, which is essential for safe and reliable navigation. By

understanding the semantic meaning of different objects and regions in the scene, the ve-

hicle can make more intelligent decisions regarding navigation, trajectory planning, and

interaction with other road users. It is a pixel-level image classification task requiring

complex processing algorithms that can be used to improve various aspects of autonomous

driving some of which are:

1. Scene Understanding: Semantic segmentation enables the vehicle to understand the

scene by segmenting the raw sensor data, typically from cameras mounted on the vehicle,

into meaningful categories such as roads, vehicles, pedestrians, cyclists, traffic signs, and

buildings. This pixel-level understanding helps the autonomous vehicle make informed

decisions based on the detected objects and their spatial relationships.

2. Obstacle Detection and Tracking: By segmenting the scene into different semantic

classes, the autonomous vehicle can accurately detect and track obstacles such as other

vehicles, pedestrians, and cyclists. This information is crucial for path planning and

obstacle avoidance to ensure safe navigation through complex urban environments.
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3. Lane Detection and Lane-Keeping Assistance: Semantic segmentation assists in

lane detection by segmenting the road surface from the surrounding environment. This al-

lows the autonomous vehicle to precisely identify lane boundaries and maintain its position

within the lane, thereby providing lane-keeping assistance to the driver or autonomously

controlling the steering to stay in the lane.

4. Traffic Sign Recognition: Semantic segmentation helps in recognizing and under-

standing traffic signs by segmenting them from the background scene. This allows the

autonomous vehicle to interpret traffic regulations, such as speed limits, stop signs, yield

signs, and traffic signals, and adjust its behavior accordingly.

5. Semantic Mapping: Semantic segmentation contributes to building high-definition

semantic maps of the environment, which contain detailed information about the semantic

classes and their spatial distribution. These maps serve as a valuable resource for local-

ization, path planning, and decision-making, enabling the autonomous vehicle to navigate

efficiently and safely.

Overall, semantic segmentation plays a critical role in enhancing the perception capabilities

of autonomous driving systems, enabling them to interpret and navigate complex real-

world environments safely and efficiently.

Input Image Semantically
segmented

image

Deep Neural
Network

Scene Understanding

Obstacle detection
and tracking

Lane detection/lane
keep assist

Traffic sign
recognition

Semantic mapping

Applications

Figure 1.1: Applications of semantic segmentation in autonomous driving.
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1.3 Datasets

1.3.1 Cityscapes

The Cityscapes dataset [1] offers a comprehensive benchmark for evaluating semantic

segmentation algorithms in urban road-scene environments. Its large scale, fine-grained

annotations, diversity, and benchmarking infrastructure make it a valuable resource for ad-

vancing research in computer vision tasks related to urban scene analysis and autonomous

driving.

It contains over 5,000 finely annotated images, each with a resolution of 2048×1024 pixels

captured in various urban environments across multiple cities of Germany. Every image is

densely annotated with pixel-level semantic labels, providing detailed information about

the various objects and regions present in the scene. The images are annotated with 30

different semantic classes, including common objects such as road, sidewalk, building, car,

pedestrian, cyclist, traffic sign, and vegetation. However, only 19 classes are used for

training and evaluation on the official server.

The dataset encompasses a wide range of urban scenes, capturing diverse environmental

conditions, lighting variations, weather conditions, and architectural styles. This diversity

makes Cityscapes well-suited for evaluating the robustness and generalization capabilities

of semantic segmentation models across different real-world scenarios.

1.3.2 Berkeley Deep Drive

The Berkeley DeepDrive (BDD) 100K dataset [11] is a large-scale diverse driving dataset

designed for various computer vision tasks, including semantic segmentation. It consists of

over 100,000 high-resolution images captured from dashcams mounted on vehicles driving

in urban environments of New York, Berkeley, San Francisco and Bay Area. These images

are of size 1280 × 720 pixels and provide rich visual information about different traffic

scenarios, road conditions, and environmental factors encountered in real-world driving

scenarios.

Each image in the BDD 100K dataset is densely annotated with pixel-level semantic labels,

similar to the Cityscapes dataset. The annotations provide detailed information about the

various objects and regions present in the road-scene. In addition to the semantic segmen-

taion task, BDD dataset is annotated for driving tasks such as road object detection, lane

markings, and drivable area segmentation.
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1.3.3 CamVid

The Cambridge-driving Labeled Video Database (CamVid) dataset [12] is a widely used

benchmark dataset comprising video sequences captured from the perspective of a vehicle

navigating through urban environments. It consists of 701 images extracted from video

sequences, each with a resolution of 960× 720 pixels. While smaller in scale compared to

some other datasets, CamVid remains valuable for research due to its detailed annotations

and specific focus on urban scenes.

The images in the dataset includes 32 semantic classes, covering a wide range of urban

elements such as roads, sidewalks, buildings, vehicles, pedestrians, cyclists, trees, and sky.

However only a subset of 12 classes is used for training and evaluation of the model.

Figure 1.2: A few sample images and their labels from the datasets used. Row 1:
Cityscapes; Row 3: CamVid; Row 5: BDD100K.
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1.3.4 KITTI

The KITTI Semantic Dataset [13] is a widely-used benchmark consisting of high-resolution

images captured from a car-mounted stereo camera system, with a native resolution of

1242 × 375 pixels. It provides pixel-level semantic annotations for diverse environments,

including urban, rural, and highway scenes. The dataset contains 200 training images

and 200 testing images, with a total of 34 semantic classes, though commonly only 19

classes are used for evaluation. Additionally, the dataset offers depth maps, 3D point

clouds, and GPS data, enabling multimodal approaches to semantic segmentation and

object detection.

Figure 1.3: A few sample images and their labels from the KITTI Semantic Segmenta-
tion benchmark

1.4 Literature Survey

Semantic segmentation is fundamental for several computer vision applications, including

intelligent vehicles. Consequently, it has drawn the attention of the research community

for several decades. Initial research was primarily focused on improving the accuracy of

the segmentation algorithms, as the real-time application was limited due to technological

bottlenecks. Semantic segmentation algorithms can be broadly divided into classical and

deep learning (DL) based.

1.4.1 Classical methods

While deep learning has revolutionized this field, classical methods laid the groundwork

and remain valuable for specific scenarios. These algorithms are based on feature ex-

traction and representation used as image descriptors. While the local feature extractors

search for regions or local patches of specific features like corners and edges, the global

features are modelled in the form of colours and textures. The classical methods can be

broadly classified as follows:
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1. Thresholding [14]: This is the simplest and fastest method. It assumes objects have

distinct intensity values compared to the background. A threshold value is chosen, and

pixels brighter (or darker) than the threshold are assigned to a specific class, while the rest

belong to another. This works well for high-contrast images with well-separated objects,

but struggles with variations in lighting or overlapping objects.

2. Edge-Based Segmentation [15]: Edges often mark object boundaries. This method

identifies edges using filters like Sobel or Canny edge detectors. The Canny edge detector

is another popular edge detector for segmentation. It computes the intensity gradients of

the image to detect edges, then finds the maximal gradients among neighbours via non-

maximum suppression. Finally, two thresholds are applied to select the real edges. Edges

are then connected to form closed contours that enclose objects. However, noise can lead

to spurious edges, and weak edges at object boundaries can cause segmentation errors.

3. Region-Based Segmentation: This approach groups pixels with similar characteristics

(intensity, color) into regions. Common methods include:

Region Growing [16] Starting from a seed point, pixels with similar properties are added

to the region iteratively until a stopping criterion is met. This can be sensitive to initial

seed placement and can struggle with irregular object shapes. Region Merging: The image

is initially divided into small regions. Adjacent regions with similar properties are merged

iteratively to form larger, more coherent object regions. This can be computationally

expensive for large images. Split and Merge [17] This method combines both approaches.

The image is initially over-segmented (divided into many small regions) and then merged

based on similarity until desired regions are formed. This offers more control but requires

careful parameter tuning.

4. Clustering-Based Segmentation [18]: This treats pixels as data points in a feature space

(e.g., intensity, color). Clustering algorithms [19] like K-means or hierarchical clustering

group pixels into a predefined number of clusters, each potentially representing an object

class. This is effective for segmenting objects with distinct color or intensity properties

but may not work well for complex shapes or overlapping objects.

5. Watershed Transformation [20]: This method treats the image as a topographic land-

scape, with intensity representing elevation. Markers are placed at object minima (like

valleys). The image is flooded from these markers, with pixels assigned to the watershed

basin (region) they belong to. This is well-suited for segmenting objects separated by clear

intensity gradients but can be sensitive to noise and over-segmentation in flat regions.
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All these methods require the selection and handcrafting of low-level features, which be-

comes more cumbersome as the number of segmentation classes increases. Moreover,

choosing optimal parameters for these algorithms can be challenging and image specific.

These algorithms often struggle with complex images with noise and variations in light-

ning, or intricate shapes The recent advancements in Deep Learning has led to above

human-level performance in the field of computer vision.

1.4.2 Deep Learning methods

The success of deep neural networks in object detection motivated researchers to explore

the possibility of applying them in semantic segmentation tasks. Towards this end, fully

convolutional network (FCN) [3] was the first attempt to design an end-to-end fully train-

able deep network for semantic segmentation (Figure 1.4). It can take an arbitrary size

input to produce a segmentation map, thus relaxing the earlier condition of fixed input

size. FCN uses a pre-trained VGG-16 [6] backbone developed for ImageNet classifica-

tion. The fully connected layers of VGG are replaced with convolutional layers to produce

dense 2D class-activation maps. Following the success of FCN, most of the ensuing algo-

rithms were formulated to solve the structured pixel-wise labelling problems of semantic

segmentation based on CNN. These networks acquire a coarse label map by classifying in-

dividual local regions within the image. Subsequently, they employ bilinear interpolation

to achieve pixel-level labelling refinement. However, FCN-based semantic segmentation

has some critical limitations. Firstly, due to the fixed-size receptive field, it can only learn

single-scale semantics. This results in label prediction with only local context, ignoring

the non-local semantics. Secondly, the input to the upsampling layers to restore the image

resolution is very coarse. In the absence of any learnable upsampling layers, the out-

put lacks detailed object structures. Restoring the original resolution and preserving the

spatial information simultaneously still remained a challenge.

Figure 1.4: Architecture of FCN. The blocks represent the feature maps. The number
of channels are mentioned at the bottom of each block.
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To solve this problem to an extent, DeconvNet [21] proposed a symmetric encoder-decoder

architecture with a learnable deconvolution network (Figure 1.5). The decoder uses learned

filters along with unpooling operations to reconstruct the shape of an input object. Fol-

lowing the DeconvNet, encoder-decoder architecture became a popular method to restore

the lost spatial details. SegNet [22] removed the fully connected layers in DeconvNet to

improve computational speed; however, its accuracy suffered due to limited receptive field.

Figure 1.5: Architecture of DeconvNet. The feature map dimension is mentioned at the
top of each block.

Figure 1.6: Architecture of UNet. The number of channels is mentioned at the top and
the feature map dimensions on the left of each box.

U-Net [23] was another encoder-decoder model proposed for medical image segmentation.

In addition to deconvolution, the decoder concatenates the corresponding feature maps

from the encoder after each upsampling operation. This novel approach of skip connection

between the encoder and decoder preserved the spatial information locally (refer Figure

1.6). Consequently, it has been adopted for numerous segmentation tasks, and many

variants have been proposed [24, 25, 26]. The conventional convolution blocks in U-Net
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was replaced with dense blocks in FC-DenseNet [27] to provide deep supervision with

feature reuse. Similarly LinkNet [28] replaced the encoder backbone with a ResNet-18

and performed addition in place of concatenation of the feature maps in the decoder.

RefineNet [29] introduced long-range residual connections between encoder and decoder

for fusing multi-level semantic features. HyperSeg [30] adapted the UNet architecture to

divide input image into patches. It used a specifically designed context head at the end

of the encoder backbone to generate weights which are of different resolutions as they are

generated after varying strides. The patches are multiplied by the context weights before

upsampling.

However, due to the limited receptive field, U-Net-based architectures were ineffective in

encoding information from the global context, which is vital for road-scene images. To this

end, researchers proposed techniques for global context aggregation discussed subsequently.

The presence of multiple scales of objects in a traffic scene and the local connectivity of

the convolution kernels pose a challenge for effective semantic segmentation. The size of

the receptive field of a dense convolution kernel is often considered too small to capture

significant object context in the image [31]. The straightforward solution can be thought

of as the use of dilations in the kernel to gather the rich context of the objects in a larger

feature map. However, it was found that the resulting feature maps lack details of isolated

and smaller objects. DeepLab [32] solved this problem by exploiting multi-scale context

features by using dilated convolutions in a pyramid structure. They named it the atrous

pyramid pooling module (ASPP). The module consisted of multiple atrous convolution

kernels in parallel with different dilation rates inside the pyramid. This led to feature

extraction to varying scales along with an enlarged receptive field. The pyramid pooling

structure was quickly adopted by several architectures that followed. Instead of employing

atrous convolutions, PSPNet employs a sequence of parallel average pooling operations

for downsampling the input feature maps and acquiring global contextual representations.

DenseASPP [33] extended the DeepLab by adding more dilated convolutions to the ASPP

module. This further improved the feature encoding capability of the module. ParseNet

[34] designed a global pooling module to extract global context information and added it

to local features after normalization. While LBN-AA [35] uses a lightweight backbone and

a distinctive ASPP at the end of the encoder, it adds a parallel branch for spatial detail

preserving.

Self-attention mechanism [36] is another technique introduced to model the context in-

formation. It works by aggregating context features through long-range dependencies
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between the feature maps. The attention weights generated throught the aggregated con-

text features are mutliplied to the higher order feature maps to emphasize import object

features in the image. DANet [37] utilized a dual attention scheme to exploit spatial and

channel interdependecies through respective attention modules. This scheme significantly

improved the segmentation result by modelling rich global context over local features.

OCNet [38] used pixels from the same object category rather than the whole image to

calculate interlaced sparse self-attention. This reduced the computations, and the model

could learn better about interdependencies among objects. CCNet [39] aggregated the

features in both horizontal and vertical directions instead of collecting all the contextual

information over the feature maps, which reduced space complexity and led to a faster in-

ference. Asymmetric non-local neural net [40] designed non-local attention blocks, inspired

from [41], by replacing the dense matrices for calculating the query and value with sparse

pooling pyramids. Although these methods reduce the memory requirement and have

faster inference speed, their accuracy drops significantly compared to the dense pyramid

pooling-based methods.

Realtime semantic segmentation methods

Similar to recognition models, deeper and wider networks generally achieve improved se-

mantic segmentation results, however at the expense of increased computational demands

and greater memory usage. Given the constraints of computational resources in embedded

devices and autonomous vehicles, researchers have been investigating the trade-off between

accuracy and inference speed across various semantic segmentation methods. To this end

numerous techniques have been proposed to reduce the computational complexity of the

lightweight networks. These include depthwise separable convolutions [42, 43, 44, 45],

convolution factorization [46, 47, 48], and zoomed convolution [49]. The architectures

discussed subsequently incorporate these tecniques for efficient segmentation in real-time.

ENet [50] was the initial lightweight algorithm for real-time semantic segmentation of

road scenes. It uses bottleneck basic blocks and follows an encoder-decoder architecture.

The encoder introduces early downsampling that reduces the feature map dimensions of

the intermediate layers and reduces the overall computational complexity. Consequently,

ENet was significantly faster than other networks while it acheived considerable accuracy.

ERFNet [47] replaced the bottleneck blocks in the ENet with non-bottleneck 1D. More-

over, it factorized the 2D convolution kernels into 1D asymmetric convolutions to reduce

the parameters. The decoder was designed with deconvolution layers, which improved

accuracy despite reducing the inference speed.
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Figure 1.7: Basic blocks of ENet and ERFNet. (a) ENet non-bottleneck (b) ENet
bottleneck (c) ERFNet non-bottleneck-1D.

A series of ESPNets [51, 52] with a series of parallel depth-wise convolutions were pro-

posed to reduce the parameters and improve inference speed. The pyramid structure in

basic block aggragated rich context information and improved accuracy. These models

were significantly lightweight and had real-time inference, however, their accuracy was re-

stricted due to limited receptive fields. A solution to this problem was proposed in ICNet

[53] and ContextNet [54] in the form of multi-branch architecture. Images at multiple

scales are given as input. Specifically, a low-resolution image is an input for the deeper

branch to extract global context, and a large-resolution image is for the shallow branch

to preserve spatial details. BiSeNet [55] proposed dual branch network in which same

image is given as input to both semantic branch and spatial branch. An attention based

refinement module is designed to enhance the spatial features prior to fusion with the

semantic feature. BiSeNetv2 [56] merged the initial layers of the two branches by feature

sharing. Consequently, the inference speed was increased with a significant reduction in

computation. MLFNet [57] also follows a similar two-branch encoder structure. However,

it varies in the decoder structure as it uses multi-branch fusion. Essentially, it fuses three-

level features from the two encoder branches and the previous decoder block. CABiNet

[58] introduced attention based pyramid pooling module in the context branch of BiSeNet

along with attention based feature fusion.

DDRNet [59] adapted a multipath approach based on HRNet [60]. However, for a lightweight

structure, it removed two branches out of four. DDRNet proposed a bidirectional feature

enhancement strategy to improve the accuracy of lightweight backbones in which low level

context features from high-resolution branch are added to the semantic branch. Similarly,

the high level semantic features from the low resolution branch are added to the context
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branch at multiple stages. This extensive fusion strategy helps the network to learn rich

feature representations and improve accuracy.

Though vanilla UNet-based architectures were deemed to be inefficient for resource-constrained

environments, methods like FASSD-Net [61] and HyperSeg [30] follow UNet to design a

dense segmentation network by carefully redesigning the backbone. FASSD-Net exten-

sively uses the HarDBlock from HarDNet [25] in its core encoder backbone due to the

highly optimised memory traffic. In addition, a lightweight pyramid fusion technique is

employed to improve the context information. HyperSeg uses a nested UNet design to pro-

cess images in small pathces. The backbone and a specifically designed context head both

follow the UNet. The context head generates weights for the image patches of multiple

resolution. This patch-wise prcessing scheme reduces the computation load.

Figure 1.8: Semantic segmentation transformer (SETR). The multi-head attention and
MLP (multi-layer perceptron) layers consist of fully connected layers.

Transformer-based architectures

Transformers [41] are increasingly finding applications in various machine translation tasks

due to their high accuracy while they are regarded as next breakthrough in machine

learning after CNNs. Vision transformer (ViT) [62] adapts it to computer vision task

such as segmentation and detection. ViT uses a language model to represent an image

as a succession of 16× 16 image patches and uses multi-head self-attention modules with

FC layers to learn the sequence dependencies. Segmenter [63] employs transformers for
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encoding and decoding, whereas SETR [64] segments images using a transformer encoder

and a CNN decoder (Figure 1.8). Trans4trans [65] uses a transformer parsing module to

jointly learn features between a self-attention encoder and a decoder. Compared to models

that only use CNN, these models are highly accurate. However, due to the fully connected

layers in their architecture and having quadratic complexity, dense operations are required

between the sequences. Transformer-based networks are, therefore, computationally costly

since they need a lot of floating-point operations (FLOPs). This makes deployment difficult

for embedded devices with limited resources.

1.5 Major challenges

In spite of the remarkable success in deep learning, several challenges remain unaddressed

while designing a lightweight neural network for semantic segmentation. The first challenge

is preserving spatial details while extracting high-level features in CNNs. CNNs typically

use pooling and downsampling operations to increase receptive fields and reduce computa-

tional costs. However, these operations often lead to a loss of spatial information, which is

crucial for accurate segmentation. Recent research [26] has highlighted the importance of

retaining spatial details for producing high-quality segmentation results. Traditional CNN

architectures [3, 27, 66] tend to prioritize encoding high-level contextual information with

consecutive layers and large receptive fields, potentially neglecting low-level spatial details

necessary for precise segmentation. This imbalance can result in segmentation errors, es-

pecially in scenarios where fine-grained distinctions are essential, such as distinguishing

between different types of road markings or recognizing small obstacles.

To address this challenge, modern semantic segmentation approaches have explored various

strategies given below:

• Multi-scale Feature Fusion: Some approaches [55, 56, 59] leverage inputs at different

resolutions to extract features at multiple levels of abstraction. By incorporating

features from both high and low resolutions, these methods aim to capture both

high-level semantics and fine-grained spatial details. However, implementing such

architectures often requires complex designs and increased computational resources.

• Feature Pyramid Networks (FPN): FPNs [67, 33, 68] have gained popularity for

their ability to generate feature pyramids with multiple scales while maintaining

computational efficiency. These networks use lateral connections to fuse features
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from different stages of the CNN architecture, enabling the model to leverage both

high-level semantic information and low-level spatial details.

• Encoder-Decoder Architectures: Another approach involves using encoder-decoder

architectures [47, 51, 52, 23], where the encoder extracts high-level features, and the

decoder reconstructs the segmentation map at the original resolution by incorporat-

ing low-level features. This design helps preserve spatial information while benefiting

from the high-level context learned by the encoder. Variants such as U-Net and its

derivatives have demonstrated effectiveness in semantic segmentation tasks by ex-

plicitly addressing the spatial detail preservation challenge.

• Dilated Convolutions: Dilated convolutions [69, 70] also known as atrous convolu-

tions, offer an alternative to downsampling operations by introducing holes in the

convolutional filters. This allows the network to expand its receptive field without

reducing spatial resolution, thereby preserving fine-grained details. Dilated con-

volutions have been successfully incorporated into CNN architectures for semantic

segmentation, contributing to improved performance in capturing both local and

global context.

Addressing the challenge of preserving spatial details in semantic segmentation requires

careful architectural design and innovation. By incorporating techniques such as multi-

scale feature fusion, encoder-decoder architectures, and dilated convolutions, researchers

aim to strike a balance between capturing high-level semantics and preserving fine-grained

spatial information, ultimately leading to more accurate and reliable segmentation results

for applications like autonomous driving.

The second challenge is handling multi-scale objects in input images, which poses a sig-

nificant hurdle in semantic segmentation tasks, particularly when using Deep Neural Net-

works. Traditional CNN architectures, which rely on local connectivity properties of con-

volutional filters, struggle to capture sufficient contextual information to recognize large

objects effectively. While dilated convolutions have been employed to enlarge receptive

fields and capture broader context, they often lead to dominant representations of large

objects, neglecting details of small or isolated objects and resulting in subpar performance.

To address this challenge, researchers have explored several strategies as follows:

• Multi-Scale Feature Encoding [47, 51, 71, 72]: Some approaches utilize a combi-

nation of dilated and dense convolutions operations in the basic block structure to

locally encode multi-scale features. By aggregating features from different scales,
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these methods aim to capture local semantics of objects of varying sizes. However,

balancing the representations of large and small objects remains crucial while de-

signing the network.

• Aggregated Multi-Scale Context: Several methods [73, 54, 58, 60] have been de-

veloped to combine features generated by various dilated convolutions or pooling

operations to yield aggregated multi-scale contextual information. By integrating

features from different scales, these methods seek to enhance the network’s ability

to recognize objects across a range of sizes. However, achieving an optimal bal-

ance between capturing fine details and contextual information remains a delicate

trade-off.

• Self-Attention Mechanism: Recent advancements in semantic segmentation have ex-

plored the use of self-attention mechanisms [37, 74, 75] to model pixel relations

and capture long-range dependencies within feature maps. By attending to relevant

spatial locations, these methods aim to improve the network’s ability to incorpo-

rate global context while preserving local details. However, implementing conven-

tional self-attention mechanisms often requires substantial GPU memory and incurs

high computational costs, limiting their practical applicability, especially in resource-

constrained environments.

However, ongoing research efforts continue to explore novel approaches to address the

multi-scale object recognition problem in semantic segmentation. By innovating in ar-

chitectural design, feature aggregation techniques, and attention mechanisms, researchers

aim to develop more effective and efficient solutions capable of accurately segmenting ob-

jects of varying sizes in complex visual scenes. Achieving a balance between capturing

fine-grained details and contextual information remains a key objective in advancing the

state-of-the-art in semantic segmentation.

Reducing computational complexity without compromising performance is third crucial

challenge in semantic segmentation, especially for applications where real-time process-

ing and resource constraints are critical factors. Many existing methods rely on deep and

wide CNN architectures, such as ResNet101 [66] and DenseNet [33], as backbone networks,

which often have millions of parameters and high computational demands. Additionally,

complex decoders are sometimes employed to recover the resolution of segmentation re-

sults, further increasing computational complexity. To deal with this challenge, several

optimizations have been proposed in the literature. The key techniques are disussed below:
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• Architectural Design Optimization: Researchers have explored novel architectural

designs tailored for efficient semantic segmentation. These designs often involve

carefully balancing the trade-off between model complexity and performance. For

example, lightweight encoder-decoder architectures or depth-wise separable convolu-

tions can achieve good segmentation accuracy while requiring fewer parameters and

computations.

• Efficient Semantic Segmentation Architectures: Some recent approaches focus specif-

ically on designing architectures optimized for low computational complexity. These

architectures prioritize efficiency by leveraging lightweight building blocks, reducing

redundant operations, and minimizing memory footprint. Examples include Mo-

bileNet [76], EfficientNet [77], and ENet [50], which demonstrate competitive perfor-

mance with significantly lower computational requirements compared to traditional

CNNs.

• Network Pruning and Compression: Techniques such as network pruning [78] and

weight quantization [79] aim to reduce the number of parameters and operations in

the model without significantly affecting performance. Pruning methods identify and

remove redundant or less important connections or neurons, while compression tech-

niques quantize weights to reduce precision and memory footprint. These approaches

can lead to more lightweight models suitable for resource-constrained devices.

• Model Distillation: Model distillation [80, 81] involves training a smaller, more

lightweight model to mimic the behavior of a larger, more complex model (teacher

model). By transferring knowledge from the teacher model to the student model,

distillation can produce compact networks with comparable performance to their

larger counterparts. This approach enables the deployment of efficient segmentation

models with reduced computational complexity.

• Hardware Acceleration: Hardware accelerators [82, 83], such as embedded GPUs,

FPGAs , and ASICs can be used to speed up inference for semantic segmentation

tasks. These accelerators are designed to efficiently execute neural network compu-

tations, enabling real-time processing even on resource-constrained devices.

By leveraging a combination of these techniques, researchers aim to develop efficient seman-

tic segmentation models capable of running in real-time on resource-constrained devices,

without sacrificing accuracy or requiring excessive computational resources. Achieving

low latency and low memory footprint segmentation is essential for enabling intelligent

systems to operate efficiently and effectively in real-world environments.
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1.6 Problem Definition

Motivated by the challenges in the previous section, the objectives of the research work

undertaken in this thesis can be defined as follows:

• Propose a custom loss function to improve the performance of the semantic segmen-

tation around small objects and boundaries.

• Design a real-time and lightweight CNN with simple encoder-decoder architecture

for semantic segmentation of road-scenes.

• Develop an efficient DNN with attention based basic building block for efficient

feature learning for semantic segmentation.

• Develop a fast CNN for semantic segmentation with competitive accuracy achived

through efficient incorporation of attention guided contextual features and minimise

the computation requirements.

1.7 Contributions of the Work

To address the challenges and achieve the objectives mentioned in the previous sections,

this dissertation introduces several deep neural networks and various computational mod-

ules for semantic segmentation. The key contributions are summarized below.

• The first contribution is the inverse-residual dilation pyramid network (IRDPNet),

which proposes a lightweight encoder-decoder-based architecture without using any

ImageNet backbone. It takes inspiration from the DABNet [46] and further improves

the segmentation score and reduces the network size by redesigning the basic block.

The basic IRDP module utilizes groups of depth-wise dilated convolutions with vary-

ing rates to form a spatial pyramid, effectively reducing computational complexity.

The module can efficiently learn contextual features at multiple dilations within the

block. The usage of the inverted residual structure with an expansion layer prevents

information loss due to the dimensionality reduction of the feature space. The pro-

posed network can achieve real-time performance with improved accuracy over the

DABNet with less than half of the parameters.
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• The second contribution is the block attention network (BANet). The spatial atten-

tion mechanism has been shown to effectively aggregate global contexts and capture

long-range dependencies, making it advantageous for semantic segmentation. How-

ever, its implementation incurs significant computational costs, even on high-end

GPU-based platforms. In BANet, a simplified attention method is designed and

integrated in the basic block of the model. The block is repeated to build an efficient

encoder-decoder network which can run in real-time on resource-constrained devices.

• The presence of large number of classes and class imbalance in the autonomous

driving road-scene mak accurate labeling of pixels challenging around smaller classes

and object boundaries. Inspired by the extensive use of custom deep learning training

losses in bio-medical image segmentation, a composite loss function is proposed to

mitigate the issues discussed above. The composite loss function has been formulated

by combining distribution-based and boundary/region-based loss functions. The

emperical results prove the efficacy of the proposed task-specific loss function.

• Another significant contribution is the context-guided multi-scale attention network

(CGMANet), which builds on the extensive knowledge gained through the above

contributions. A fast-hybrid module (FHM) is designed to enhance the joint learning

of semantic and contextual features through stacked depth-wise dilated convolutions.

The FHM further adds a downsampling kernel with a learnable convolution filter to

increase the effective field of view. To further combine global contexts and long-

range dependencies, a context-guided attention method is proposed. The unique

idea behind this method is the use of low-level features, often rich in details like

object boundaries and textures, to generate weights for high-level semantic features.

1.8 Thesis Organization

The rest of the thesis has been divided into five chapters based on the publications, followed

by a concluding chapter presenting future directions.

Chapter 2 proposes a custom loss function for semantic segemntation of road-scenes. It

explores the various boundary and region-based functions in context of autonomous driv-

ing. Based on the performance a composite function is proposed which improves the

segmentation performace around smaller objects and boundaries.
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In chapter 3, an efficient, lightweight CNN is proposed based on the state-of-the-art DAB-

Net architecture. By redesigning the basic block with inverse-residual bottleneck and

dilation pyramid, improved performance has been achieved with half the model size.

Chapter 4 leverages the self-attention mechanism in the basic block of the deep network

to model the relevant features at every stage. A block-attention module is proposed

with simplified attention added to a multi-branch structure to learn features at multiple

dilations. A fast and lightweight decoder is also designed to fuse the encoded features and

restore the resolution.

Chapter 5 further delves into the joint learning of semantic and contextual features by

designing a fast-hybrid basic module. In addition, a context-guided multiscale attention

module has also been proposed, which leverages the low-level feature details to selectively

restore the feature map resolution in the decoder.

In chapter 6, a hierarchical approach for context integration in a multi-path deep neu-

ral network has been proposed. The network integrates features at multiple depth and

resolution to obtain a rich representation of the semantically distinct objects.

Chapter 7 concludes the thesis and discusses the future direction of the work.
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Chapter 2

Custom Loss Functions for

Semantic Segmentation

Semantic segmentation of images for autonomous driving is a dense pixel-level prediction

task. Present-day algorithms make extensive use of deep learning models for parsing the

image. A large number of classes and class imbalance in the autonomous driving dataset

make accurate labeling of pixels challenging. Cross-Entropy (CE) loss function is mainly

used to optimize the network parameters during training. The overall performance gain

resulting from CE loss comes from large object classes. In contrast, the segmentation

accuracy of smaller classes and object boundaries remains inferior, even with increased

overall accuracy. To address this limitation, task-specific custom loss functions have been

developed and used for various applications like biomedical image processing. However,

they have rarely been used for road scene segmentation in an autonomous driving context.

To fill this gap, we develop a composite loss function by linearly combining the CE loss

and boundary/region-based loss to improve the existing state-of-the-art model. We give

empirical evidence that our custom loss function improves the segmentation scores on

smaller object categories and object boundaries.

2.1 Introduction

A loss function is utilized in deep learning networks to evaluate the model’s performance

and update the learned parameters. It quantifies the difference between the desired output

and the model output. Modern state-of-the-art computer vision algorithms employ deep

21
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networks for various tasks such as object detection, segmentation, and classification. Se-

mantic image segmentation is one such task requiring labeling each pixel. It is extensively

applied in bio-medical image segmentation, road-scene parsing, robotics, and aerial image

segmentation. Over recent years, many deep-learning algorithms have been developed for

these tasks. The general trend to improve model accuracy is increasing its complexity

and size. However, this comes at increased hardware costs. Small network size becomes

essential for resource-constrained devices such as embedded systems and mobile devices.

Researchers in [84] showed that significant accuracy gains could be achieved over exist-

ing deep learning object detection algorithms by employing a custom loss function while

training. Following this work, several custom loss functions were developed for computer

vision tasks such as image segmentation [85, 86, 87]. However, the primary focus has

been bio-medical image segmentation. With the recent paradigm shift in transportation

towards autonomous driving, more accurate predictions are required at the image level.

Since both the applications of bio-medical image segmentation and road-scene parsing are

fundamentally pixel-labeling tasks, algorithms developed for the former have been applied

to road-scene segmentation [23, 53]. Consequently, the custom loss functions designed for

bio-medical applications can be used in autonomous driving, albeit with modifications.

2D Cross-entropy(CE) loss [88] is majorly used to optimize segmentation algorithms in

the literature. It is an easily differentiable and simple loss function without much compu-

tational overhead. Overall, it performs well for the bulk region of the objects and large

classes present in the images. However, it could still perform better on object bound-

aries and smaller classes. Researchers in [89] have identified class imbalance as one of

the primary reasons for low performance in smaller classes. While being region agnostic,

CE loss fares poorly at boundary pixels. Some of these limitations have been addressed

by researchers in the bio-medical domain [90, 91] through custom loss functions. This

eventually inspires us to adopt a similar approach for our field.

In this chapter, we adapt different custom loss functions for road-scene parsing tasks.

We extensively analyze different hyper-parameters and loss function combinations on the

Cityscapes dataset. Experiments show that our proposed combinations of custom loss func-

tions can improve the existing network’s performance on small classes and object bound-

aries. We have used the ERFNet model [47] for its simplicity and sequential structure. In

the following sections, we briefly discuss the related works, followed by an introduction to

various custom loss functions, the proposed method, and experimental results.
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2.2 Related Works

To improve the standard CE loss for road scene segmentation tasks, researchers have

broadly followed three approaches:

1. Introduce a class-weighing factor in the CE loss function to address the class imbal-

ance.

2. Use the auxiliary loss function in conjunction with CE loss to improve image bound-

aries.

3. Employ sampling techniques such as hard example mining to filter out easy examples

before calculating CE.

These approaches are briefly discussed in this section.

1. Weighted CE loss based

As stated in the previous section, these loss functions add a class probability-based weight

in the cross entropy factor. The aim is to give large weights to the smaller classes like

traffic signals, traffic signs, poles, boundaries, and bicycles. The dominant classes, like

roads, cars, footpaths, pedestrians, and buses, get smaller weights. The most intuitive

method of assigning weights is calculating the inverse class probabilities. However, as

the class probabilities tend to zero, the factor becomes unbounded. To overcome this,

ENet [50] introduced a custom class weighing scheme in which the weights are bounded

as probabilities tend to 0. Works like [51], [47], [73], and [54] have used similar weighing

schemes with different hyper-parameters. RetinaNet [84] developed a dynamically scaled

CE loss in which the scaling factor reduces as the classification accuracy increases.

2. Auxiliary loss based

In addition to the primary n-class CE loss, where n is the total number of object classes

in the image, [92], [59], [54] have used auxiliary loss functions. While the main branch

outputs are fed into the CE loss function, an additional layer is used for the auxiliary

loss. CE is mainly used as an auxiliary loss in the networks which follow a multi-branch

structure. In these networks, one branch is used for contextual feature learning, whereas

the other is used for spatial details. Since the outputs from both branches have n-channels,
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CE loss is used. For improving the segmentation accuracy on object boundaries, [92] has

introduced the dice loss [90]. The edge details are represented as a binary image; hence

the auxiliary output has a single channel. The ground truth image is passed through a

simple edge detector filter such as Canny [15] before calculating loss.

3. Sampling technique based

Authors in [93] have observed that in classification problems if the negative samples are

not filtered during training, the network will be biased towards lower confidence scores.

Sampling techniques like bootstraping [94] and online hard example mining (OHEM) [93]

are readily utilized for a sampling of the pixels. After these pixels are sampled according

to some minimum criteria, they are given to standard loss functions. Detectron [95]

proposed the probabilistic OHEM-based CE loss function, which provided excellent results

on problems like object detection, classification, and segmentation.

2.3 Loss Functions

This section briefly discusses some custom loss functions used for image segmentation.

Based on the derivation, the loss functions can be broadly classified into distribution-

based, region-based, and boundary-based.

2.3.1 Distribution-based loss

These loss functions tend to measure the dissimilarity between two statistical distributions.

The classic function of CE is the most basic yet efficient example. CE and its variants are

highly utilized for training a semantic segmentation model.

a. Cross entropy

The cross-entropy loss measures the distance or dissimilarity between two distributions,

say A and B. In the semantic segmentation task, A is the ground truth label, and B is the

predicted label by the deep network. The CE loss is thus defined by

LCE = − 1

N

N∑
n=1

H×W∑
i=1

gtni log y
n
i (2.1)
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where N is the total number of classes, gtni is the ground-truth label binary indicator of ith

pixel of class n and yni is the corresponding predicted probability. H×W is the dimension

of the final predicted feature map or input image.

b. Weighted cross entropy

To prevent training bias due to class imbalance, ENet [50] introduced a weighting factor

based on inverse class probabilities. The class probabilities are calculated apriori from the

training subset. The custom class weight is given as

wclass =
1

ln (c+ pclass)
(2.2)

where pclass is the class probability and c is a hyperparameter added to bound the weights.

c. Focal loss

Focal loss only factors the hard examples by adding a dynamic scaling factor to the CE

loss. [84] argues that in the absence of any mechanism to filter out the easy examples,

the model is biased toward these. As a result, the hard examples are not appropriately

classified. The dynamic scaling factor decays to zero with increased confidence in the

correct class. The focal loss is defined by

LFocal = −
1

N

N∑
n=1

H×W∑
i=1

(1− yni )
γgtni log y

n
i (2.3)

here (1− yni )
γ is the added factor. As yni is the predicted probability which tends to 1 as

confidence increases, the factor tends to 0. γ is the hyperparameter with a value of 2 for

optimal performance.

2.3.2 Region-based loss

Region-based loss functions measure the overlap or intersection between two regions. In

the case of segmentation, the regions are obtained from the ground truth image and the

predicted model output. Jaccard and Dice [90] are commonly used region-based losses

discussed here.
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a. Jaccard loss

Also known as Intersection-over-Union(IoU), Jackard loss [96] measures the overlap be-

tween the segmented regions in the ground truth and predicted output. As it directly

factors the segmented object region, class imbalance does not affect the metric. It is given

as

LIoU = 1−
∑N

n=1

∑H×W
i=1 gtni y

n
i∑N

n=1

∑H×W
i=1 (gtni + yni − gtni y

n
i )

(2.4)

b. Dice Loss

The Dice loss is based on the Sorensen-Dice coefficient [97]. It was first adapted in image

segmentation for boundary delineation of 3D medical images [90]. It gives the ratio of the

intersection of the ground truth and predicted segment. The dice loss is given by

LDice = 1−
2
∑N

n=1

∑H×W
i=1 gtni y

n
i∑N

n=1

∑H×W
i=1 gtni +

∑N
n=1

∑H×W
i=1 yni

(2.5)

A simple extension of this dice loss with class weights was given by [98]. In which the

weights were inversely proportional to the class frequencies in the ground-truth labels.

This introduced class in-variance in the loss function. The class weights are given by

wn =
1∑N

n=1 gt
n
i

(2.6)

2.3.3 Boundary-based loss

It minimizes the distance between the boundaries of the ground truth segment and the

predicted segment. We only discuss Hausdorff distance loss in this category.

Hausdorff Distance loss

This loss function is based on the Hausdorff distance (HD). It can be approximated by the

distance transform for integration into CNNs [99]. The HD loss is given as

LHD =
1

H ×W

N∑
n=1

H×W∑
i=1

[(yni − gtni )(d
2
gtni

+ d2yni )] (2.7)
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here dgtni and dyni are the distance transforms of ground truth and the predicted output,

respectively. They give the maximum distance between any pixel in the segmented object

and its boundary.

2.4 Proposed Method

As discussed in the previous section, it can be seen that losses from different categories

focus on different object regions. Based on this, we model our composite function as a

combination of CE loss with the region and boundary-based auxiliary losses. Following

[100], an affine combination of the loss functions is used. The proposed composite loss

function is of the form:

LTotal = −[(1− α) · 1
N

N∑
n=1

H×W∑
i=1

gtni log y
n
i ] + [α · LAux loss] (2.8)

Here α is the coefficient such that, α : R ∈ (0, 1). We tried different values for α (Figure

2.1) and empirically found the value of 0.4 optimal for our case. In the composite function

(Equation 2.8), the first term is the CE loss which is responsible for the overall optimization

of the network parameters. While the second term, which is the auxiliary loss, aids region-

specific learning. Combining more than one auxiliary loss function with CE did not lead

to any significant gains; hence we restrict it to one. Unlike CE loss, the region and

boundary-based functions require binary class ground truths. In order to generate these,

the ground-truth images are convolved with a simple canny edge detection kernel. This is

done for every class separately and the resulting losses are added after normalizing. For

HD loss, we only consider one object class at a time as foreground and ignore the rest of

the classes as background. The losses are then added to obtain the final value from each

training sample.

2.5 Experimental Results

Extensive experiments have been performed on the competitive Cityscapes [1] dataset. We

select the state-of-the-art method, Efficient Residual Factorized ConvNet model (ERFNet)

[47] for the ablation studies.
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Figure 2.1: Validation loss for different values of Alpha. It can be seen that the com-
posite losses are minimum for alpha = 0.4

2.5.1 Implementation Details

The model has been implemented in PyTorch v1.11 on Nvidia-V100 GPU running with

Intel-Xeon-silver 4110 processor. Adam optimizer with an initial learning rate of 5× 10−4

is utilized in all the experiments. A polynomial learning rate schedule with weight decay

of 10−4 is used. As data augmentation strategies, random - flips, translations, and crops

are selected. We flip the images both horizontally and vertically. For translations, we use

a maximum shift of 2 pixels. The crop size is fixed at 512 × 512. The encoder output is

used and bilinearly upsampled to the original resolution to reduce training time and make

a fair comparison. All the models have been trained for 100 epochs.

2.5.2 Results and Discussions

The standard intersection-over-union(IoU) metric has been utilized for performance evalu-

ation. The IoU scores for the model trained with different loss functions are given in Table

2.1. We have calculated IoU scores for only 19 classes used in training. It can be seen

that using region and boundary-based losses, in addition to distribution-based loss func-

tions, improves the segmentation score on small classes (mentioned in Table 2.2). There

is a significant improvement in these classes (fencing, traffic lights, signals, person, and

motorcycle). The classes (bus, train, and truck) have fewer samples in the training set,

even though the size of each object in the sample is large. The composite loss functions
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Figure 2.2: Training and Validation Loss (normalised) of first 80 epochs for the loss
functions.

have also improved results on these classes (refer Table 2.1). We see that in all cases,

using a multi-function loss is beneficial. However, the best score is obtained by using Dice

and weighted CE loss functions together. While the Dice loss improves the region-specific

performance on the object, weighted CE loss helps improve the segmentation score. To

further prove the effectiveness of the proposed loss function, we train some state-of-the-art

methods with the composite function. Table 2.2 shows improved results in smaller classes.

The maximum gain of 26% is achieved for the motorcycle class in ERFNet. This is fol-

lowed by a gain of 19.9% for the traffic light in ESPNet [51]. The minimum improvement

is observed in CGNet [73] because it is already trained using an auxiliary loss function.

However, the gain is still significant.

Figure 2.2 presents the training and validation loss plots for the functions discussed earlier

in this section. We have used normalized values of training losses for plotting. The

validation loss is calculated only using the weighted CE function for every experiment.

The Focal+CE function has the least training and validation loss. Weighted CE follows it

closely for training loss but has a higher validation loss. This can be attributed to inferior

performance in smaller classes. The validation loss of Dice+CE closely follows the training

loss. This implies that the model can better learn the abstract features from the image

without undergoing overfitting. As a result, this combination of Dice and CE gives the
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Figure 2.3: Qualitative examples of segmented images produced by the model trained
with different loss functions; Column 1: Input Image, Column 2: Ground Truth, Column
3: CE loss(Baseline), Column 4: Dice+CE loss. The improvements in some of the small

classes are highlighted in black squares.

best mIoU scores and significantly improves the IoU in smaller classes.

Figure 2.3 shows some qualitative examples of the segmented images. It can be seen

that the segmentation results of the model trained with the Dice+CE function (Column

3) perform better than CE (Column 4) on smaller classes. The network has improved

results on poles, traffic lights, and signals highlighted in black squares in the images. Some

improvements can also be seen in large classes (sidewalks-pink color and road segmentation-

purple color).

2.6 Conclusion

In this work, we adapted some of the custom image segmentation loss functions and

applied them to the road-scene understanding task. The extensive ablation study shows

that it is possible to improve the performance of the existing network on smaller classes

by using compound loss functions. We have combined different categories of loss functions

to enhance the feature learning capability of the network. The improvements have been

achieved without structural changes to the network and limited training data.
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Chapter 3

Rethinking DABNet: Light-weight

Network for Real-time Semantic

Segmentation of Road Scenes

3.1 Introduction

The ever-increasing prosperity of deep learning algorithms has achieved above human-level

performance in semantic segmentation applications. Recent model designs with the highest

accuracy come with large and complex architectures. The high computational cost asso-

ciated with such performance makes these algorithms unsuited for resource-constrained

devices like smartphones, drones, robots, and intelligent vehicles with limited computa-

tional power. Further, the requirement for low latency in such devices makes the scenario

more challenging.

The demand for autonomous driving in intelligent transportation systems has motivated

researchers to design many lightweight real-time networks for road scene-parsing appli-

cations. These methods are primarily based on CNNs, given that modern algorithms

like image transformers [63] are still very large for edge device deployment in constrained

scenarios. ENet [50] is among the initial algorithms which exclusively target semantic

segmentation in mobile devices. It factorizes the convolution kernels in a ResNet [66], an

Imagenet backbone structure, to reduce the parameter count at the expense of accuracy

loss. Adapting Imagenet backbones to semantic segmentation lacks task-specific design.

32
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Therefore, designing a lightweight backbone from scratch with reduced depth is a com-

mon design choice for real-time and lightweight models. However, reducing the depth also

decreases the field of view that is essentially required for learning contextual features in

the semantic segmentation framework. This issue is resolved by using dilated convolutions

in the backbone [47]. DABNet proposes an excellent algorithm using depth-wise factor-

ization and dilated convolutions as functional elements. It proposes a two-branch basic

block that jointly learns local and global contextual features. However, the DAB module

can only learn global features at a single dilation rate, which may not be very effective in

learning multi-scale object features. It uses residual bottleneck connections [76] to reduce

the channel width within the module. This ultimately decreases the parameters for thin

and deep network design. Nevertheless, the non-linearity in the residual bottleneck can

destroy much information when channel width is reduced beyond the manifold of input

feature space [42].

In this work, fast inference on resource-constrained devices has been targeted. Due to the

availability of limited computational resources and low-latency requirements, these devices

restrict the design space to simple network topology. To this end, a novel deep network

is designed from scratch without any pre-trained Imagenet backbone. The basic block

structure leverages a multi-rate dilation pyramid structure for deep feature aggregation

and the use of inverted residual bottlenecks. Due to this inherent structure, it is called an

inverse-residual and dilated pyramid (IRDP) block. The primary network has been built

for real-time semantic segmentation by repeating the IRDP block without changing the

DABNet structure, which can run on resource-constrained devices. The overall network

structure of IRDPNet is shown in Figure 3.2. In addition, a lightweight variant, IRDPNet-

L, has been proposed along with a full, encoder-decoder-based variant, IRDPNet-D, that

utilizes a novel, ultra-lightweight decoder.

The remainder of the Chapter is arranged as follows: Section 3.2 introduces the proposed

IRDP module and provides a detailed description of the network architecture. Section 3.3

shows the experimental results and the discussions about the effectiveness of the design

choices. Followed by the conclusion in Section 3.5.

3.2 Proposed Method

The existing state-of-the-art methods for semantic scene parsing are primarily based on

deep Imagenet backbones or sequence-to-sequence learning models like transformers [64,
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Figure 3.1: Size-accuracy comparison of our proposed method with lightweight and
real-time state-of-the-art methods on the Cityscapes test set. The proposed method is

highlighted in red. ‘L’: Lightweight variant, ‘D’: variant with decoder.
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Figure 3.2: Architecture of the proposed Inverse Residual-Dilation Pyramid Network
(IRDPNet). ‘R’ means input image resolution (H x W). ‘R * 32/64/128’ is the feature

map dimension, where 32/64/128 is the number of channels.

63, 102]. The absence of high computing power and small memory on embedded devices

limits the deployment of such methods. DABNet proposed a highly efficient network that

balanced the size and accuracy trade-off. The proposed network is built on DABNet with

carefully redesigned modules. This section details the IRDP module, which forms the

fundamental building block of the proposed network, IRDP Net, discussed next. The

IRDPNet is extended with a novel fast-lightweight decoder (FLD) to form IRDPNet-D.

These modules are discussed subsequently.
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Figure 3.3: Overview of the basic modules. ‘Cin’: Number of input channels. ‘3x1’ is
the convolution kernel size. ‘d’: Dilation rate. ‘+’ denotes element-wise addition.

3.2.1 Inverse Residual Dilated Pyramid Module

While designing lightweight networks, conventional 3 × 3 convolution kernels are spar-

ingly used to keep the parameter count low. Asymmetric, depth-wise separable, and point

convolutions are extensively used instead [47, 48, 35]. However, these convolutions are

approximations of the conventional kernels and marginally drop the network performance.

We carefully design our basic block, IRDP module, around these convolutions to restrict

the network size, albeit with some loss of accuracy. Inspired by inverted residual bottle-

neck connections in [42] and pyramid structure for multi-scale feature learning in ESPNet

[51], the inverse residual dilated pyramid (IRDP) module is designed. In the following

paragraphs, first, the design choices are elaborated. Followed by the overall module struc-

ture.

Inverse residual bottleneck structure: Bottleneck structures were proposed in [66]

and used in many networks [51, 47, 76] to reduce the feature-space dimensions that ul-

timately result in parameter savings. However, using ReLU non-linearity and reducing

channels in the bottlenecks leads to information loss due to mapping the input manifold

of interest to a low-dimensional subspace. Researchers in [42] proved that if the channels

are increased in the bottlenecks so that the input manifold lies in a low-dimension sub-

space of the input space, sufficient information can be preserved. Following this intuition,

an inverted residual bottleneck structure is used in the IRDP module. We introduce an

expansion factor, ′α′ ∈ Z > 1, used as a channel-width multiplier in the proposed module.
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Dilation pyramid structure: We reiterate the need for multiple dilations for contex-

tual learning of features at various scales in a semantic segmentation backbone. For this, a

pyramid structure is used after the inverted bottleneck in the IRDP module. We have only

used a three-branch pyramid structure to restrict the memory usage within the module

(Figure 3.3b). The first branch does not use any dilation, thus focusing on learning local

information around the centre of the kernel. Two convolution kernels are stacked in the

second and third branches, each with different dilation rates. This increases the effective

dilation rate of the branch. To further capture multiple-scale features, connections are

added between two filter kernels from the previous branch. These branches are responsi-

ble for learning surrounding contextual features. The features from all three branches are

added at the end.

IRDP module: The overall structure of the proposed module is given in Figure 3.3b

alongside the DABModule (Figure 3.3a). The input is filtered with a linear 1 × 1 con-

volution kernel, increasing the number of channels by the expansion factor. One of the

significant parameter savings in the module design comes from using pointwise convolution

instead of conventional convolution for channel expansion. The dilation pyramid follows

this, as explained in the previous paragraph. For effective feature fusion, the output of

the pyramid is convolved with a 3× 3 kernel. It also restores the number of intermediate

channels to the input channels. For residual learning, we simply add the input feature

maps with the output of the module. The purpose of this skip connection remains the

same as in [66], which is better gradient flow during backpropagation. Given the number

of input channels Cin and output channels Cout, the parameters for our IRDP module can

be calculated as follows:

Sparam = Cin × 1× 1× αCin + αCin ×
αCin

g1
× 3× 3

× 5 + αCin ×
Cout

g2
× 3× 3

= α C2
in + 45 α2 C2

in

g1
+ 9 α Cin

Cout

g2

(3.1)

where g1 is the number of groups in the convolution kernels inside the pyramid structure

and g2 in the output 3×3 convolution; for g1 = α Cin and g2 = Cout, we have:

Sparam = α Cin

[
Cin + 45 α

Cin

αCin
+ 9

Cout

Cout

]
= α Cin [Cin + 54]

(3.2)
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As it can be seen from Equation 3.2, the number of parameters in the IRDP module

depends mainly on the number of input channels

3.2.2 IRDP Net

The proposed network is effectively designed using the IRDP module as the fundamental

building block, as presented in Figure 3.2. As can be seen in the figure, the network has

four stages. At the same time, the initial stage contains three 3×3 convolution kernels, and

the second and third stages are made using multiple IRDP modules. The fourth stage deals

with the projection layer and bilinear upsampling. Following a shallow structure makes

our network lightweight and fast, which are prime requirements for resource-constrained

devices. Table 3.1 gives the detailed network design. The essential design features of the

proposed network are mentioned in the following subsections.

Downsampling: Three downsampling operations are performed in the network, each

reducing the input feature map resolution (Height × Width) by half. Some of the recent

works [55, 61, 58] use five downsampling operations to reduce the feature map size up

to 1/32. However, they are deeper and employ various context aggregation modules like

pyramid pooling modules. To keep our architecture fast, we only go up to three stages.

The downsampling operation serves two purposes: first, it reduces the number of FLOPs

required in the following layers; second, it increases the field of view to learn the contextual

information effectively in case of semantic segmentation. Both these functions are essential

for the network design. Unlike works such as [47, 51, 61], we do not use a specific down-

sampler in the first stage. Rather, a 3×3 convolution with a stride of 2 is utilized. Using

hardware-optimised standard convolution makes the initial block faster, which operates

on the input image resolution.

Following the DABNet, we apply the ENet downsampling module in the second stage. It is

a two-parallel branch structure, with maximum pooling kernel and 3×3 convolution with

a stride of 2. However, we redesigned the module using asymmetric convolution kernels

(Figure 3.4). This further reduces the number of parameters in our downsampler.

Image boundary features reinforcement: Long-range shortcut connections from the

input image to downsampling modules are used in DABNet with an intuition of feature

reuse. In these connections, the input image is global-average pooled and concatenated

with the feature maps of the same resolution. However, it is found that doing so explicitly

reinforces the image boundary features lost due to the subsequent low pass filtering by the
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Figure 3.4: Downsampling modules. ENet downsampling module (left) and proposed
downsampling module (right). They differ in the convolution kernels.

convolution operations. Input image reinforcement has been used in the second, third and

final stages of the network.

Projection layer and Upsampling: In the final stage of the IRDPNet, a linear 1× 1

convolution projection layer is used. The function of this layer is to project the higher-

dimension manifold to a smaller dimension. This is accomplished by reducing the number

of output channels to a value much less than the number of input channels. The feature

maps from the third stage are projected to the number of classes in the segmented image,

19 in this case.

Table 3.1: Detailed structure of proposed IRDP Net

Layer Operator Mode Channel Output size
1 3x3 Conv stride 2 32 384×768
2 3x3 (G) Conv stride 1 32 384×768
3 3x3 (G) Conv stride 1 32 384×768
4 Downsampling stride 2 64 192×384
5 IRDP module d=(1,2,1,2) 64 192×384
6-7 2×IRDP module d=(2,4,8,16) 64 192×384
8 Downsampling stride 2 128 96×192
9 IRDP module d=(1,2,1,2) 128 96×192

10-14 5×IRDP module d=(2,4,8,16) 128 96×192
15 Projection - 19 96×192
16 Bilinear interpolation ×8 19 768×1536

(G) Conv- Group convolution; d=(d1,d2,d3,d4) is the dilation rate,
refer Fig. 3.3b.

3.2.3 Fast-lightweight decoder (FLD)

In the literature, there are primarily two design possibilities for the decoder, one utilis-

ing deconvolution [47] and another using simple bilinear upsampling [55]. Deconvolution

enhances representation capability owing to learnable weights; nevertheless, it reduces per-

formance due to the needed kernel memory reorganisation. Bilinear upsampling, on the
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Upsampler

Conv 3x3

Upsampler

Conv 3x3

Upsampler

Conv 1x1

Sigmoid

Conv 1x1

Sigmoid

Projection

BN

BN

1/8

1/4

1/2

Segmented Image

Figure 3.5: The fast and lightweight decoder (FLD). ‘+’ is elementwise sum. ‘BN’ is
batch normalization. ‘1/2’ is the feature map size representing the skip connection from

the first stage. Similarly, ‘1/4’ and ‘1/8’ are from the second and third stages.

contrary, is quick and doesn’t use weights. To circumvent these constraints, a three-stage

decoder (Figure 3.5) is created that leverages bilinear upsampling to boost feature map

resolution. Standard 3×3 convolution layers are used rather than deconvolution layers to

retain representation capacity.

Encoder skip connections are utilized in the decoder after [22]. The encoder features are

merged with the decoded features after each upsampler. Before the addition, pointwise

convolution is performed along with a sigmoid non-linearity; it serves two goals. First, it

decreases the channel dimensions to match the number of features in the main branch.

Second, it appropriately weights the attributes in order to highlight the most significant

features. During backpropagation, these are learned automatically.

3.2.4 IRDPNet-D

The proposed network attached to the FLD forms the complete encoder-decoder-based

design called IRDPNet-D, where ‘D’ signifies the decoder. Some of the information is lost
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during the downsampling process in the encoder. Decoders are designed to compensate

for this lost information while progressively increasing the size of feature maps. However,

architectures like [46, 55, 73, 54] forgo the decoder for the sake of high-speed inference.

To solve this problem, a fast and lightweight decoder has been designed. This leads to a

significant improvement in the accuracy of the network with only minimal speed loss.

3.3 Experimental Results

This section evaluates the proposed network on three widely used datasets, Cityscapes,

Camvid, and Berkeley deep drive, for benchmarking road-scene parsing tasks. To begin

with, a brief introduction is given to the datasets, followed by the evaluation metrics. Then,

an extensive ablation study is conducted to show the efficacy of the proposed network. To

conclude, the method is compared with several state-of-the-art methods.

3.3.1 Evaluation Metrics

Accuracy measurement for the semantic image segmentation task is reported using the

intersection-over-union (IoU) metric. It is calculated as,

IoU =
target ∩ prediction

target ∪ prediction
(3.3)

Mathematically,

IoU =
∑
i

nii

ti +
∑

j [nji − nii]
(3.4)

where nij is the number of pixels of class-i predicted to class-j, and ti =
∑

j nij is the

total number of pixels of class-i. The mean-class IoU (mIoU) is calculated by dividing

the IoU score by the total number of classes. The number of parameters and FLOPs

are used to measure model size and complexity. A model with very high FLOPs may

be too computationally intensive for embedded devices. Speed is measured in terms of

frames-per-second(fps).
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3.3.2 Training settings

All the ablation studies have been performed on a single Nvidia RTX 3080 Ti graphics card

system using PyTorch 1.10 framework and CUDA 11.6. Following [46], we use mini-batch

stochastic gradient descent (SGD) and set the momentum and weight decay parameters

as 0.9 and 10−4, respectively. 8 for the Cityscapes and 16 for the Camvid dataset are used

for batch size. ‘poly’ learning strategy is used in which the learning rate at each iteration

is calculated as follows:

new lr = initial lr ×
[
current iteration

total iteration

]0.9
(3.5)

The initial learning rate is 0.045, and the model is trained for 300 epochs in the case of

the Cityscapes and 500 epochs for the CamVid dataset using automatic mixed precision

(torch.cuda.amp). We train Cityscapes at an image resolution of 768 × 1536, while for

CamVid, 720× 960 has been used. The data augmentation techniques for Cityscapes are

random flips, random translation by a maximum of 2 pixels, random crop, and random

scale in [0.75, 1.0, 1.25, 1.5, 1.75, 2.0], followed by colour jittering. For training on the

Camvid dataset, the random scale is in [0.5, 2.5] on full resolution.

3.3.3 Ablation Study

In this section, extensive ablation studies have been performed to validate the performance

of the design choices and modules.

IRDP module: DABNet module uses a two parallel branch structure (Figure 3.3a),

we increase the branch to only three. This structure helps to increase the contextual

feature learning ability with minimal speed impairment. Pyramidal structure basic blocks

in [51, 52] use 4 to 5 parallel branches. However, it is found to increase the number of

parameters and inference speed without any significant accuracy gain.

Intra-module skip connections: ESPNet introduced connections among the branches

for hierarchical feature fusion (HFF). It solves the gridding problem due to dilated convolu-

tion kernels. Along with this solution, we found that skip connections improve the feature

mixing at different scales. As a result, the overall accuracy of the model is improved, as

seen in Table 3.2.

Position of pointwise convolution and non-linearity: We use pointwise convolution

after the input connection for channel expansion in place of 3×3 convolution. This leads
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Table 3.2: Ablation study for IRDP module on Cityscapes validation set.

Ablation Study Type
mIOU FLOPs* Params
(%) (G) (M)

Intra-module skip No 70.1 5.12 0.32
Yes 70.3 5.13 0.32

1×1 Conv position Top 70.3 5.13 0.32
End 68.7 17.86 1.35

Nonlinearity position Before 69.2 5.13 0.32
After 70.3 5.13 0.32

* FLOPs are reported for an input image of size 1024 × 512; ‘M’ -
Million; ‘G’ - Giga.

Table 3.3: Ablation study for Downsampling module on Cityscapes validation set for
IRDPNet-L.

Ablation Study Type
mIOU Speed Params
(%) (fps) (M)

Downsampler ENet 70.1 81.63 0.37
Proposed 70.3 81.23 0.32

to massive savings in FLOPs and parameters. In Table 3.2, our design choice reduces

the parameter by 4× and FLOPs by 3× with a slight drop in accuracy. The position of

non-linearity (PReLU) is shifted after residual addition, compensating for the absence of

non-linearity after the final convolution layer as it follows inverse residual linear bottleneck

design. It leads to a slight improvement in accuracy.

Downsampling module: As mentioned earlier, we factorize the 3×3 kernel in ENet

downsampler into two asymmetric kernels (3×1, 1×3). Table ?? shows that our downsam-

pler design reduces the number of parameters while improving the accuracy of the method.

However, the non-optimised hardware kernels slightly reduce the inference speed.

Dilation rates: The proposed module jointly learns the global and local image features.

For this, we use five convolution filters in three parallel branches inside the pyramid struc-

ture. The first branch has a single filter without any dilation. It learns the local image

features. The second and third parallel branches employ dilated convolutions to extract

the global context. We use four different dilation rates (d1, d2, d3, d4), set to (2, 4, 8,

16). To show the effectiveness, the dilation rates are changed as reported in Table 3.4. For

the first ablation, all the rates are set to 1, which is effectively no dilation. This scheme

performs the worst, showing the importance of dilation in the proposed model. Using

coprime dilation rates gave better results in [103]. Following this, the rates are set to (3,

5, 7, 13). However, as reported by DABNet, coprime dilation rates did not benefit the

proposed network. To further investigate the effect of larger dilation rates, we set it to (3,
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Table 3.4: Ablation study for Dilation rates on Cityscapes validation set.

Dilation rates mIOU
(d1, d2, d3, d4) (%)

(1,1,1,1) 66.4
(2,4,8,16) 70.3
(3,5,7,13) 69.1
(3,6,12,18) 68.7
(8,10,12,14) 68.2

Table 3.5: Accuracy results for different versions of IRDPNet on Cityscapes test set.

Method
Params. mIOU

(M) (%)

IRDPNet 1.49 75.6
IRDPNet-L 0.32 71.3
IRDPNet-D 1.58 77.2

6, 12, 18) and (8, 10, 12, 14). This further reduces the accuracy, showing that the pyramid

structure requires a balanced dilation rate between small and large.

Light version of IRDPNet: In addition to the proposed network, we introduce a light

version, IRDPNet-L. This is specifically designed for model size and accuracy trade-offs.

The lightweight version differs in two main aspects. First, we depthwise factorize the

second and third convolution kernels in the initial block. This majorly reduces the FLOPs

as the initial feature maps are large (R/2). Second, the convolutions inside the pyramid

structure are also depthwise factorized, reducing the number of parameters. A pointwise

convolution follows the depthwise factorized kernels. However, it reduces inference speed

due to increased kernel calls, which motivates us to discard the pointwise convolution

kernel. With these changes in place, we reduced the parameters from 1.49M to 0.32M.

As shown in Table 3.5, in IRDPNet-L, the 4× reduction in size also reduces the accuracy

by 5%. However, being an ultra-lightweight design, the achieved accuracy is still above

several state-of-the-art lightweights.

Decoder: As mentioned earlier, several works have discarded the decoder for faster

inference. However, to improve the accuracy of the backbone network, the FLD is attached

to form IRDPNet-D. To further evaluate the effectiveness of the proposed decoder, the

baseline network is trained with different decoders. Table 3.6 summarizes these results.

RGPNet decoder [104] is designed for dense backbones like ResNet. However, it did not

perform well with our backbone. Specifically, it reduced the accuracy by 0.2%. This is due

to the backbone being shallower and lighter than the decoder. Consequently, the decoder

does not get enough encoded information.
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Table 3.6: Evaluation of IRDPNet with different decoders on Cityscapes validation set.
∆p is the difference in the number of parameters compared to FLD. Bar represents a

negative value.

Decoder
Params.

∆p
mIOU

FPS
(M) (%)

RGPNet 2.00 1.91 75.3 34.2

LEDNet 1.30* 1.21 74.5 37.5
LBN-AA 1.2 1.11 75.4 42.4

FASSD-Net 0.95 0.86 78.1 52.0
ESPNet 0.015 0.075 75.2 65.1
ERFNet 0.26 0.17 74.3 41.2
AGLNet 0.3 0.21 76.5 49.0

FLD (proposed) 0.09 0 77.5 57.6

FLD is the lightest, except for the ESPNet decoder, which uses deconvolution for upsam-

pling. A similar method is used in the ERFNet decoder. Deconvolution is known for

reducing the inference speed due to the large number of zero weights in the dilated kernel.

As a result, deconvolution-based decoders did not perform well with our encoder. Specifi-

cally, the ERFNet reduced the inference speed by 36 fps, while the ESPNet did so by 13.5

fps. The FASSD-Net had the best accuracy of 78.1% but had an additional pyramidal

pooling module, drastically reducing the inference speed. LEDNet and AGLNet share

a similar decoder structure with an attention pyramid structure; the proposed encoder

had a reduced accuracy and speed with both. Specifically, the accuracy was reduced by

2.7% and speed by half. We attribute this performance to a shallow network structure of

IRDPNet.

3.3.4 Comparison on the Cityscapes benchmark

This section compares the proposed method with the state-of-the-art semantic segmenta-

tion methods on the Cityscapes benchmark. The results are reported in Table 3.7. The

table is divided into three sections based on the number of parameters. The first sec-

tion reports the accuracy-oriented algorithms, which are surprisingly large. In addition

to their size, these methods have very high FLOPs and do not perform in real-time (>30

fps). ViT-Adapter-L [105] has the highest reported accuracy on the official bench-marking

server.

Networks in the second and third sections directly compare with our three proposed mod-

els. While the second section reports algorithms in the range of 1-10 Million (M) parame-

ters, the third section is dedicated to small networks of size <1 M. Our networks, IRDPNet

and IRDPNet-D, belong to the second section with 1.49 and 1.58 M parameters, respec-

tively. IRDPNet achieves better accuracy than all the methods of similar size. Specifically,
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Table 3.7: Comparison with state-of-the-art on the Cityscapes benchmark. Categorized
by decreasing network size from top to bottom.

Method
FLOPs

InputSize
mIoU

FPS
Param

(G) (%) (M)

ViT-Adapter-L [105] - 896× 896 84.9 < 1 347.9
PSP Net [67] 453.6 1024× 2048 78.4 < 1 65.6

Trans4trans [65] 94.25 768× 1536 81.5 27.3 49.5
SegFormer-B5 [102] 1447.60 1024× 1024 84.0 2.5 84.7
Dense ASPP [33] 214.7 1024× 2048 80.6 < 1 28.6

Hyperseg-M [30] 7.5 512× 1024 75.8 36.9 10.1
LBN-AA [35] 49.5 448× 896 73.6 51 6.2

DDRNet-Slim [59] 35.78 1024× 2048 77.4 108.8 5.7
BiSeNet [55] 14.8 768× 1536 68.4 105.8 5.8
CABiNet [58] 12 1024× 2048 75.9 76.5 2.64

FASSD-Net-L2 [61] 45.1 1024× 2048 72.1 133.1 2.3
ERFNet [47] 21.0 512× 1024 68.0 41 2.1
ESNet [48] 27.49 512× 1024 69.1 63 1.66

IRDPNet-D (proposed) 20.31 768× 1536 77.2 57.6 1.58
MLFNet-MobileV2 [57] 4.67 512× 1024 71.5 90.8 3.99

AGLNet [75] 13.88 512× 1024 70.1 52 1.12
ESPNetv2 [52] 2.7 512× 1024 66.2 67.0 1.25

IRDPNet (proposed) 11.54 768× 1536 75.6 78.6 1.49

LEDNet [101] 11.44 512× 1024 70.6 71.0 0.94
ContextNet [54] 6.74 1024× 2048 66.1 41.9 0.85
DABNet [46] 10.60 1024× 2048 70.1 27.7 0.76
EDANet [106] 11.34 512× 1024 67.3 108.7 0.68
LRNNet [107] 8.48 512× 1024 72.2 71.0 0.68
CFPNet [108] 14.7 1024× 2048 70.1 30 0.55
CGNet [73] 7.14 512× 1024 64.8 50 0.5

FPENet [109] 5.7 512× 1024 68.0 102.0 0.40
ENet [50] 3.8 640× 360 58.3 52 0.39

ESPNet [51] 4.5 512× 1024 60.3 112 0.39
IRDPNet-L (proposed) 5.13 768× 1536 71.3 81.3 0.32

“-” indicates that the method does not report the result.

it has more than 6% mIOU over ESNet [48] while having significantly lower FLOPs. It

outperforms ESPNetv2 [52] by more than 10% in accuracy. DDRNet-Slim [59] achieves

the highest accuracy in this category. However, the input image resolution is 1.7× larger

than ours with 60% more FLOPs. IRDPNet has better accuracy than AGLNet [75] by 5%.

Its accuracy and FLOPs are comparable to CABiNet while having 70% fewer parameters.

With less than half FLOPs and 60% fewer parameters, the proposed method outperforms

FASSD-Net-L2 [61] mIOU by 4%.

The lightweight version, IRDPNet-L, achieves the highest accuracy for the given size

among the state-of-the-art. It surpasses DABNet accuracy by 1.2% with less than half of

the parameters and FLOPs. Its accuracy is comparable to LEDNet [101] with 1/3rd the

parameters and 50% fewer FLOPs. EDANet [106] achieves the highest fps of 108.7 fps,

which is 27.5 fps more than ours. FPENet [109] gets an fps of 102. However, both these

methods use a 2.25× smaller input resolution.
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Figure 3.6: Qualitative results of the proposed networks and DABNet on the Cityscapes
validation set. First row: Input image; second row: ground truth; third row: DABNet;
fourth row: IRDPNet; fifth row: IRDPNet-L; sixth row: IRDPNet-L + FLD. The critical
regions have been highlighted with the box, white being the improved regions and cyan

being the failure region.

The qualitative results of the proposed networks and DABNet on the Cityscapes validation

set are shown in Figure 3.6. Note that the DABNet has been trained from scratch on

768 × 1536 image resolution for a fair comparison using open-source code. The critical

regions are highlighted in boxes. All of our networks show an improvement over DABNet

in these regions. The best output is obtained by IRDPNet, shown in the fourth row.

The sixth row presents the output with our FLD, showing significant improvements over

only the encoder backbone (IRDPNet-L), shown in the fifth row. Most failure cases are

observed for smaller classes, specifically poles and traffic signals.

3.3.5 Comparison on the CamVid benchmark

The proposed method has also been compared with state-of-the-art networks trained on

the CamVid dataset in Table 3.8. Our network has 67.8% accuracy with only 0.32M
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Table 3.8: Comparison with state-of-the-art on the CamVid benchmark.

Method InputSize mIoU (%) FPS Params (M)

RTFormer-Slim [110] 960× 720 81.4 190.7 4.8

EDANet [106] 480× 360 66.4 40.75 0.7
DFANet [24] 960× 720 59.3 116 7.8

SwiftNet-MN [68] 960× 720 65.0 27.7 11.8
ICNet [53] 960× 720 67.1 46.7 7.8
BiSeNet [55] 960× 720 65.6 175 5.8

BiSeNetV2-L [56] 960× 720 73.2 32.7 -
MLFNet-Res34 [57] 960× 720 69.0 57.2 4.0

LAANet [74] 480× 360 67.9 112.5 0.7
CGNet [73] 960× 720 65.6 59.0 0.5

FASSDNet [61] 960× 720 69.3 80.0 2.85

DABNet [46] 480× 360 66.4 101.3* 0.76

IRDPNet-L 960× 720 67.8 95.9 0.32
*Denoted that the specific metric is calculated by us using the
open-source code. ”-” indicates that the method does not report
the result.

parameters while running at 95.9 fps. Following the results of the Cityscapes benchmark,

the proposed method also has better accuracy than DABNet on CamVid. Specifically,

IRDPNet-L archives 1.4% more accuracy than DABNet with 58% fewer parameters. The

accuracy is comparable to ICNet but with 20× fewer parameters. IRDPNet-L outperforms

BiSeNet by more than 2%. However, since kernel decomposition has been used to minimise

parameters, the network is slower than BiSeNet. With half the parameters, IRDPNet-L

has better accuracy than EDANet [106]. FASSDNet outperforms IRDPNet-L in terms of

accuracy with 9× more parameters. LAANet [74] is among the fastest but works at half

the resolution of the proposed network. These results show that the proposed method can

perform on par with state-of-the-art methods while being lightweight.

3.3.6 Evaluation on GPU-Powered Embedded Systems

The embedded system GPUs are designed to work in resource-constrained devices. They

are underclocked and have fewer unlocked CUDA cores. Consequently, a lightweight deep

network should perform in real-time on these devices. We evaluate the performance of the

proposed network on two such devices: Jetson Xavier NX and RTX 3060-Mobile laptop.

Table 3.9 presents the technical specifications of these GPUs. We use the official SDK

for the Jetson, which has TensorRT for acceleration. However, for a fair comparison on

3060M, we do not use any such optimization. In Table 3.10, the result of IRDPNet-L

for two different input resolutions is presented. The proposed model runs faster than

most methods on both devices for an input image of size 1024 × 512. The reason can

be attributed to the lightweight design and one of the lowest memory usage (1357.5 MB)

TH-3672_186102113



Chapter 3. Rethinking DABNet 48

Figure 3.7: Qualitative results of the proposed network (IRDPNet-D) on unseen road
images. The critical regions of failure have been highlighted with the box in cyan colour.

Table 3.9: Specifications of the mobile-GPU cards used for inference.

GPU Card Cores Speed RAM Mem.B/W Power

Xavier 384 854MHz 8GB 51.2 GBps 15W
3060M 3840 817MHz 6GB 336 GBps 80W

‘RAM’: Random Access Memory; ‘Mem.B/W’: Memory Bandwidth.

during one forward inference pass. However, ENet outperforms all the considered methods

regarding speed, memory and consumed power because of its shallow and small network

structure, albeit having low accuracy. Despite being small, LEDNet is the slowest due to

its complex decoder structure. In addition, it uses the maximum memory (3120.8 MB)

during inference. Fast-SCNN and ContextNet outperform the proposed method in speed

while having a low accuracy score and similar memory(1246.3, 1463.6 MB) and power

consumption (5.8, 6.2W). MLFNet has better accuracy and comparable speed but has

12× more parameters and consumes 26% more power (7.6 W).

An important conclusion can be drawn from the results in Table 3.10, that is, all the

given networks are unable to run in real-time (> 30 fps) on full-resolution images of the

Cityscapes. However, an input resolution of 640×320 is enough to satisfactorily recognize
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Table 3.10: Inference speed (fps) of the proposed method for different input image
resolutions on mobile GPU-based systems. Full resolution: 2048 × 1024; half resolution:

1024× 512.

Method
Xavier 3060-M mIoU Parm Mem Pow

Full Half | Full Half % (M) (MB) (W)
SwiftNet [68] 2.61 9.9 3.91 14.5 70.2 11.8 1721.3 8.2
ENet [50] 13.8 53.82 20.17 78.68 58.3 0.4 940.1 4.5

ContextNet [54] 10.49 40.91 15.33 55.2 66.1 0.85 1463.6 6.2
LEDNet [101] 0.7 2.73 1.21 4.43 70.6 0.94 3120.8 8.7
BiSeNet [55] 2.42 9.6 3.45 13.77 68.4 5.8 1902.7 7.4

Fast-SCNN [45] 11.49 40.21 14.1 53.6 68.4 1.14 1246.3 5.8
CaBiNet [58] 8.21 30.95 10.45 41.8 76.5 2.64 1279.0 6.5
FASSDNet [61] 7.3 29.2 10.79 38.85 76.0 2.85 2401.7 7.9
MLFNet [57] 8.41 32.79 11.2 43.7 71.5 4.0 2170.4 7.6
IRDPNet-L 9.7 36.86 12.94 49.18 71.3 0.32 1357.5 6.0

‘Mem’ denotes GPU memory used during one forward inference pass. ‘Pow’ denotes
consumed power during the execution phase on the Xavier module @1100MHz.

any urban street scene [47]. Consequently, for half resolution (1024 × 512), the proposed

method achieves above real-time performance on both the GPU cards.

Figure 3.7 shows the visualisation results on unseen road images. The image frames are

from video captured in a car with a dash-mounted mobile device inside our institute

campus. The video is captured at a resolution of 1920 × 1080, and the input images are

resized to 768×1536. It can be seen that our model performs satisfactorily on large objects,

even on unseen images. The critical regions of failure have been highlighted in the box. In

the first image (left-to-right, raster scan), the dustbin is segmented as fencing. In the third

image, a pedestrian is identified as a rider due to its proximity to the cycles. The fourth

image has a road roller, which is almost missed. This can be due to the unavailability of

the object in the training dataset. In the sixth image, the campus map is identified as a

building for similar reasons.

3.4 Contributions

The major contribution of this chapter can be summarised below:

• An inverted residual type dilated pyramid-based basic block has been proposed as

shown in Figure 3.3. It is referred to as the IRDP module. It extracts local and

global contextual features with a multi-branch pyramid structure. It has a scalable

receptive field for deep feature extraction at the block level.

TH-3672_186102113



Chapter 3. Rethinking DABNet 50

• The proposed network, IRDPNet, is designed based on the IRDP module. It carefully

balances the performance-model size trade-off and achieves comparable results with

large, state-of-the-art networks.

• In addition, a lightweight decoder has also been designed to improve the network’s

accuracy further. It can restore certain spatial features lost during the downsampling

process.

• Without any Imagenet pre-training, post-refinement, or additional context branch,

the proposed method can achieve competitive results on the Cityscapes dataset.

Through extensive experiment results, it is shown that the proposed network (IRDP-

L) can outperform the DABNet with less than half the number of parameters

(0.32M). The full-scale version of the network (IRDPNet-D) can achieve 77.2%

mIoU with only 1.58M parameters, beating several state-of-the-art methods of com-

parable size while working in real-time.

3.5 Summary

The proposed algorithm optimised the classical DABNet model for size and accuracy. The

basic block has been redesigned using inverse bottleneck residual and dilation pyramid

structures. The inverse residual structure helps in preserving information in the bottleneck.

At the same time, the pyramid structure increases the effective receptive field without a

significant increase in computation. We designed three variants of our network, which

vary in model size. The lightweight version outperforms DABNet in terms of accuracy

with less than 50% parameters. This network can run in real-time on resource-constrained

embedded devices. To further increase the accuracy of the baseline network, FLD has

been designed. This network, IRDPNet-D, reaches the state-of-the-art mIoU score with a

fraction of the parameters of similar methods. With the results on a highly competitive

benchmark dataset - Cityscapes and CamVid, we show the performance of the networks.
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Block Attention Network

4.1 Introduction

In recent years, spatial attention mechanism has emerged as a powerful tool to enhance

the segmentation of images by focusing on relevant spatial features [37, 55, 56]. In con-

text of road-scene, the integration of attention mechanism in the network allows network

to give more weight to regions that are likely to contain critical objects such as roads,

vehicles, pedestrians, and traffic signs. This selective focus emulates human perception,

where attention is directed toward areas of interest, filtering out irrelevant background

information. In the previous chapter we have proposed a simple encoder-decoder based

lightweight network without any additional mechanism to model pixel relations and cap-

ture dependencies.

In this chapter, a new design for a lightweight encoder-decoder network incorporating the

attention mechanism is proposed. The network performs on par with the large real-time se-

mantic segmentation networks while keeping the number of parameters small. The encoder

is built on a novel attention-guided asymmetric basic block. It has a two-branch structure

to simultaneously learn local and global features essential for the semantic segmentation of

images. It utilizes group convolution in the main branch to reduce the parameters without

compromising representation capability too much. The first parallel branch factorizes the

3 × 3 convolutions with an asymmetric 3 × 1 kernel, followed by a 1 × 3 kernel. We use

dilation in these asymmetric convolutions to expand the field of view. The second parallel

branch uses dilated kernels, which help learn the local features. Inspired by ResNet [66], a

skip connection is added to the basic module. It improves gradient flow during backprop-

agation. To this skip connection, an attention module is attached, leading to the weighted

51
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Table 4.1: Detailed structure of the proposed Block
Attention Network.

Block Layer Module (S,D)† Ch. Output size

Encoder

1 Down (2,1) 32 512× 256
2 BA (1,2) 32 512× 256
3 BA (1,2) 32 512× 256
4 Down1D (2,1) 64 256× 128
5 BA (1,2) 64 256× 128
6 BA (1,2) 64 256× 128
7 BA (1,2) 64 256× 128
8 Down1D (2,1) 128 128× 64
9 BA (1,2) 128 128× 64
10 BA (1,2) 128 128× 64
11 BA (1,2) 128 128× 64
12 BA (1,2) 128 128× 64

Decoder

13 Bi-Int∗ ×2 128 256× 128
14 Conv3x3 (1,1) 64 256× 128
15 Bi-Int ×2 64 512× 256
16 Conv3x3 (1,1) 20 512× 256
14 Bi-Int ×2 20 1024× 512

† S=Stride, D=Dilation; ‘Ch.’- Channel
∗ Bi-Int=Bilinear Interpolation; ‘×2’ denotes the interpolation
factor.

addition of the feature maps from the previous block to the present one. It will be shown

that adding this attention-skip connection reduces the dilation rates to only 2. This leads

to a significant speed-up of the network.

4.2 Proposed Method

BANet follows an encoder-decoder structure, details of which are given in Table 4.1. This

section introduces the basic block and other modules, followed by the complete network

structure.

4.2.1 Attention Refinement Module

By assigning varying weights to picture pixels, the attention mechanism can selectively

emphasise meaningful features while ignoring inconsequential information. Some recent

publications [55, 56] have focused on applying attention mechanisms to semantic segmen-

tation to boost the network’s feature learning ability and object segmentation accuracy.

An improved attention refinement module (ARM) based on [55] is proposed as shown in

Figure 4.1.
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 (G) Conv 3x3

+

AvgPool

S

x

BN Conv 1x1

AvgPool

S

x

C
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C

C

C

Figure 4.1: Attention Refinement Module. Left: BiSeNet module; right: BANet mod-
ule. Where ‘S’: Sigmoid non-linearity; ‘AvgPool’:global average pooling; ‘x’:element-wise
multiplication; ‘+’: element-wise addition; ‘BN’: batch-normalization and ‘C’:number of

channels.

The ARM is improved for our application by replacing the 1×1 pointwise convolution with

a 3×3 convolution. First, we require a larger receptive field because our attention module

operates in initial as well as deeper layers. Second, it must learn contextual features for

better semantics because it is used in every block. Our module also differs from the ARM

in how it combines weighted features. Directly multiplying the input features with the

attention weights leads to the loss of certain features due to zero weights. This problem

is solved with an extra connection that adds the input features to the weighted features,

as shown in Figure 4.1. In summary, the ARM’s weighted features are calculated as,

Xattn = σ{fBN [W0(favg(Xin))]} ∗Xin (4.1)

where Xin is the set of feature maps at the input of the ARM, favg is the global average

pooling function, W0 is the convolution kernel weight, fBN is batch normalization and

σ is the sigmoid function. In contrast, the weighted features in our improved ARM are

calculated as,

Xattn = {σ{fBN [W0(favg(Xin))]}+ 1} ∗Xin (4.2)

4.2.2 Block-attention module

The basic block of our proposed network, referred to as the block-attention module (BA), is

shown in Figure 4.2. The efficient bottleneck design is used [66] as it reduces the number

of channels before performing convolution and non-linear operations, thus reducing the

computations. The BA module jointly learns the local and global contextual features,
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quintessential for accurate semantic pixel labelling [[46], [73], [101], [47]] using a two-

branch structure. Local features are extracted in the first branch using a 3× 3 depth-wise

separable convolution without dilation. This is followed by a point-wise fusion operation

performed by 1 × 1 convolution. These design choices drastically reduce the parameter

count, reducing the computation and memory requirements. The module uses channel

shuffle operation [111] to improve the accuracy.

The second branch is designed to extract global contextual features. Asymmetric convo-

lution is used to minimize the parameter count in which a n× n 2D convolution kernel is

approximated by n× 1 and 1× n kernels. For a 3× 3 convolution, this essentially means

a 33% reduction in the number of parameters from 9 to 6 per channel. Dilation is used

in the asymmetric kernels to expand the receptive field and gain global context. Batch

normalisation and ReLU non-linearity are used after every convolution layer. The feature

learning is further enhanced by using a 3× 3 convolution in the input branch followed by

1× 1 convolutions.

A skip connection is used to prevent the problem of vanishing gradients [66] during back-

propagation in the BA module. Nevertheless, unlike other networks, an attention-guided

skip connection is introduced. This design technique reduces the dilation rates to only 2,

thus improving network speed.

+

||

C

 (G) Conv 3x3

 Conv 1x1

 Conv 1x1

 Conv 3x1 (D)

 Conv 1x3 (D)

 Conv 1x1

 DW Conv 3x3 

Attn. Mod.

C

C/2

C/2

C

Channel Shuffle

Figure 4.2: An overview of Block-Attention module. ‘C’: Number of channels. ‘(G)
Conv’: Groupwise convolution. ‘DW Conv’: Depth wise convolution. ‘D’: Dilated con-
volution. ‘||’: concatenation; ‘+’: element wise addition. ‘Attn. Mod.’ is our improved

attention refinement module.
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||

Conv 3x3
 s=2 

MaxPool2d,
kernel_size=2

Cin

Cin
Cout-Cin

Cout

||

Conv 1x3
 s=2 

MaxPool2d,
kernel_size=2

Cout-Cin

Conv 3x1
s=2 

Conv 3x3 

Cin

Cout

Cin

Figure 4.3: Downsampling Module: Left - ENet; right - BANet. ‘MaxPool2d’ is the
2D maximum pooling kernel along the height and width dimensions; ‘C’ represents the

number of channels; ‘s’ is the convolution stride.

4.2.3 Downsampler

To reduce the spatial resolution of the feature maps and learn scale-invariant features, it

is common practice to downsample at each stage in the network. Techniques include max-

pooling [112], average pooling [113], and strided convolution. ENet showed that using a

pooling operation and strided-convolution in parallel reduces the loss of finer details while

downsampling. A similar downsampling module shown in Figure 4.3 is designed with 1D

asymmetric convolutions to reduce weights further. This makes our downsampling module

extremely lightweight and hence suitable for low-memory devices. A convolution block is

added after the concatenation to fuse the features efficiently.

4.2.4 Efficient decoder design

For the decoder, the literature has mainly followed two design choices to increase feature

map resolution, deconvolution [47] and simple bilinear upsampling [46]. Deconvolution

improves the representation capability due to the learnable weights; however, kernel mem-

ory restructuring lowers its speed. By contrast, bilinear upsampling does not require any

weights, which makes it fast, but its representation capability is poor. To overcome these

limitations, an efficient 3-stage decoder (Figure 4.4) that combines bilinear upsampling

and conventional 3× 3 convolution layers instead of deconvolution layers to maintain the

representation capability is designed.

Following [22], encoder skip connections are used in the decoder. After each upsampler,

we fuse the encoder features with the decoded features. However, it is found that simply
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Conv 3x3

Upsampler

Upsampler

Conv 3x3

Upsampler

Encoder L1
Encoder L2 Encoder L3

2X

2X

2X
Segmented

Image

Normalized
Addition

Figure 4.4: Light weight decoder. It is a three-level decoder in which Encoder L1, L2 and
L3 activations are used. While L1 features are directly upsampled. L2 and L3 features are
added after normalization in the decoder stages. ‘2X’ represents the upsampling factor.

adding features from different layers does not lead to optimal performance because they

have activations of varying scales. The features are normalized using the L2-norm before

addition to solve this problem. It is referred to as normalized addition.

4.2.5 Block Attention Network

Figure 4.5 shows the complete network structure. The encoder consists of repetitive block

attention modules with downsampling blocks interleaved at appropriate places. The first

block of our network is the downsampler which reduces the input resolution by half. The

first stage consists of only two BA modules to minimize FLOPs due to a higher-resolution

input feature map. We refrain from aggressively downsampling feature maps as in [47]

because it lowers the accuracy. The second stage consists of three BA modules after the

downsampler. This stage operates at 1/4th the input resolution. In the encoder’s final

stage, we use four BA modules. Thus, we gradually increase the depth of each stage.

The final resolution of the encoder output is 1/8th the input resolution. The number of

channels is restricted to the minimum possible in each stage to reduce layer width. This

reduces the memory requirement [73].
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4.3 Experiments

In order to validate the proposed BANet, extensive ablations are carried out on the widely

used Cityscapes [1] dataset. In this section, the implementation details are discussed. In

the ablation studies, the efficacy of our design choices and the network’s overall design are

investigated. The network’s performance is compared with state-of-the-art models on the

Cityscapes and CamVid [12] datasets.

4.3.1 Implementation Details

The model is implemented with PyTorch 1.10 [114] and CUDA 10.2. Adam optimizer with

an initial learning rate of 5 × 10−3 and weight decay of 1 × 10−4 is used. . For learning

rate (lr) adjustments, we use the poly strategy [47]:

new lr = (initial lr)×
[
present iteration

total iterations

]0.9
(4.3)

Simple yet highly effective cross-entropy loss is used for the error calculation during learn-

ing. Data augmentation is essential to increase the number of training samples in order to

prevent over-fitting [115]. The following data augmentation techniques are used to increase

the number of examples in the Cityscapes training set: random horizontal and vertical

flips, random translations of pixels in the range [0, 2], and random crops with a 512 crop

size. We train the model with a batch size of 12 and 300 epochs. However, no ImageNet

pre-training was employed [54]. The training was performed at an input image resolution

of 512 × 1024, and the segmented output image was upsampled using bilinear interpola-

tion for testing. The inference results have been reported on an Intel Core i7-11700-based

desktop with 32GB RAM and a single NVIDIA RTX 3080 GPU unless stated otherwise.

4.3.2 Ablation Studies

This subsection reports experiments performed to support our design choices. For the

ablation studies, the networks were trained on the Cityscapes training subset. Results are

reported on its validation subset.

BA Module: The detailed evaluation results are presented for different design choices

made in the BA module. We first analyze the effectiveness of using two cascaded 1 × 1

convolution layers in the two paths. The results in Table 4.2 show that using a single
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Figure 4.6: Different variants of BA Module. (a) is a lightweight design having a single
1 × 1 convolution in the main branch. (b) and (c) vary in the position of the channel

shuffle operation.

1× 1 convolution layer (BA Lite module, Figure 4.6 (a)) reduces the model accuracy with

fewer parameters. An added convolution layer improves accuracy by adding learnable

parameters along with non-linearity.

Next, the effect of using a channel shuffle operation at three different locations is studied.

For the first (BA-1, Figure 4.6 (b), we choose a 3×3 depth-wise separable convolution (DW

Conv) branch as used in [111]. The channel shuffle operation after the DW Conv enables

the model to learn inter-channel correlation among the feature maps more effectively [111].
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Table 4.2: Accuracy and parameter details for using cascaded 1 × 1 convolution layers
in parallel branches of BA Module.

Module
1× 1 Parameters mIoU
Conv (M) (%)

BA Lite No 0.60 63.9
BA Yes 0.72 69.8

‘M’ - Million

Table 4.3: Accuracy comparison for different positions of channel shuffle operation in
BA Module.

Module Shuffle position Channels
mIoU
(%)

BA-1 DW Conv Branch Cin/2 64.7
BA-2 After Concat Cin 68.1
BA After Residual Cin 69.8

‘Cin’ indicates number of channels at input of mod-
ule.

However, this placement was found to be less effective because the architecture only uses

half the number of input channels in each of the two branches.

For the second variant (BA-2, Figure 4.6 (c)) the single branch location after channel

concatenation, before adding a residual connection is selected. As the total number of

channels is restored in this branch, the channel shuffle operation improved the BA module’s

feature learning capability. In the third variation of our BA module (Figure 4.2), the

channel shuffle layer is put after adding the residual connection. This block design performs

the best.

Backbone: As mentioned earlier, the backbone is built using BA and downsampling

modules. In Table 4.4, it is seen that having (2, 3, 4) BA modules in corresponding stages

gives the best accuracy. A higher number of modules in the initial layer increased inference

time because of the large feature map. Increasing the network depth had an inhibitory

effect on the network performance. It not only increases the number of parameters but

also increases the latency. Given that our basic module could learn the required features

with a shallow setting, greater depth showed no improvement.

The Decoder: In this ablation study, BA module-based backbone is fixed and two de-

coder variants are designed. The first employed bilinear upsampling with 3×3 convolution

layers and the second employed 3× 3 deconvolution layers directly. As seen in Table 4.5,

the first combination has the highest speed and accuracy. For the primary input to the

decoder, the final encoder stage feature maps are taken, which are 1/8× the resolution of

the input image. For the skip architecture, two auxiliary outputs from the backbone are

taken, one after the first stage (1/2 resolution) and another after the second stage (1/4
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Table 4.4: Accuracy comparison for different layer combinations in BANet.

Encoder
Channels*

Time† Parameters mIoU
Layers (ms) (M) (%)

(-,4,8) (-,64,128) 17.5 1.20 68.8
(2,4,8) (32,64,128) 18.3 1.30 69.1
(2,3,6) (32,64,128) 13.9 0.93 68.2
(2,3,4) (32,64,128) 12.5 0.72 69.8
(2,2,4) (32,64,128) 11.3 0.63 68.5

† Denotes the forward pass time for a single input image of
resolution-1024× 512, in milliseconds; *denotes channels in
(Stage1, Stage2, Stage3).

Table 4.5: Decoder ablation studies. Results of various feature fusion strategies in the
decoder.

Decoder
mIoU
(%)

Add+Up+Conv 69.8
Add+Deconv 65.1

Mul+Up+Conv 64.5
Mul+Deconv 65.2

Concat+Up+Conv 63.7
Concat+Deconv 64.8

Table 4.6: Decoder ablation studies. Results of the proposed encoder combined with
different decoders.

Decoder
Parameters mIoU

(M) (%)

ERFNet [47] 0.15 64.3
ESPNet [51] 0.04 63.5
LEDNet [101] 1.30 65.2
RGPNet [104] 2.00 67.5
FASSD-Net [61] 0.95 66.4

Proposed 0.09 69.8

resolution). This design strategy is adapted from [3]. We have experimented with normal-

ized addition, multiplication, and concatenation of the auxiliary skip connections with the

primary input. In the case of addition or multiplication, first stage output is applied with

[1 × 1, 64] convolutions, where 1 × 1 is the kernel size, and 64 is the number of channels.

While, for concatenation [1×1, 32], convolution is used. Similarly, the second stage output

is applied with [1 × 1, 128] and [1 × 1, 64] convolutions. The channel widths are reduced

by half for the concatenation operation while keeping other settings unchanged.

To show the efficiency of our decoder design, we trained the BANet backbone with some

of the popularly used decoders from [47, 51, 101, 104, 61]. The results in Table:4.6 shows

that the proposed decoder design performs the best. Our network is shallower than other

networks, thus requiring a custom-designed decoder.
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Table 4.7: Accuracy and inference time comparison for different dilation rates and
residual connections.

Dilation rates
Residual Connection

(Stage1)+(Stage2)+(Stage3)
Attention Direct
mIoU Time mIoU Time
(%) (ms) (%) (ms)

(1,2)+(1,2,8)+(1,2,8,16) 63.6 14.38 62.8 13.81
(1,2)+(2,4,6)+(8,10,12) 66.5 13.74 65.2 12.53
2*(1)+3*(4)+(4,6,8,10) 65.1 14.30 63.4 14.07
2*(1)+(1,3,6)+(1,3,6,12) 66.4 13.69 64.7 12.99
2*(4)+3*(8)+4*(10) 67.9 14.47 65.3 13.92
2*(1)+3*(2)+4*(2) 69.8 12.53 67.9 11.77

2*(1) indicates 2 blocks with dilation ‘1’ in a stage.

Dilation rates: To improve contextual information, semantic segmentation networks

use dilation of the convolution kernels in the backbone [47, 50, 73]. This increases the

pixel’s field of view at the kernel’s center. Increasing the dilation rate with the depth

of the network is common [58, 59, 101]. Table 4.7 shows the ablation study for different

dilation rates in the backbone. Dilations only in the asymmetric convolution branch of

the BA module are used. It is observed that in the presence of an attention-based skip

connection in the basic block, a dilation rate of two throughout gives the best accuracy.

Increasing the dilation rate further has a detrimental effect. However, if we replace the

attention skip connection with the standard skip connection, it is seen that similar accuracy

is attained at higher dilation rates. This further reinforces our claim of the efficacy of the

BA module.

4.3.3 Comparisons on the Cityscapes benchmark

This section compares the overall performance of the proposed architecture with state-of-

the-art semantic segmentation networks on the Cityscapes dataset. The best-performing

deep network model, in terms of accuracy, is ViT-Adapter-L [105], which is based on

the resource-hungry vision transformer [62]. Table 4.8 shows that state-of-the-art models,

which require many parameters and FLOPs [67, 33, 105, 102, 65] report the top mIoU

scores. Such models are not readily deployable on resource-constrained embedded devices.

Therefore, some of the best-performing lightweight and real-time models are focused upon.

ENet [50] is the smallest peer-reviewed semantic segmentation model for road scenes,

followed by ESPNet. Our model is substantially more accurate than either of them but

requires slightly more parameters. ERFNet outperformed the proposed method by 1.2%.
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Figure 4.7: Speed, accuracy, and model size comparison on the Cityscapes test set. The
size of the bubble represents the number of parameters written on top of each. The pro-
posed method is highlighted in red. It balances the accuracy-speed tradeoff while having
a small model size. Methods with high accuracy have large sizes and are significantly

slower.

Table 4.8: Comparison of evaluation results of BANet with similar networks on
Cityscapes test benchmark. The first section is for high-accuracy methods, which are

usually very large. The second section is for lightweight methods.

Method
FLOPs

InputSize
mIoU

FPS* Params
(G) (%) (M)

Dense ASPP [33] 214.7 2048× 1024 80.6 < 1 28.6
SegFormer-B5 [102] 1447.60 1024× 1024 84.0 2.5 84.7
Trans4trans [65] 94.25 1536× 768 81.5 27.3 49.5
PSP Net [67] 453.6 2048× 1024 78.4 < 1 65.6

ViT-Adapter-L [105] - 896× 896 84.9 < 1 347.9

ENet [50] 3.8 640× 360 58.3 135.4 0.4
ESPNet [51] 4.0 512× 1024 60.3 112 0.4
EDANet [106] 11.34 512× 1024 67.3 81.3 0.7
ERFNet [47] 21.0 512× 1024 68.0 41 2.1
LBN-AA [35] 49.5 448× 896 73.6 51 6.2
CFPNet[108] 14.7 1024× 2048 70.1 30.0 0.55
ICNet [53] 28.3 1024× 2048 69.5 30.3 7.8

Hyperseg-M [30] 7.5 512× 1024 75.8 36.9 10.1
FDDWNet [116] 10.3 512× 1024 71.5 60 0.8
BiSeNet [55] 14.8 768× 1536 68.4 72.3 5.8

MLFNet-MobileV2 [57] 4.67 512× 1024 71.5 90.8 4.0
ContextNet [54] 6.74 1024× 2048 66.1 65.5 0.85
FASSDNet [61] 45.1 1024× 2048 76.0 41.1 2.85
LEDNet [101] 11.44 512× 1024 70.6 40.0 0.94
CABiNet [58] 12 1024× 2048 75.9 76.5 2.64
CGNet [73] 7.14 512× 1024 64.8 50 0.5

BANet 6.96 512× 1024 70.1 83.2 0.72
*reported on different GPUs.‘-’ indicates that the method does not report the
result.
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However, it has higher FLOPs (21Giga) and model size (2.1M). This is due to many encoder

layers with asymmetric convolutions and deconvolution kernels in the decoder. Despite

having 10× more parameters than the average lightweight model, Image-Cascade Network

[53] has comparable accuracy. This shows that there are several redundancies present in

the deep networks. Hyperseg [30], though has comparable FLOPs with our model, it has

15× more parameters than the proposed model. With 16.5% fewer parameters, BANet can

significantly improve over ContextNet [54]. LEDNet [101] achieves impressive accuracy,

working in real-time but has 3.5×more parameters and FLOPS than the proposed method.

LBN-AA [35], FASSADNet [61], and CABiNet [58] are more accurate than our model

but have many parameters and FLOPs. These results show that BANet is comparable

with the SOTA methods trained on Cityscapes. In addition, it can efficiently balance size,

speed, and accuracy, which is the prime requirement of model design for embedded devices.

Therefore, some of the best-performing lightweight and real-time models are focused upon.

ENet [50] is the smallest peer-reviewed semantic segmentation model for road scenes,

followed by ESPNet. Our model is substantially more accurate than either of them but

requires slightly more parameters. ERFNet outperformed the proposed method by 1.2%.

However, it has higher FLOPs (21Giga) and model size (2.1M). This is due to many encoder

layers with asymmetric convolutions and deconvolution kernels in the decoder. Despite

having 10× more parameters than the average lightweight model, Image-Cascade Network

[53] has comparable accuracy. This shows that there are several redundancies present in

the deep networks. Hyperseg [30], though has comparable FLOPs with our model, it has

15× more parameters than the proposed model. With 16.5% fewer parameters, BANet can

significantly improve over ContextNet [54]. LEDNet [101] achieves impressive accuracy,

working in real-time but has 3.5×more parameters and FLOPS than the proposed method.

LBN-AA [35], FASSADNet [61], and CABiNet [58] are more accurate than our model but

have many parameters and FLOPs. These results show that BANet is comparable with the

SOTA methods trained on Cityscapes. In addition, it can efficiently balance size, speed,

and accuracy, which is the prime requirement of model design for embedded devices.

4.3.4 Comparisons on the CamVid benchmark

To further demonstrate the generalisation ability of the proposed model, it is compared

with some state-of-the-art networks trained on the CamVid dataset in Table 4.9. Our

network has decent accuracy with a small memory footprint while running in real-time.

Specifically, the accuracy of the proposed method is comparable to BiSeNet but with 8×
fewer parameters. However, due to more usage of 1×1 convolution kernels, our network is
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slower than BiSeNet. EDANet [106] performs closely to our method but with significantly

less speed. FASSDNet outperforms in terms of speed and accuracy but with 4× more

parameters. LAANet [74] was among the fastest but worked at a quarter of the resolution

of the proposed network. These results show that our method can perform on par with

state-of-the-art methods while being lightweight.

Table 4.9: Comparison of evaluation re-
sults of BANet with similar networks on

Camvid test benchmark.

Method InputSize
mIoU

FPS* Params

(%) (M)

RTFormer-Slim [110] 960× 720 81.4 190.7 4.8

SegNet [22] 480× 360 46.4 49.4 15.2
EDANet [106] 480× 360 66.4 40.75 0.7
DFANet [24] 960× 720 59.3 116 7.8

SwiftNet-MN [68] 960× 720 65.0 27.7 11.8
ICNet [53] 960× 720 67.1 46.7 7.8
BiSeNet [55] 960× 720 65.6 175 5.8

BiSeNetV2-L [56] 960× 720 73.2 32.7 -
MLFNet-Res34 [57] 960× 720 69.0 57.2 4.0

LAANet [74] 480× 360 67.9 112.5 0.7
CGNet [73] 960× 720 65.6 59.0 0.5

FASSDNet [61] 960× 720 69.3 80.0 2.85

BANet 960× 720 66.3 68.1 0.72
*As reported in method on different GPUs. ‘-’ indi-
cates that the method does not report the result.

4.3.5 Qualitative results

The segmented images from the Cityscapes validation set and CamVid test set are shown

in Figure 4.8 and Figure 4.9, respectively. Figure 4.8 shows that the lowest dilation rates

achieve the best qualitative results in the backbone. The first row in the figure shows

only the encoder output. Without a decoder, the model performs poorly, as seen in these

segmented images. The CamVid visualization results show that, while our method can

accurately segment large objects like roads, cars, vegetation, buildings, and sky, it misses

smaller objects like poles and traffic signs.

The segmented images from an unseen Berkeley deep drive (BDD) [11] dataset are also vi-

sualized in Figure 4.10. This dataset was chosen for its class compatibility with Cityscapes.

It is observed that the method performs well for large objects, even on unseen road scene

datasets. In addition, to further verify the generalizability of the proposed network, we

obtain the segmentation results on images captured from the institute campus shown in
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Figure 4.9: Qualitative results: Validation images on the CamVid dataset. First row:
Input image; second row: ground truth; third row: BANet output.

Table 4.10: Inference speed(fps) of the proposed method for different input image reso-
lutions on mobile GPU-based systems.

Method
Jetson Xavier 940MX mIoU Params

2048× 1024 1024× 512 2048× 1024 1024× 512 % (M)

SwiftNet [68] 2.61 9.9 2.4 8.64 70.2 11.8
ENet [50] 13.8 53.82 13.4 45.56 58.3 0.4

ContextNet [54] 10.49 40.91 10.2 35.7 66.1 0.85
Fast-SCNN [45] 11.49 40.21 11.34 37.42 68.4 1.14
LEDNet [101] 0.7 2.73 0.5 1.75 70.6 0.94
BiSeNet [55] 2.42 9.6 2.1 7.35 68.4 5.8
CaBiNet [58] 8.21 30.95 7.9 27.65 76.5 2.64
FASSDNet [61] 7.3 29.2 7.1 26.27 76.0 2.85
MLFNet [57] 8.41 32.79 8.15 30.15 71.5 4.0

BANet 9.02 34.23 8.2 30.12 70.1 0.72

Figure 4.11. The images are randomly selected from videos recorded through a car-dash-

mounted camera at 1080p and 30fps. The network used is pre-trained on the Cityscapes

dataset. The visualization shows that the performance of the network, even on unseen

images, is at-par with the datasets used for training.

4.3.6 Evaluation on mobile GPU systems

Mobile GPUs are manufactured for resource-constrained devices like laptops and embedded

systems. They are designed with fewer CUDA cores and lower clock frequency. As a result,
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Figure 4.10: Qualitative results on the unseen dataset: Validation results on Berkeley
Deep Drive (BDD) dataset. First column: Input image; second column: ground truth;

third column: BANet output.

Figure 4.11: Qualitative results on unseen images: Results on our custom captured
images in the institute campus. First/third column: Input images; second/fourth column:

BANet outputs.
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they have low power consumption on the order of 20W . The proposed method is evaluated

on two mobile GPUs, NVIDIA Jetson Xavier and NVIDIA 940MX. Table 4.11 presents

their technical specifications. Both the GPUs are comparable, apart from their speed and

memory bandwidth. In Table 4.10, we present the performance analysis of the proposed

model for two different input resolutions. Our model runs faster than SwiftNet, LEDNet,

BiSeNet, and CaBiNet on both devices for a 1024×512 input image. This can be attributed

to the lightweight design. However, ENet is faster than the other methods because of its

shallow and extremely small network structure, but it has low accuracy. Despite having

a very small size, LEDNet shows an abysmal speed. This could be due to its extremely

complex decoder design resulting in many FLOPs (ref. Table 4.8). Fast-SCNN is faster

than the proposed model in speed with a low accuracy score.

Table 4.11: Specifications of the mobile-GPU cards.

GPU Card Cores Speed RAM Mem.B/W Power

Xavier 384 854MHz 8GB 51.2 GBps 15W
940MX 384 1.2GHz 4GB 40.1 GBps 20W

‘RAM’: Random Access Memory; ‘Mem.B/W’: Memory Band-
width.

4.4 Contribution

The main contributions of this chapter are summarized below:

• A basic bottle-neck block is proposed, incorporating an attention-based skip con-

nection, referred to as the block-attention module. It extracts local and contextual

features with a parallel branch structure comprising dilated asymmetric and depth-

wise separable convolutions.

• Our network, BANet, builds on the repetition of the BA module with downsampling

modules placed at appropriate locations. The network balances model size and

accuracy while improving inference speed.

• A novel, lightweight decoder is designed using efficient 3× 3 convolutions to include

in our network. With only simple skip connections from the encoder stages, it can

recover some spatial details lost during the downsampling process.

• Without any pre-training, post-refinement, or pyramid pooling modules (PPMs), our

lightweight architecture achieves competitive results on the Cityscapes and CamVid
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datasets. Specifically, with only 0.72M parameters, BANet achieves a mIoU of 70.1%

and 66.3% on the Cityscapes and CamVid benchmarks, respectively.

4.5 Summary

This paper proposed a lightweight real-time semantic segmentation model for road-scene

understanding, targeting resource-constrained devices. We have developed a novel block-

attention module that uses simple attention-based skip connections for enhanced feature

learning capabilities. The network based on the block-attention module has reduced la-

tency due to lower dilation rates in the encoder backbone. We have also introduced a

lightweight and efficient decoder design in our network, which performs better than popu-

lar decoders. Through extensive experiments on highly competitive benchmark datasets -

Cityscapes and CamVid, we have presented the efficacy of our design choices. Appropri-

ately balancing size, accuracy, and speed, BANet outperforms some of the attention based

state-of-the-art lightweight models while achieving 70.1% and 66.3% mIoU on Cityscapes

and CamVid datasets in real time. The inference speed of 34.23 fps on mobile devices

further shows that the proposed model is suitable for resource-constrained devices.
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Chapter 5

Context Guided Multiscale

Attention for Realtime Semantic

Segmentation

5.1 Introduction

The effective handling of multi-scale objects in the road-scene images poses a significant

challenge in semantic segmentation networks. A simple CNN architecture with conven-

tional convolution kernels can learn the local correlations among the pixels, however, they

struggle to efficiently capture large objects due to lack of sufficient contextual informa-

tion. In the previous chapters, our design strategy mostly revolved around using dilated

convolutions in building blocks to enlarge receptive fields and capture broader context.

However, they may lead to dominant representations of large objects, neglecting details

of small or isolated objects. A simple attention mechanism was incorporated in the block

level in Chapter 4 to model the context at local level.

In this Chapter we further explore advance techniques such as multi-scale feature en-

coding and context aggregation along with attention mechanism to efficiently handle the

multi-scale objects and learn global context for accurate segmentation. Based upon these

techniques, we propose the CGMA-Net (Context Guided Multiscale Attention Network),

a convolutional neural network for the semantic segmentation of road scenes in a resource-

constrained environment. In this work, two modules have been designed: the Fast Hybrid

Module (FHM) and the Multi-Scale Attention Module (MSAM). The tailored encoder

71
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backbone is built using the FHMs. At the same time, the decoder is designed around the

MSAMs. The FHM is designed to jointly capture local semantics and contextual features

at multiple scales through a three-branched structure. The first branch learns the local

feature through conventional convolution. The second branch captures the contextual fea-

tures using stacked dilated convolution kernels. This setup increases the kernel receptive

field. The computational complexity is reduced by carefully applying depth-wise separa-

tion to the dilated kernels. In line with the requirement of capturing the image features

around smaller objects and boundaries, the MSAM is designed to generate an attention

vector guided by low-level context features. The MSAM can be configured to extract

features at different scales, thus improving the feature discrimination ability. The weights

are efficiently learned through pointwise convolutions, further reducing the computations.

By leveraging the fast hybrid and multi-scale attention modules, the proposed CGMA-

Net achieves state-of-the-art segmentation accuracy among lightweight real-time networks

on the extremely challenging Cityscapes and CamVid datasets. The proposed method

achieves remarkable inference speed with a low computational cost of 5.86 Giga FLOPs.

Through comprehensive experiments conducted on the Cityscapes dataset, the efficacy of

the design choices is shown. Due to its inherent fast and lightweight design, the proposed

method can run in real-time on low-power embedded devices, such as Jetson Xavier and

3060-Mobile GPU.

The remaining chapter is organized as follows: Section 2 introduces the related works; the

functional modules, along with the network architecture, are detailed in Section 3; the

implementation details, along with the ablation studies and comparison with state-of-the-

art and qualitative results, are discussed in Section 4; Section 5 concludes the paper with

the scope of future works.

5.2 Proposed Method

For accurate semantic segmentation, global context and local semantics features are essen-

tial. While global context is required to understand the scene and placement of objects,

local semantics is required to label individual object pixels. Multi-scale feature learning

is essential to segment objects of varying sizes in a typical road scene image. This section

discusses the proposed Fast Hybrid Module (FHM), which essentially learns the context

and semantics at local level. To further enhance the global feature learning capability

of the network, a Multi-Scale Attention Module (MSAM) is proposed, which is discussed

subsequently. Finally, the complete structure of the CGMA-Net is described.
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Figure 5.1: Comparison with some state-of-the-art lightweight networks on the
Cityscapes dataset [1]. The proposed network achieves comparable accuracy with one

of the minimum sizes and FLOPs.
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Figure 5.2: Architecture of the proposed Context Guided Multiscale Attention Network
(CGMA-Net).
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5.2.1 Fast hybrid module

The fast hybrid module (FHM) serves as the primary building block of the encoder, em-

bodying an inverse residual bottleneck design [34]. This module features a carefully de-

signed three-branch structure, as shown in Figure 5.3d. A multi-branch design has proven

effective in efficiently encoding spatial relationships and forming a feature pyramid to learn

representations. While [51] used five branches in the basic block, [52] redesigned it with

four branches to improve the performance by further reducing the operations. However,

we found optimal performance using only three branches like [117, 118]. A common choice

for the basic block is the bottleneck structure [66, 47, 46, 59, 76, 116], which reduces the

number of input channels for processing within the block. This is essential to reduce the

computations in deep networks. However, [42] showed that if the input manifold of in-

terest (or simply, the number of valuable features) is a subset of the input feature space

(represented as the total number of input channels), only then the bottleneck structure

followed by the non-linear transformation can preserve all the essential features. This is

because non-linearity can map many features to zero values outside the output feature

space. For example, a line is mapped to a ray in 2D space by a ReLU. As a remedy, the

inverse bottlenecks essentially expand the number of output channels so that the manifold

of interest can be retained even after collapsing the feature space by the non-linearity. A

more formal proof can be found in [42]. The expansion ratio of the channels is controlled

by a hyperparameter ‘α’. As already determined in our previous work [119], a value of

α = 2 is sufficient to balance computational efficiency and retained feature richness. A

1×1 convolution layer is used to increase the channel dimension. The feature maps are

simultaneously processed in three parallel branches, each having a strategic importance.

The first branch leverages a 3×3 standard convolution to capture local semantic details

efficiently, which is essential for understanding fine-grained image features. The second

branch employs a sequence of dilated convolutions with progressively increasing dilation

rates, enabling contextual information extraction over varying receptive fields. The skip

connection between the first and second branches plays a crucial role in enhancing the

network’s functionality: it facilitates improved gradient flow during backpropagation and

increases the range of effective dilation rates, thereby enabling robust multiscale feature

learning. In feature pyramids, dilations are progressively increased with each parallel

branch. However, large dilation rates can significantly slow down inference due to sparse

kernel operations and zero padding, necessitating kernel restructuring [61]. Moreover,

they introduce the gridding effect in the reconstructed image [120]. To solve this, the

third branch strategically reduces the input feature map dimensions using average pooling
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Figure 5.3: Overview of some basic modules. ‘Cin’: Number of input channels. ‘3x1’ is
the convolution kernel size. ‘d’: Dilation rate. ‘+’ denotes element-wise addition. ‘α’ is

the width multiplier.

by a factor of 8, followed by a 3×3 convolution. This configuration emulates the effect of a

dilated convolution with a rate of 8, capturing wide context but with notably reduced com-

putational expense. The integration of these three branches allows FHM to concurrently

process input feature maps across multiple scales with different convolutional strategies,

ensuring efficient multiscale feature aggregation and reduced inference time. This hybrid

approach seamlessly enhances dense feature extraction architectures, optimizing real-time

semantic segmentation tasks by preserving both local detail and global context without

compromising on speed or computational load.

5.2.2 Multi-scale attention module

First, the problem formulation is discussed in the following lines. Suppose we have an

encoded feature vector cube X, of dimension h × w × C. There is a need to label each

pixel location in the original image using the vectors xi at position i in X. However, not all

features in X are equally crucial for label assignment. Hence, an attention-guided context

map is generated for the weighted addition of the features. The context information is

extracted from the low-level feature maps, X. For a given scale, s, X is divided into s× s

size patches following [121]. If the weighted feature at position i is denoted as zsi,j , it can

be generated using X and X as follows:

zsi,j =

s×s∑
j=1

βi,jyj (5.1)
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where yj is the reduced feature map obtained from X by max-pooling operation and

convolution and βi,j is the attention weight for position i generated using X at j. It can

be calculated as follows:

βi,j = fAttention(Xi, j) (5.2)

The attention function, fAttention is defined as follows:

fAttention(Xi, j) = σ(Watt(Wch(Xi) +Xi)) (5.3)

where σ is the sigmoid function; Watt is the attention weight generated by a pointwise con-

volution kernel, and Wch is the channel weight generated using average pooling operation

along the channel axis of the low-level feature maps.

The main difference in this work is how zi,j is calculated. Methods discussed in [121]

generate zi,j by only utilizing information in encoded feature vector cube X. At the

same time, the context information from a low-level feature map X is used to generate

weights. The primary intuition behind this is that as we move along the depth of the

deep network, high-frequency information, like image boundaries, is lost [72]. These high-

frequency details are exploited in the low-level feature maps to weigh the encoded feature

maps suitably. The method to calculate MSAM features can be described by Algorithm

1.

Implementation: The MSAM architecture is shown in Figure 5.4. It has two inputs:

the first is for low-level feature maps (X), and the second is for high-level feature maps

(X). In the first branch, X is initially convolved with a 1× 1 filter to match the channel

dimension. Then, channel attention is applied to these feature maps. The weights, Wch,

are calculated by passing through global average pooling followed by a 1× 1 convolution.

A context-guided attention vector, β, is obtained by generating weights, Watt, through a

1× 1 convolution followed by a sigmoid function to the weighted low-level feature maps.

In the second branch, the high-level feature maps are first reduced by average pooling with

a kernel of size ‘s’. After passing through a 1× 1 convolution kernel, the reduced feature

map, Y , is obtained. Y is multiplied with the attention-vector β to obtain the weighted

output feature map, Z.
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is the size-reduced feature cube. ‘X’ is low-level feature input. ‘β’ is the attention weight

matrix.

Algorithm 1: MSAM calculation process

Input: X ∈ R[B,C1,h,w] : low-level SFM X ∈ R[B,C2,h,w] : high-level SFM
//SFM: sub-feature-map

Output: Z ∈ R[B,Cout,h,w] : output tensor
/* Functions are in Pytorch style */

//Attention vector generation

X ← Conv2d(X, kernel = 1, groups = 1);
F avg ← AdaptiveAvgPool2d(X, size=1);
Wch ← Conv2d(F avg, kernel = 1, groups = 1);
F avg = Wch + F avg;
Watt ← Conv2d(F avg, kernel = 1, groups = 1);
β ← Softmax(Reshape(Watt, shape = hw × s2));

//Context guided SFM generation

Favg ← AdaptiveAvgPool2d(X, size=s);
F ← Conv2d(Favg, kernel = 1, group = 1);
Y ← Reshape(F, shape = s2 × Cout);
Z ← β ∗ Y ;
Z ← Z +X;
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5.2.3 CGMA Net

The block-level architecture and detailed structure of CGMA-Net are shown in Figure 5.2

and Table 5.1, respectively. It follows an encoder-decoder network design with a three-

stage encoder using FHM blocks. Stage 1 comprises three 3×3 convolution kernels, the first

being conventional with stride=2 and the others depthwise separable. Stages 2 and 3 have

intra-stage skip connections and contain three and six FHMs starting with downsamplers,

respectively. The output of each stage is concatenated with its input through the skip

connections to improve feature learning and gradient flow. The encoder output is 1/8th

the size of the input, with 128 channels achieved through a 1 × 1 convolution operation

before passing it to the decoder.

The decoder has two stages, each having a multi-scale pyramid (MSP) made of three

MSAMs (scales 6, 3, and 1) (ref. Figure 5.5). The first stage receives inputs from the

last encoder block before concatenation and channel reduction, resulting in 256 channels.

The second stage takes low-level feature input from the second encoder block and high-

level feature input from the final encoder block, yielding 128-channel feature maps. All

MSAM outputs and final encoder outputs are concatenated and passed through a 1 × 1

convolution filter, reducing 512 channels to 19 classes. These stages operate at 1/8th of

the input resolution, reducing inference time and computational load. The final decoder

output is bilinearly upsampled to the original input resolution.

s=6

s=2

s=1

MSAM

MSAM

MSAM

Lo
w

 le
ve

l f
ea

tu
re

 m
ap

s

H
igh level feature m

aps

Feature map block Concat

*

*

Figure 5.5: Structure of Multi-Scale Pyramid (MSP). *Feature map images taken from
[2] for representation purpose.

5.3 Experimental Results

In this section, the results of the proposed network are presented on three publically

available datasets: Cityscapes [1], CamVid [12], and Berkeley Deep Drive [11]. First,
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Table 5.1: Detailed structure of proposed CGMA
Net

Layer Operation Mode Channel Output size

E
n
c
o
d
e
r

1 3x3 Conv stride=2 32 384x768
2 3x3 (G) Conv stride=1 32 384x768
3 3x3 (G) Conv stride=1 32 384x768
4 Downsampling stride=2 64 192x384
5-7 FHM d=(2,4) 64 192x384
8 Downsampling stride=2 128 96x192

9-14 FHM d=(2,4) 128 96x192
15 1x1 Conv stride=1 128 96x192

D
e
c
o
d
e
r

16 MSAM scale=6 128 96x192
17 MSAM scale=2 64 96x192
18 MSAM scale=1 64 96x192
19 MSAM scale=6 64 96x192
20 MSAM scale=2 32 96x192
21 MSAM scale=1 32 96x192
22 1x1 Conv stride=1 19 96x192
23 Upsampling factor=8 19 768x1536

(G) Conv- Group convolution; d=(d1,d2) is the dilation rate,
refer Figure 5.3d.

the evaluation metrices are discussed, followed by the training settings. Then, the abla-

tion studies are performed to show the importance of the design choices, followed by the

comparison results with state-of-the-art methods.

Accuracy is measured in terms of mIoU. The computational complexity of the model

is reported in terms of the number of floating point operations (FLOPs). It essentially

measures the computations that involve multiplication and addition. As embedded devices

have low computational power, a model with small FLOPs is preferred. The number of

segmented frames-per-second (fps) has been used to establish the latency of the deep

network. Following the convention, a fps of 30 and above is considered real-time.

Since the end goal of the work is to design a network for resource-constrained devices,

the best possible accuracy-speed trade-off is needed with the constraints of model size

and computation complexity. Previous works [122, 74] have considered the first three

parameters, neglecting the FLOPs. A new scaler index has been formulated with all four

parameters and termed as Efficiency Index, (EI), calculated as follows:

EIi = log

[
ai ×m*

i + bi × f*
i

ci × p*i + di × g*i

]
(5.4)

Where mi, fi, pi, gi are mIoU, fps, size, and FLOPs of model i; the corresponding 'max'

and 'min' values denote their maximum and minimum values selected from all the methods

being compared; ai, bi, ci, di are coefficients such that ai + bi = 1 and ci + di = 1. The
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parameters in Equation 5.4 are calculated as follows:

ai =
f*
max − f*

min

m*
max −m*

min

bi

m*
i =

mi

mmax

f*
i =

fi
fmax

ci =
p*max − p*min

g*max − g*min

di

p*i =
pi

pmax

g*i =
gi

gmax

(5.5)

Here, f*
max and f*

min represent the maximum and minimum values of f*
i. Similarly, the val-

ues of m*
i, p

*
i, and g*i are represented. fmax and fmin represent the maximum and minimum

values of FLOPs among all the methods being compared. Similarly, the corresponding

values of m, p, and g are calculated. A ‘log’ scale is introduced to calculate EI to ac-

commodate the huge parameter variations. It is noted that EI is suitable for ranking

lightweight and real-time models because of its inverse relationship with the model size

and FLOPs.

5.3.1 Training settings

All the ablation studies have been performed on a single Nvidia RTX 3090 graphics card

system using PyTorch 1.10 framework and CUDA 11.6. A mini-batch stochastic gradient

descent (SGD) optimizer is utilized for Cityscapes and BDD with a momentum of 0.9.

Weight decay is set to 10−4. Adam optimizer is applied for Camvid, owing to its small

dataset size. The experiments involving Cityscapes and BDD are trained with a batch

size of 8, while for CamVid, it is 12. ‘poly’ learning strategy is used with the rate at each

iteration given as:

new lr = initial lr ×
[
current iteration

total iteration

]0.9
(5.6)

The initial learning rate is 0.045, and the training is done for 350 epochs for Cityscapes.

Meanwhile, for BDD and CamVid, the epochs increased to 500 and 1000. For training,

Cityscapes is used at a resolution of 768 × 1536. At the same time, CamVid and BDD
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Table 5.2: Experimental results
of CGMA-Net with different ba-
sic blocks on the Cityscapes vali-

dation set.

Method
mIOU FLOPs * Param
(%) (G) (M)

LEANet 71.1 10.99 1.07
LAANet 70.5 7.94 0.8
MFNet 69.7 6.43 0.66
FHM 72.3 5.86 0.54

* FLOPs are reported for an input image of
size 1024× 512; ‘M’ - Million; ‘G’ - Giga.

are trained at 720× 960. Following [46], online hard example mining (OHEM) loss is used

for Cityscapes and cross-entropy (CE) loss is used for CamVid. The data augmentation

techniques are random flips, random translation by a maximum of 2 pixels, random crop,

and random scale in [0.5, 2.0], followed by colour jittering.

5.3.2 Ablation Study

In this section, a series of ablation studies have been conducted to validate the design

choices in the modules and the overall proposed architecture. The performance is measured

on the validation set of the Cityscapes.

Fast Hybrid Module: Methods [72, 70, 71, 46] proposed two branched basic blocks

where one branch learns local features and other, the global context through dilated ker-

nels. However, a single dilation rate was used. To verify the effectiveness of the FHM,

it is replaced with the modules shown in Figure 5.3 and train the network on the same

settings. While LEANet [122] stacked four kernels in each branch, LAANet [74] introduced

criss-cross skip connections between the two branches. MFNet [72] followed an asymmet-

ric design. Table 5.2 shows the result for different basic blocks. LEANet module achieves

similar accuracy, albeit with double FLOPs and model size. Among the modules, FHM

achieves the best accuracy with a minimum FLOP of 5.86 Giga and a model size of 0.54

M.

Pooling branch: To show the advantage of using the pooling operation for downsam-

pling in place of large dilations in convolution kernels, the pooling-convolution-upsampling

operation is replaced in the third branch. Instead, a depth-wise dilated kernel is intro-

duced with different dilation rates (d). First, the kernel is dilated with a factor of 8. This

essentially has a similar field of view (FOV) as the convolution kernel after the downsam-

pling process by pooling. Table 5.3 summarizes the results. It is observed that using a
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dilated convolution increases the inference time with increased FLOPs. Specifically, for a

dilation rate of 8, the inference time is increased by 5%, and FLOPs are increased by 60

Million. Similarly, for a dilatation rate of 16, the inference time is increased by more than

20%. The skip connection between the two semantic branches of FHM further improves

the accuracy by 0.8%. We further conduct ablation with different numbers of branches in

FHM. Different structures with 2, 3, and 4 branches have been analyzed in Table 5.4. It

can be seen that 3 branches with average-pool downsampling in the third branch give the

optimal performance, balancing the accuracy, inference time, and memory requirement. A

4-branch structure with dilated convolutions gives the best accuracy, but it requires 50%

more GPU memory and has a lower inference speed by 18%.

Table 5.3: Ablation study for pooling branch
and skip connection in FHM on Cityscapes vali-

dation set.

Ablation Study Type
mIoU FLOPs fpt
(%) (G) (ms)

Pooling branch Avg.Pool 72.3 5.86 7.82
DConv-8 69.7 5.92 8.23
DConv-16 70.8 5.92 8.75

Semantic branch- No 71.5 5.85 7.61
skip connection Yes 72.3 5.86 7.82

‘DConv-8’: Dilated convolution with rate = 8; ‘fpt’:forward
pass time; ‘ms’:millisecond.

Table 5.4: Ablation study for the different number of branches
in FHM on Cityscapes validation set.

Nos. 3rd/4th branch
Param Mem mIoU FLOPs fpt

(K) (MB) (%) (G) (ms)

2 -/- 537.123 1450 69.5 5.71 7.30
3 APC/- 544.397 1554 72.3 5.92 7.82
3 DC8DC16/- 564.771 1864 72.6 6.23 8.94
4 DC8/DC16 578.595 1928 71.7 6.45 8.20
4 DC4DC8/DC8DC16 592.419 2304 74.1 6.76 9.63

‘DC8’: Dilated Conv with dilation = 8; ‘APC’: Average Pool+Conv
‘fpt’:forward pass time; ‘ms’:millisecond.

Context guidance: The benefit of context guidance in the attention module is ana-

lyzed by removing the encoder skip connections. Instead, the high-level feature input (X)

is used in both the input branches of MSAM (refer Figure 5.4). The corresponding change

required in MSAM is to replace C1 in the 1× 1 kernel of X branch to C2. It reduces the

context guidance branch to only channel attention. The module generates the attention

weights mainly using the semantic information present in the high-level features. It is be-

lieved that low-level features are equally crucial for the model to learn finer details, such as

boundaries and smaller classes while generating attention weights. Table 5.5 summarizes
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Table 5.5: Ablation study for context guidance in
MSAM on Cityscapes validation set.

Context-input
mIOU FLOPs Param Mem. fpt
(%) (G) (M) (MB) (ms)

low-level 72.3 5.86 0.544 1554 7.82
high-level 70.5 5.90 0.576 1405 8.35

Mem.: GPU reserved memory in MegaByte (MB).

the result. Using only the high-level feature input reduces the accuracy by 1.8%. It also

increases the number of parameters and FLOPs. Specifically, 3.2× 104 parameters and 40

Million FLOPs. This is because high-level feature maps have more channels than low-level

ones. However, a 9.5% reduction in memory is observed as the model does not require

storing some low-level feature maps.

Figure 5.6 shows the gradient-weighted channel activation maps [123] of some of the classes

for the two types of context input in MSAM. The channel activations of the last layer are

used to generate the heat maps. The second column is for high-level context input, whereas

the third is for low-level context input. The bounding box highlights that the proposed

method emphasizes the important region critical to the target class. In the first row,

MSAM improves the body region of the person class. For the car class, shown in the

second row, the high-intensity region on the road is minimized in addition to improving

car boundaries. Similarly, for bicycles, the large areas of the road are reduced in the

third row. Traffic signals and poles are used as target classes in the fourth and last rows,

respectively. In both of these sets of images, MSAM increases the focus on the target

object rather than the surroundings.

Dilation rates in FHM: Dilation of the convolution kernel is quintessential in semantic

segmentation to increase the FOV to capture the context information around the centre

pixel. The FHM has two dilated kernels in the second branch 5.3 (d) with dilation d1 and

d2. Six combinations of dilation rates are used for the ablation study. Table 5.3 reports the

result. To begin with, no dilation is used in the FHMs. This achieves the lowest accuracy

of 70.4%, reinforcing the importance of context features for accurate segmentation. Even

(2,4,6,8,10,12) and odd (3,5,7,9,11) dilation rates are used for the next set of experiments.

Following [46], dilation rates were gradually increased with the depth. In another exper-

iment, only d2 is varied. However, keeping a constant dilation rate of (2,4) gave the best

accuracy of 72.3%. This is because FHM has an additional branch that extracts features

by downsampling, along with two dilated and one undilated kernel. This scheme learns

rich features at multiple scales, resulting in accurate segmentation.
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Figure 5.6: Gradient-weighted class activation maps (Grad-CAMs) of the last network
layer for the person, car, bicycle, traffic signal, and pole classes (top to bottom). First
column: input image; second column: CAM for high-level context input in MSAM; third
column: CAM for low-level context input in MSAM. The critical regions are highlighted
in the bounding box. Red and blue colors signify the highest and lowest intensities,

respectively.
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Figure 5.7: Qualitative results on the Cityscapes showing the effectiveness of adding
the Multi-Scale Attention Modules in the CGMA-Net. Column 1: Input images; Column
2: Ground truth; Column 3: Output without MSAM; Column 4: Output with MSAM

(1,3,6). The segmentation improvement over smaller objects is highlighted.

Encoder depth: To see the effect of encoder depth on the performance of the network,

we change the numbers of FHMs in various stages. It can be seen that increasing the

number of FHMs in the second stage has a less prominent effect on speed and FLOPs

than in the first stage. This is because the feature maps in the first stage are double the

size of the second stage. Using only two FHMs in Stage 1 leads to inferior performance

compared to using three modules, which shows the importance of effective low-level feature

representation learning. The combination of three and six FHMs in Stages 1 and 2,

respectively, achieves the optimum performance in terms of accuracy while balancing the

speed and computation requirement.

Decoder: Two experiments were performed as a part of the decoder ablations. In the

first, the decoder is removed, and only the backbone is evaluated against the Cityscapes

dataset. In the second, a full encoder-decoder network is trained with different MSAM

scales. Table 5.8 shows that the inference speed gets an 18% boost without the decoder.
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Table 5.6: Ablation study for Dilation rates in FHM on
the Cityscapes validation set.

Dilation rates mIOU

(L5d1,L5d2) + .... + (L14d1, L14d2)
* (%)

No dilation 70.4
(2,4)+(2,4)+(2,4)+(2,4)+(2,4)+(2,4)+(2,4)+(2,4)+(2,4) 72.3
(1,1)+(1,1)+(2,4)+(1,1)+(1,1)+(2,4)+(4,6)+(6,8)+(8,10) 71.1
(1,1)+(1,1)+(1,1)+(1,1)+(1,2)+(1,4)+(1,6)+(1,8)+(1,10) 71.7
(1,1)+(1,3)+(1,5)+(1,1)+(1,1)+(1,3)+(1,5)+(1,7)+(1,9) 71.2
(1,1)+(2,3)+(4,5)+(1,1)+(1,1)+(2,3)+(4,5)+(6,7)+(8,11) 72.0

* Lidj represents FHM in layer-i with dilation-j. FHMs are located
in layers 5-7 and 9-14.

Table 5.7: Ablation study for en-
coder depth by changing the number
of FHMs in various stages (S1/S2)

on Cityscapes validation set.

S1/S2
FLOPs Param mIoU fpt
(G) (M) % (ms)

2/5 5.16 0.510 69.7 6.87
2/6 5.37 0.535 70.5 6.99
2/8 5.79 0.583 70.6 7.25
3/5 5.71 0.526 71.9 7.76
3/6 5.86 0.549 72.3 7.82
3/8 6.34 0.599 72.2 8.03
3/10 6.76 0.648 73.1 8.25

However, it also leads to a 3.3% decrease in accuracy. The qualitative results in Figure 5.7

show the effectiveness of MSAM. The network output is improved around small objects

and boundaries, highlighted in the images. Three combinations have been selected for the

MSAM scales. A scale of 1 implies no scaling. Combining (1,3,6) gives the best accuracy

with intermediate inference speed among the three sets. (1,6,9) is the fastest because of

the smaller number of patches (a larger patch scale size means a smaller number of total

patches). However, it has slightly lower accuracy. (1,2,3) performed poorly in accuracy

because of less scale variation, leading to similar feature learning instead of multi-scale

features. Reducing the number of scales from three to two led to a significant drop in

accuracy, specifically by 2.1%. We also experimented with four scales (1,3,6,9), but it

achieved similar accuracy to three scales; rather, it increased the memory and FLOPs,

thus showing that a choice of three scales is sufficient for this context.

5.3.3 Comparison on the Cityscapes benchmark

The proposed method is compared with the state-of-the-art methods on the Cityscapes

benchmark in Table 5.9. For a fair comparison, the fps are calculated on a common
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Table 5.8: Ablation study for decoder on Cityscapes
validation set.

Ablation Study Type
mIOU fpt Mem. FLOPs
(%) (ms) (MB) (G)

Decoder No 69.0 6.62 1410 4.77
Yes 72.3 7.82 1554 5.86

MSAM scales (1,2) 70.2 7.13 1480 5.40
(1,2,3) 70.9 8.20 1546 5.95
(1,3,6) 72.3 7.82 1554 5.86
(1,6,9) 72.1 7.67 1500 5.81
(1,3,6,9) 71.9 8.45 1631 6.18

platform. The table is divided into two sections. The first section reports the accuracy-

oriented method based on transformers [62]. These methods have large sizes and require a

large number of FLOPs. Consequently, they require large memory and power. The high-

est accuracy of 84.9% is reported by ViT-Adapter-L [105]. However, with 347.9 Million

(M) parameters, it becomes sufficiently large for resource-constrained devices such as au-

tonomous vehicles and robotics. The other two transformer-based methods, Trans4trans

[65] and SegFormer [102], have the lowest Efficiency Index (EI) value among the compared

methods due to the size and FLOPs, despite having high accuracy. The second section

compares smaller methods targeting real-time deployment. These methods are based on

highly efficient CNNs for vision tasks. DDRNet [59] has the highest accuracy of 77.4% but

has 7× more FLOPs and 10× more size than the proposed method. Moreover, its accuracy

can be attributed to the ability to process full-resolution (1024× 2048) images. HyperSeg

[30] has comparable FLOPs and is more accurate by 2%. However, it has 20× more pa-

rameters, thus having a low EI of 1.397. MLFNet [57] has lower FLOPs and comparable

accuracy and speed but has more parameters. Specifically, it has 7.5× more parameters.

CGNet [73] has a comparable size but has 50% lower fps and 9% less accuracy despite

having fewer parameters. MFNet [72] has similar accuracy to the proposed method and is

17 fps faster; nevertheless, it has 2.5× more parameters. The proposed method achieves

the highest EI score of 2.596, efficiently balancing the size, accuracy, and speed trade-offs.

It also has one of the lowest FLOP requirements of 5.86 G, making it suitable for low

computation power devices.

5.3.4 Comparison on the CamVid benchmark

The proposed method is compared with state-of-the-art networks on the CamVid dataset

in Table 5.10 to show the effectiveness and generality. The most accurate method is

RTFormer [110], which is based on the transformers. Among the CNN-based methods,
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Table 5.9: Comparison with state-of-the-art on the Cityscapes benchmark. Categorized by
increasing efficiency index from top to bottom.

Method Input Size
FLOPs FLOPs$ mIoU

FPS# FPS* Param
EI

(G) (G) (%) (M)

ViT-Adapter-L [105] 896× 896 - - 84.9 < 1 - 347.9 -
SegFormer [102] 512× 1024 17.7 17.7 84.0 2.5 47.6 84.7 0.827
Trans4trans [65] 768× 1536 94.25 41.88 81.5 27.3 27.3 49.5 0.087

SDPT-Tiny [124] 512× 1024 63.4 63.4 77.3 63.8 63.8 3.6 0.438
NDNet [125] 512× 1024 26.8 26.8 76.5 161 161 18.7 0.483

ESS-SASD [80] 512× 1024 117.26 117.26 71.79 41 70 11.38 0.109
Hyperseg-M [30] 512× 1024 7.5 7.5 75.8 36.9 52 10.1 0.775
LCFNet [126] 512× 1024 7.28 7.28 76.58 171 183 7.28 0.991
PIDNet-S [8] 512× 1024 23.79 23.79 75.5 116.5 116.5 7.6 0.689

SegTransConv [127] 512× 1024 10.16 10.16 72.8 57.3 57.3 7 0.837
LBN-AA [35] 448× 896 49.5 64.65 73.6 51 81.6 6.2 0.834

DDRNet-Slim [59] 1024× 2048 35.78 8.94 77.4 108.8 155.8 5.7 0.985
BiSeNet [55] 768× 1536 14.8 6.57 68.4 105.8 148 5.8 0.980
LAANet [74] 512× 1024 19.2 19.2 73.6 95.8 134 0.67 0.997
MLFNet [57] 512× 1024 4.67 4.67 71.5 90.8 118 3.99 1.137

FASSD-Net-L1 [61] 1024× 2048 20.0 5 72.1 78.0 114 2.8 1.271
LMFFNet [7] 512× 1024 16.7 16.7 75.1 118.9 118.9 1.4 1.011
IRDPNet [119] 768× 1536 11.54 5.13 75.6 78.6 110 1.49 1.370
MFNet [72] 512× 1024 9.1 9.1 72.1 116 145 1.34 1.221

LEDNet [101] 512× 1024 11.44 11.44 70.6 71.0 86.5 0.94 1.137
FRNet [71] 512× 1024 9.1 9.1 70.4 127 151 1.01 1.245

FDDWNet [116] 512× 1024 12.5 12.5 71.5 60 72 0.80 1.110
DABNet [46] 1024× 2048 10.60 10.60 70.1 27.7 60.6 0.76 1.160
RegSeg [70] 512× 1024 9.78 9.78 77.6 86.7 86.7 3.34 1.057

EDANet [106] 512× 1024 11.34 11.34 67.3 108.7 161 0.68 1.184
LCNet [118] 512× 1024 15.9 15.9 73.3 185.2 185.2 0.51 1.106
CGNet [73] 512× 1024 7.14 7.14 64.8 50 53 0.5 1.297

CGMA-Net (Proposed) 512× 1024 5.86 5.86 73.4 128 128 0.54 1.476

‘-’ method does not report the result. ‘$’ Normalised FLOPs for 512× 1024 input size. ‘#’ FPS reported in
the literature. ‘*’ FPS calculated on RTX 3090 GPU.

ours is among the top accuracy lightweight networks. Specifically, it is 1.2% less accurate

than FASSDNet [61] but has 5× less parameters. LAANet [74] has comparable accuracy

and size while being faster by 27 fps. However, it processes images at half resolution of

480 × 360. CGNet [73] has the smallest size with 0.5 M parameters. Nevertheless, it is

slower by 26 fps and is 2.5% less accurate. These results prove that the proposed method

has comparable performance with the state-of-the-art methods on CamVid, which is a

comparatively small dataset.

5.3.5 Comparison on the BDD100K benchmark

To further validate the performance of the proposed method, we also provide the quanti-

tative results on the challenging BDD100K [11] dataset in Table 5.11. The large size of

DeepLabv3 [32] and a ResNet backbone allow it to perform better in terms of accuracy.
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Table 5.10: Comparison with state-of-the-art on the CamVid benchmark.

Method InputSize
mIoU

FPS
Param

(%) (M)

RTFormer-Slim [110] 960× 720 81.4 190.7 4.8

SwiftNet-MN [68] 960× 720 65.0 27.7 11.8
DFANet [24] 960× 720 59.3 116 4.8
ICNet [53] 960× 720 67.1 46.7 7.8
BiSeNet [55] 960× 720 65.6 175 5.8

BiSeNetV2-L [56] 960× 720 73.2 32.7 -
MLFNet-Res34 [57] 960× 720 69.0 57.2 4.0

LMFFNet [7] 960× 720 72.0 116.4 1.4
LAANet [74] 480× 360 67.9 112.5 0.7
EDANet [106] 480× 360 66.4 40.75 0.7
CGNet [73] 960× 720 65.6 59.0 0.5

FASSDNet [61] 960× 720 69.3 80.0 2.85

DABNet [46] 480× 360 66.4 101.3* 0.76

CGMA-Net (Proposed) 960× 720 68.1 85.5 0.54

Table 5.11: Comparison with state-of-the-art on the BDD100K benchmark.

Method Input Size Backbone
mIoU Param

(%) (M)

DeepLabv3 [32] 1280× 720 ResNet101 64.8 11.8
ContextNet [54] 1280× 720 Scratch 44.5 0.85
MLFNet [57] 1024× 512 MobileNetV2 53.5 3.99
LCNet [118] 1280× 720 Scratch 58.5 0.74

SFNet-Lite [128] 1280× 720 STDC 59.4 13.7
STDC [56] 1280× 720 Scratch 52.1 12.0

CGMA-Net 1280× 720 Scratch 54.2 0.54

The CGMA-Net achieves comparable accuracy with fewer parameters. Specifically, with

only 0.54 M parameters, it surpasses the accuracy of both MLFNet [57] and STDC [56].

LCNet [118] achieves a better accuracy but with a noticeably larger size.

5.3.6 Comparison on the KITTI benchmark

Following [129] and [7], we validate the generalizability of the CGMA-Net by evaluating

the predictions on the KITTI dataset using the model trained on Cityscapes. The results

are shown in Table 5.12. CGMA-Net can achieve accuracy comparable to state-of-the-art

methods with a fraction of FLOPs. Specifically, it is 2.2% more accurate than LETNet

[117] with less than 50% FLOPs and model size. It outperforms methods such as [73, 46,

101, 47] by a significant margin. LMFFNet [7] achieves better accuracy by 3.6%. However,

it requires 3× more FLOPs and has thrice the number of parameters than CGMA-Net.
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Table 5.12: Comparison with state-of-the-art on the KITTI benchmark.

Method Input Size
FLOPs mIoU Param

(G) (%) (M)

CGNet [73] 1024× 512 7.14 36.9 0.5
DABNet [46] 1024× 512 10.6 37.2 0.8
LEDNet [101] 1024× 512 11.44 40.3 1.0
ERFNet [47] 1024× 512 26.9 42.9 2.1
LETNet [117] 1024× 512 13.6 43.5 1.0
LMFFNet [7] 1024× 512 16.7 49.3 1.4

CGMA-Net 1024× 512 5.86 45.7 0.54

Table 5.13: Specifications of the mobile-GPU cards used for inference.

GPU Card Cores Speed RAM Mem.B/W Power

Xavier 384 854MHz 8GB 51.2 GBps 15W
3060M 3840 817MHz 6GB 336 GBps 80W

‘RAM’: Random Access Memory; ‘Mem.B/W’: Memory Bandwidth.

5.3.7 Evaluation on GPU-Powered Embedded Systems

High-end GPU accelerators are unsuitable for embedded and edge devices due to resource

limitations. Nvidia’s Xavier and Jetson family GPUs, designed for such devices, have

reduced resources. To ensure real-time performance, we assess the proposed network on

the Jetson Xavier NX and RTX 3060-Mobile laptop. The technical details of these GPUs

are given in Table 5.13. The official SDK for the Jetson with TensorRT acceleration is

used. However, no such acceleration is used on 3060M for a fair comparison. Table 5.14

compares the method against the state-of-the-art for inference speed.

The proposed lightweight design excels in speed on both devices for input resolutions of

1024× 512, outperforming most methods with comparable power consumption and using

only 1554 MB GPU reserved memory. However, ENet is the fastest and most power

efficient due to its shallow structure despite having low accuracy. Moreover, it consumes

the least GPU memory of 940 MB. LEDNet is the slowest due to its complex decoder

structure despite having only 0.94 M parameters. Fast-SCNN and ContextNet surpass

the proposed method in speed but with lower accuracy. Specifically, Fast-SCNN is 2 fps

faster, and ContextNet is 2.5 fps faster. MLFNet offers good accuracy but with 8× more

parameters and at a slower fps.

The results in Table 5.14 show that most of the networks are unable to run in real-time

(> 30 fps) on full-resolution images of the Cityscapes. However, an input resolution of

640× 320 is enough to satisfactorily recognize any urban street scene [47]. The proposed
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Table 5.14: Inference speed(fps) of the proposed method for different input image res-
olutions on mobile GPU-based systems. Full resolution: 2048 × 1024; half resolution:

1024× 512.

Method
Jetson-Xavier | 3060-Mobile mIoU Param Mem Pow
Full Half Full Half % (M) (MB) (W)

SwiftNet [68] 2.61 9.9 3.91 14.5 70.2 11.8 1721 8.2
ENet [50] 13.8 53.82 20.17 78.68 58.3 0.4 940 4.5

ContextNet [54] 10.49 40.91 15.33 55.2 66.1 0.85 1464 6.2
LEDNet [101] 0.7 2.73 1.21 4.43 70.6 0.94 3121 8.7
BiSeNet [55] 2.42 9.6 3.45 13.77 68.4 5.8 1903 7.4

Fast-SCNN [45] 11.49 40.21 14.1 53.6 68.4 1.14 1246 5.8
CaBiNet [58] 8.21 30.95 10.45 41.8 76.5 2.64 1279 6.5
FASSDNet [61] 7.3 29.2 10.79 38.85 76.0 2.85 2402 7.9
MLFNet [57] 8.41 32.79 11.2 43.7 71.5 4.0 2170 7.6

CGMA-Net (Proposed) 10.1 38.6 14.5 52.3 72.3 0.54 1554 7.8

network can work at a resolution of 1024× 512 in real-time, with 38.6 fps and 52.3 fps on

Jetson Xavier and 3060M. Thus, it is suitable for edge device deployment.

5.3.8 Qualitative Analysis of the Segmented Output Images

The proposed method has also been tested on real driving sequences captured at 1080p

resolution in our city, as shown in Figure 5.10. While the network encounters challenges

with certain objects in the scene, it demonstrates the importance of semantic and context

information for accurate classification. An interesting example is image ‘e’, where a small

board on a tree is misidentified as a traffic symbol on a pole. Despite minor misclassifica-

tions on small objects, the network excels in accurately identifying major classes like road,

car, pedestrian, sidewalk, building, and sky, affirming its effectiveness.

The segmented images from Cityscapes and BDD datasets, as well as real-life road scenes,

are analysed. Figure 5.8 compares outputs from the proposed network on the Cityscapes

with CFPNet, chosen for its similar accuracy and size. Three key improvements have been

highlighted in the segmented images using white bounding boxes. In the first image, the

proposed method excels in delineating pedestrians (box 1), recognizing traffic signals (box

2), and enhancing the visibility of small poles (box 3). These improvements are consistent

across various images.

Figure 5.9 displays the results of the method on the BDD dataset using a network trained

on Cityscapes. The model performs well on large object classes such as cars, roads,

buildings, sidewalks, trees, and vegetation, among others, but faces challenges with smaller

classes due to the BDD dataset’s diversity. One notable failure is marked with a red
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bounding box, where a tower is misidentified as a building because it was absent in the

Cityscapes training samples.

To show the performance of the proposed method in real life, we capture the driving

sequence from a dashcam at 1080p resolution in and around our city. Figure 5.10 shows

the results. For the same reason given in the previous para, the method fails for certain

objects present in the scene. An interesting result can be seen in image ‘e’, highlighted

in the left bounding box; a small board fixed to a tree is identified as a traffic symbol

mounted on a pole. This practical example shows how a deep neural network requires

semantic and context information for accurate classification. Nevertheless, despite some

misclassification on tiny objects, the proposed network performs accurately on the major

classes such as road, car, pedestrian, sidewalk, building and sky. Thus proving its efficacy.

Critical cases: The performance of the network on adverse weather conditions and night

scenes is shown in Figure 5.11. Low visibility severely affects the scene segmentation

capability of the network trained on vanilla datasets. To improve the performance, several

image de-hazing and fog removal algorithms have been proposed using synthetic datasets

such as Foggy Cityscapes [130] and Cityscapes rain [131]. For night-time enhancement,

few authors have proposed domain knowledge distillation [132]. The integration of LiDAR

data has also seen increasing usage recently to improve performance in adverse weather

conditions [133].

5.4 Contributions

The major contribution of this paper can be summarised below:

• A fast hybrid module (FHM) is proposed with an inverse-residual bottleneck struc-

ture to capture local and context information. It is designed with depth-wise sepa-

rable and point-wise convolution filters to minimise the number of parameters.

• A multi-scale attention module (MSAM) is proposed to enhance the feature learning

ability of the network. It uses the low-level features to generate attention weights

for the high-level features at various scales. Thus, the attention is ‘context guided’

and ‘multi-scale’.

• A lightweight real-time network, CGMA-Net, is designed with FHMs and MSAMs,

which obtains state-of-the-art accuracy on the challenging Cityscapes and CamVid

datasets for semantic segmentation. Moreover, CGMA-Net obtains the trade-off
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between accuracy and model size with one of the lowest computational requirements

of 5.86 FLOPs.

• In addition, a new metric, Efficiency Index (EI), is proposed to measure the per-

formance of lightweight and real-time networks in terms of accuracy, speed, size

and FLOPs. It considers all the important factors that dictate the deployment of

networks on resource-constrained edge devices.

5.5 Summary

This paper proposes a lightweight network, CGMA-Net, for real-time semantic segmen-

tation of road scenes in resource-constrained devices. An optimal trade-off between size,

accuracy and speed is obtained at a very low computational requirement. For this purpose,

the FHM and MSAM blocks have been proposed. The FHM acquires local and context

information at the module level by leveraging dilated convolutions and downsampling

operations in a multi-branch structure. The MSAM generates context-guided attention

weights at multiple scales for high-level feature learning. Through an elaborate set of ex-

periments on highly competitive Cityscapes, CamVid, BDD100K, and real-life scenes, the

performance of CGMA-Net has been shown. Furthermore, the experiments on low-power

embedded devices/GPUs such as Jetson Xavier NX and 3060M show that the proposed

network can achieve real-time performance.
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Figure 5.9: Qualitative results of the proposed network on BDD dataset. Row 1 & 4:
Input images; row 2 & 5: Ground truths; row 3 & 6: Segmented outputs. Input images:
‘a’ to ‘f’ (clockwise from left-top). The critical failure region is highlighted in the red

bounding box.
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Figure 5.10: Qualitative results of the proposed network on real-life captured road
scenes. Row 1 & 3: Input images; row 2 & 4: Segmented outputs. Input images: ‘a’ to
‘f’ (clockwise from left-top). The critical failure region is highlighted in the red bounding

box.

Figure 5.11: Qualitative results of the proposed network on some adverse scenes such
as foggy, rainy and night.
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Chapter 6

HCINet: A Hierarchical Approach

of Context Integration in

Real-time Semantic Segmentation

6.1 Introduction

The previous chapters have followed a single-path network architecture. Starting from

a simple design with no bells and whistles in IRDPNet, BANet exploited the attention

mechanism, followed by the CGMANet, which extensively relied on multiscale attention

in the decoder to capture the long-range dependencies and global context. Apart from

single-path architecture, the other prevalent design is the multi-path network, in which

different branches operate at different feature map sizes to effectively learn local semantics

and contextual features at multiple scales. In DDRNet [59], BiSeNet [55], STDC [134] and

ContextNet [54], the input image and the resulting extracted feature tensors are processed

parallelly in two different branches of different resolutions and depth. The deep branch

results in the final feature tensor with resolution 1/32 or 1/64 to that of the input image.

This deep branch increases the resultant receptive-field and is responsible for high-level

semantic information extraction. The shallow branch, on the other hand, retains the final

resolution to 1/8 and is responsible for extracting low-level spatial and local details. The

output features from the deep and the shallow branches are then fused to preserve both

local spatial and global contextual details in the final segmentation map. Apart from two-

branched approach, there also exist methods (such as HRNet [60]) that use more branches

for simultaneous extraction of multi-resolution features. While this strategy significantly

97
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improves the accuracy, it increases the network size and memory requirement as the feature

tensors in different branches are retained till the final prediction stage. This causes memory

bottleneck during the practical implementation on a resource-constrained platform. To

solve the above mentioned issues, our proposed network, Hierarchical Context Integration

Network (HCINet), is specifically designed to handle multiple branches efficiently. More

specifically, the feature tensors produced in different branches stay for a very short duration

of time until they are merged with the features of the next branches in a hierarchical

fashion as shown in Figure 6.1. This makes only two branches functional at a time and

thus significantly eases up the memory requirement. In addition, the repetition rates of

the basic blocks in different branches are kept small to limit the number of parameters;

allowing us to achieve high accuracy in a parameter efficient way.

6.2 Proposed Method

In this section, we first briefly introduce our network architecture, followed by its functional

blocks. In the end, we give complete detail of the proposed model. The overview of our

network can be seen in Figure 6.1. It has an asymmetric encoder-decoder design, with a

shallow-lightweight decoder to maintain the inference speed. The encoder is four-branched

following HRNet, each branch made by the repetition of the basic block. However, it does

not retain the branches throughout to minimise the memory requirements. Each branch

process feature maps at a different resolution, thus leading to multi-scale learning. The

learned features from each branch are downsampled through our Efficient Downsampling

Block (EDB) before fusion with the subsequent branch. The encoder outputs from two

branches are upsampled through the decoder before the final projection. We discuss the

functional blocks in the following sub-section.

6.2.1 Basic Block

Our basic block is shown in Figure 6.2 (a). It has four asymmetric convolution kernels of

size 3 to reduce the number of parameters. While the first two are non-dilated, the next

two are dilated with a rate of ‘2’. The dilation is required to increase the field-of-view of

the kernel for context aggregation. Our basic block design is based on ERFNet; however,

we do not use bottlenecks. This gives better accuracy, albeit with a slight increase in

channels. We also add a residual connection facilitating the gradient flow.
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Figure 6.2: Illustration of the functional blocks: (a) Basic block; (b) Efficient Down-
sample Block-Shallow (EDB-S); (c) Efficient Downsample Block-Deep (EDB-D).‘+’: El-

ementwise addition; ‘||’: Concatenation; ‘C’: number of channels; ‘3× 1’:kernel size.

6.2.2 Efficient Downsample Block

The EDB is shown in Fig. 6.2. We designed two variants of the EDB, shallow(S) and

deep(D). While the shallow block is used in the early stage, the deep block is used in the

later stage as the increase in channel dimension will increase the computation require-

ments. In EDB-S, the input undergoes channel reduction through a pointwise convolution

operation, followed by a 3 × 3 convolution with a stride of ‘2’. This kernel is responsible

for reducing the feature map dimension by half. The features are further processed in two

parallel branches with kernels of varying sizes. While the context branch has a kernel of

‘5’, the semantic branch has ‘3’ as its size. This essentially helps in better feature learning

capability. The outputs from both branches are concatenated, followed by batch normal-

ization and ReLU non-linearity. The design of EDB-D is lightweight and has only three

convolution layers, as shown in Figure 6.2(c).

6.2.3 Other Blocks

Downsampler: Our downsampler is shown in Figure 6.3(a). It is based on ENet;

however, we have factorized the dense 3 × 3 kernel into asymmetric ones to reduce the

parameters. The max-pooling operation is also used in the downsampler to retain low-level

information. The outputs are finally concatenated.

Attention Block: We design a simplified channel attention block as represented in

Figure 6.3(b). The attention block weighs the channels to suppress redundant information.
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Figure 6.3: Illustration of functional blocks. (a) Downsampler; (b) Simplified Attention

Module. ‘S’: Sigmoid; ‘s’: stride.

To calculate the weights, we first average pool the feature maps, followed by a 3 × 3

convolution. These weights are learned automatically during backpropagation. A sigmoid

layer is used to remove the negative weights. As a final operation, the channels are

multiplied by the weights.

6.2.4 Network Architecture

The main motivation of our work is to design a network with the best possible accuracy

and size trade-off. The network details are given in Table 6.1. As stated in the previous

sections, our network follows a multi-pathway design with four branches. Each branch

leverages the efficiency of the basic block and EDB, starting with a downsampler. Feature

maps from a branch are added to the next branch through the EDB; the fused features

are then jointly learned through subsequent basic blocks. For accurate segmentation, both

global context and local semantic information is required. To fulfil this need, we take a

long-range skip connection from a higher resolution branch which contains the context

information. The semantic details are retained in the low-resolution deep branch. In the

decoder, we use an attention module in the semantic branch and guided upsampling of the

context features through a cross-connection. This technique improves the overall accuracy

of the network. The features from both branches are finally added before projection. We

use a 1 × 1 convolution to project from higher dimension feature space to the number

of classes, which in our case is 19. The resolution is finally restored through bilinear

upsampling.
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Table 6.1: Detailed structure of the proposed
method

Layer Operation Mode Channel Output size

E
n
c
o
d
e
r

1 Downsampling stride=2 16 256x512
2-3 Basic Block×2 d=2 16 256x512
4 EDB-S stride=2 32 128x256
5 Downsampling stride=2 32 128x256
6-7 Basic Block×2 d=2 32 128x256
8-10 Basic Block×3 d=2 32 128x256
11 EDB-S stride=2 64 64x128
12 Downsampling stride=2 64 64x128

13-14 Basic Block×2 d=2 64 64x128
15-17 Basic Block×3 d=2 64 64x128
18 EDB-D stride=2 128 32x64
19 Downsampling stride=2 128 32x64

20-21 Basic Block×2 d=2 128 32x64
22-24 Basic Block×3 d=2 128 32x64

D
e
c
o
d
e
r

25 3× 3 DWConv stride=1 128 128x256
26 3× 3 Conv stride=1 128 32x64
27 Upsampling scale=4 128 128x256
28 Attention Module - 128 128x256
29 Upsampling scale=4 128 128x256
30 1x1 Conv stride=1 19 128x256
31 Upsampling factor=4 19 512x1024

DWConv: Depthwise convolution; d:dilation rate.

6.3 Experimental Results

We test the proposed network on the Cityscapes [1] and CamVid [12] datasets. We briefly

introduce these datasets and the implementation details and evaluation metrics. Finally,

we compare the proposed network with the state-of-the-art methods.

6.3.1 Implementation Details

We implement the network using PyTorch v1.11 deep learning framework on a system

with Nvidia-V100 GPU. Adam optimizer with an initial learning rate of 5 × 10−4 and a

polynomial schedule with weight decay of 10−4 is used. For data augmentation, random

crops, flips and translations are used. The crop size is fixed at 512× 1024 for Cityscapes,

while the original resolution is used for CamVid. A scale is randomly selected from [0.75,

2.0]. Training is done for 400 epochs with a batch size of 16.
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Table 6.2: Ablation study for MCAP module
on Cityscapes validation set.

Ablation Study Value
mIOU)

FPS
Params

(%) (M)

Basic Module (2,3) 74.8 82.4 1.65
(3,5) 73.2 63 2.1
(5,7) 74.1 54 2.83

Dilation rates 2 74.8 82.4 1.65
5 74.1 80 1.65
7 73.7 79.2 1.65
9 73.8 78.6 1.65

6.3.2 Evaluation Metrics

To calculate the segmentation accuracy, we use the mean intersection-over-union score.

The inference speed is measured in terms of frames per second (fps). The model size is

reported in the number of parameters (Params) in Million (M).

6.3.3 Ablation Study

We perform ablation studies on the Cityscapes dataset to verify our network architecture

and report the results on its validation subset. We use different combinations of basic

blocks in each layer. Table 6.2 shows a combination of (2,3) where 2 is the number of

basic blocks in the first layer and 3 in the last layer. Increasing the blocks to (3,5) and

(5,7) did not improve the accuracy. Specifically, the accuracy and fps were decreased by

1.6% and 19. We also experimented with the dilation rate of the asymmetric convolution

in the basic block. A dilation of 2 returned the best accuracy. Increasing the rate to 5, 7,

and 9 reduced the accuracy and slowed the speed due to the large effective kernel size.

6.3.4 Comparison on the Cityscapes benchmark

In this sub-section, we report the performance of our method on the Cityscapes benchmark

along with a comparison with other state-of-the-art lightweight real-time methods. Table

6.3 shows the comparison result. The accuracy-oriented methods are mostly based on the

transformers [105, 62, 65]. They are large sizes and require high FLOPs, thus unsuitable

for resource-constrained devices. Lightweight models are based on CNNs and are given

in the second part of the table. Our method is more accurate than most of the works

except Hyperseg [30] and DDRNet [59]. However, DDRNet needs 3× more FLOPs and 4

million more parameters than ours. Hyperseg is 6× larger than the proposed model. Both
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Table 6.3: Comparison with state-of-the-art on the Cityscapes
benchmark. Categorized by decreasing network size from top to

bottom.

Method
FLOPs

InputSize
mIoU

FPS
Params

(G) (%) (M)

ViT-Adapter-L [105] - 896× 896 84.9 < 1 347.9
PSP Net [67] 453.6 1024× 2048 78.4 < 1 65.6

Trans4trans [65] 94.25 768× 1536 81.5 27.3 49.5
SegFormer-B5 [102] 1447.60 1024× 1024 84.0 2.5 84.7

Hyperseg-M [30] 7.5 512× 1024 75.8 36.9 10.1
LBN-AA [35] 49.5 448× 896 73.6 51 6.2

DDRNet-Slim [59] 35.78 1024× 2048 77.4 108.8 5.7
BiSeNet [55] 14.8 768× 1536 68.4 105.8 5.8

FASSD-Net-L2 [61] 45.1 1024× 2048 72.1 133.1 2.3
ERFNet [47] 21.0 512× 1024 68.0 41 2.1
ESNet [48] 27.49 512× 1024 69.1 63 1.66

MLFNet-MobileV2 [57] 4.67 512× 1024 71.5 90.8 3.99
AGLNet [75] 13.88 512× 1024 70.1 52 1.12
LEDNet [101] 11.44 512× 1024 70.6 71.0 0.94
DABNet [46] 10.60 1024× 2048 70.1 27.7 0.76

HCINet (Ours) 11.15 512× 1024 74.5 82.4 1.65

“-” indicates that the method does not report the result.

BiSeNet [55] and FASSDNet [61] are faster but are less accurate and larger; this is due to

the more use of conventional 3 × 3 convolutions which are hardware optimised for faster

inference.

6.3.5 Comparison on the CamVid benchmark

Table 6.4 shows the result of state-of-the-art methods on the CamVid dataset. Our method

achieves 67.9% mIoU with 70 fps. FASSDNet achieves better accuracy and fps, however,

with a larger size. Specifically, it is 1.5% more accurate and processes ten more fps.

BiSeNetV2 [56] is highly accurate but runs at just 32.7 fps. Our method is more accurate

than SwiftNet [68], MLFNet [57], DABNet [46] and DFANet [24]. This can be due to the

multipath way architecture which leads to joint-feature learning at different scales in our

method.

6.4 Contributions

The main contribution of this work can be summarized as follows:

• We propose a novel multi-path network to capture contextual information of different

scales in different branches. More importantly, the hierarchical fashion in which the
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Table 6.4: Comparison with state-of-the-art on the CamVid benchmark.

Method InputSize
mIoU

FPS
Params

(%) (M)

RTFormer-Slim [110] 960× 720 81.4 190.7 4.8

DFANet [24] 960× 720 59.3 116 7.8
SwiftNet-MN [68] 960× 720 65.0 27.7 11.8

ICNet [53] 960× 720 67.1 46.7 7.8
BiSeNet [55] 960× 720 65.6 175 5.8

BiSeNetV2-L [56] 960× 720 73.2 32.7 -
MLFNet-Res34 [57] 960× 720 69 57.2 4.0
FASSDNet [61] 960× 720 69.3 80 2.85

DABNet [46] 480× 360 66.4 101.3* 0.76

HCINet (Ours) 960× 720 67.9 70 1.65
*Denoted that the specific metric is calculated by us
using the open-source code. ”-” indicates that the
method does not report the result.

context is extracted and integrated enable only two branches to be functional at a

time; making the network memory efficient.

• A guided upsampling of the deep contextual information is proposed in the decoder

to boost the final segmentation accuracy.

• We propose a novel Efficient Downsampling Block (EDB) which uses a combination

of asymmetric and symmetric convolutions (in its deep variant) at different recep-

tive fields. This enables extraction of multi-scale context during the downsampling

operations.

6.5 Summary

In this work, we proposed a novel HCINet which effectively balances the accuracy-size

trade-off while maintaining real-time speeds. Our network leverages the multi-scale and

joint feature learning capability of the backbone structure. Our experiments demonstrate

that the proposed method can achieve state-of-the-art performance on both Cityscapes

and CamVid datasets in realtime.
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Chapter 7

Conclusions and future work

This thesis investigated the challenges in designing and application of lightweight deep

learning models for semantic segmentation in a resource-constrained environment. The

key challenges are (1) low inference time and optimum memory utilization on edge devices

(2) multiscale feature learning for effective segmentation (3) aggregation of local semantic

and contextual information to mitigate the issue of feature loss due to repeated downsam-

pling (4) effective utilization of attention mechanism in context of lightweight semantic

segmentation. The work carried out in this thesis focused on designing various architec-

tures and modules to solve the above challenges. In this chapter, the key observations and

discussions are put forward, along with the possible directions for future work.

7.1 Conclusions

Chapter 1 serves as an introduction to the thesis, providing an overview of the key con-

cepts such semantic segmentation in the context of autonomous driving, and the datasets

utilized throughout the study. In addition to outlining the fundamentals, the chapter

delves into the existing methods in the literature. The literature survey introduces the

classical methods of semantic segmentation, followed by the prior deep learning based

methods. Furthermore, it explores the underlying motivation driving the thesis and out-

lines the specific problem definitions that the thesis adresses. Through this comprehensive

overview, the introduction sets stage for the subsequent chapters, providing context and

framing the research objectives within the broader landscape of semantic segmentation.

106
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The presence of many object classes and class imbalance in the road-scene images plague

the accuracy of the deep-learning models. The second chapter addresses this issue by

proposing a composite loss function inspired by bio-medical image segmentation. As ac-

curate delineation of organs and their boundaries are vital for bio-medical images, re-

searchers have proposed multiple custom loss functions to achieve this. We apply various

region-based and boundary-based loss functions developed therein and combine them with

the cross-entropy loss to develop a composite loss function, thereby increasing the accu-

racy. The empirical results demonstrate the significant improvement of segmentation over

smaller classes by using the proposed composite loss function without any change in the

existing network architecture.

Chapter 3 proposes a simple encoder-decoder method, inverse-residual dilation pyramid

network (IRDPNet). It represents a significant advancement in lightweight semantic seg-

mentation models. By adopting a redesigned basic block inspired by DABNet, IRDPNet

improves segmentation accuracy while significantly reducing network size. The use of

groups of depth-wise dilated convolutions with varying rates creates a spatial pyramid,

enhancing computational efficiency and enabling the network to learn contextual features

at multiple dilations. Additionally, the incorporation of an inverted residual structure with

an expansion layer preserves crucial information during feature space reduction. Overall,

IRDPNet achieves real-time performance with improved accuracy and less than half the

parameters of DABNet. It addresses the challenge of reducing computational complexity

without compromising performance with its simple architecture.

Accurate modelling of pixel relations and capturing long-range dependencies are pivotal

for accurate segmentations of the objects present in the image. The block-attention net-

work (BANet) proposed in Chapter 4 solves this problem by effectively integrating a

self-attention mechanism in the basic block design. Unlike traditional self-attention mech-

anisms with high computational requirements, a modified attention module is proposed by

without using the fully-connected layers. Moreover, the overall basic block is designed with

multiple branches by stacking dilated convolutions to learn rich feature representations at

every block level. In addition, a fast and lightweight decoder is proposed to fuse features

from several encoder stages to further boost the segmentation accuracy. The study of

the attention mechanism undertaken in this chapter and the methods used in Chapter 3

underlay the foundations of the algorithm proposed in the next chapter.

Context awareness enhances the model’s ability to distinguish between similar objects in

a scene and reduce confusion. High-level semantic features have often been exploited in

non-local attention mechanisms to incorporate this. However, high-level semantic features
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often lack spatial details crucial for precise boundary segmentation. Chapter 5 solves this

limitation by proposing a context-guided multi-scale attention (CGMA) mechanism in

which low-level spatially rich features guide the high-level semantic attention weight gen-

eration. The multi-scale design ensures capturing both fine details (like edges and small

objects) and broader context (like background and larger objects), guiding the network to

focus on contextually relevant areas across different resolutions. In addition a fast-hybrid

module (FHM) is also proposed as a basic building block based on inverse-residual bottle-

nack design studied in Chapter 3. It effectively learns the local semantics and contextual

features using variably dilated kernels. By integrating the proposed blocks into a deep

network, state-of-the-art results were achieved on benchmark datasets.

These contributions represent a significant step forward in solving the critical challenges

of real-time semantic segmentation for autonomous driving. The combination of advanced

loss functions, lightweight architectures, and efficient attention mechanisms enables mod-

els to achieve high segmentation accuracy without exceeding computational limits. By

addressing the inherent challenges of class imbalance, boundary precision, and computa-

tional constraints, these innovations pave the way for more reliable and intelligent percep-

tion systems in autonomous vehicles. Consequently, they contribute to the advancement of

autonomous driving technology, allowing for safer and more efficient navigation in complex

real-world environments.

7.2 Scope for future work

❖ Techniques such as model distillation in which a large teacher model is used to train

a lightweight student model, can be further exploited to improve the performance of

the proposed lightweight models.

❖ The temporal aspect of the driving sequence can be explored to incorporate details

like optical flow to improve the model predictions further.

❖ Semantic segmentation backbone can be integrated into multi-task networks to solve

multiple problems such as drivable area segmentation, trajectory planning, collision

avoidance, and traffic sign recognition. Thus, a practical multi-task network can be

developed in addition to the proposed methods.

❖ The qualitative results in the Chapters show that the misclassification of pixels

majorly occurs at object boundaries and small classes. This issue, though mitigated

to an extent through custom loss functions, still occurs as a major deterrent. Thus,
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further techniques, such as filtering out the easily identifiable pixels, can be explored

to improve the classification of these hard pixels.

❖ The thesis predominantly proposes lightweight CNN-based architectures for accu-

rate semantic segmentation. However, the recent development of low-complexity

and real-time segmentation transformer-based methods provides new insights. The

capability of transformers to model the long-range pixel dependencies can be ex-

ploited in parallel to the CNNs to develop an efficient architecture.
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Appendix A

Dataset Class Definitions

All major datasets for autonomous driving follow the semantic class definitions introduced

by the Cityscapes. These definitions are carefully structured to represent the urban envi-

ronments comprehensively. The semantic classes are organized hierarchically and grouped

into broader categories to help distinguish between different types of objects or regions

in the images. There are a total of 30 classes grouped into eight top-level categories as

mentioned in Table A.1. To ensure consistency, the datasets use unique class IDs, RGB

colour codes (refer Figure A.1), and semantic names for annotations. Classes within the

void category are labelled as ignored during training. While comprehensive, any road

scene dataset poses a class imbalance challenge because common classes dominate the la-

bels, such as roads, buildings, sky, vegetation, and cars. Several classes, such as riding or

training, are underrepresented.

Table A.1: Cityscapes object classes and categories.

Categories Classes
flat road, sidewalk, parking†, rail track†

human person, rider
vehicle car, truck, bus, on rails, motorcycle, bicycle, caravan†, trailer†

construction building, wall, fence, guard rail†, bridge†, tunnel†

object pole, pole group†, traffic sign, traffic light
nature vegetation, terrain
sky sky
void ground†, dynamic†, static†

‘†’ indicates that the class is not used for model training and evaluation.
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Figure A.1: RGB color ids for the segmentation classes.
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Appendix B

Lightweight Convolutions

Asymmetric, depthwise separable, group, and pointwise convolution reduce a deep net-

work’s size and computational costs. For group convolution, the k × k filter kernel is

divided into groups along the channel axis. This reduces kernel weights and multiply-

accumulate operations in the hyperparameter order. Figure B.1 shows an example of

group convolution for an input feature map size of Height×Width× Channels(= 6). A

value of 3 represents a three-fold reduction in kernel weights.

H x W x 6

6

6

6 6

6

2

2

2

k x k x 6

k x k x 6

k x k x 6

k x k x 2

k x k x 2

k x k x 2

H x W x 6

Feature Map Feature Map

Filter Kernels Filter Kernels

Figure B.1: Illustration of group convolution. The feature map size is H×W ×6, where
6 is the number of input channels. An output channel size of 3 requires three k × k filter
kernels of channel depth 6, each, in the case of conventional convolution (left). Whereas

in group convolution, for ‘g’=3, the filter kernel depth reduces to 2 each (right).
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Table B.1: Filter parameter count for various convolutions (Conv.)

Conv. type Kernel size Parameters

standard k × k k2CinCout

groupwise k × k k2CinCout/g
pointwise 1× 1 CinCout

asymmetric k × 1 kCinCout

Depthwise separable convolution decomposes a Conv2d kernel into a group convolution

kernel followed by a pointwise convolution. The number of groups, g, is equal to the

number of input channels. So, each channel of H × W feature map is multiplied by a

single filter kernel of size k × k. For pointwise convolution, a 1 × 1 filter kernel is used

instead of the standard k×k kernel. Table B.1 presents the total parameter count of these

factorized kernels. It shows that pointwise convolution is the lightest for a given input and

output channel value. However, due to its sparsity, the hardware kernel calls for pointwise

convolution are not as optimized as other convolutions.
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[68] M. Oršić and S. Šegvić, “Efficient semantic segmentation with pyramidal fusion,” Pattern

Recognition, vol. 110, p. 107611, 2021.

[69] F. Yu and V. Koltun, “Multi-Scale Context Aggregation by Dilated Convolutions,” 4th In-

ternational Conference on Learning Representations, ICLR, 2016.

[70] R. Gao, “Rethinking Dilated Convolution for Real-time Semantic Segmentation,” in 2023

IEEE/CVF Conference on Computer Vision and Pattern Recognition Workshops (CVPRW),

pp. 4675–4684, 2023.

[71] M. Lu, Z. Chen, Q. M. J. Wu, N. Wang, X. Rong, and X. Yan, “FRNet: Factorized and

Regular Blocks Network for Semantic Segmentation in Road Scene,” IEEE Transactions on

Intelligent Transportation Systems, vol. 23, no. 4, pp. 3522–3530, 2022.

[72] M. Lu, Z. Chen, C. Liu, S. Ma, L. Cai, and H. Qin, “MFNet: Multi-Feature Fusion Network

for Real-Time Semantic Segmentation in Road Scenes,” IEEE Transactions on Intelligent

Transportation Systems, vol. 23, no. 11, pp. 20991–21003, 2022.

[73] T. Wu, S. Tang, R. Zhang, J. Cao, and Y. Zhang, “CGNet: A Light-Weight Context Guided

Network for Semantic Segmentation,” IEEE Transactions on Image Processing, vol. 30,

pp. 1169–1179, 2021.

[74] X. Zhang, B. Du, Z. Wu, and T. Wan, “LAANet: lightweight attention-guided asymmetric

network for real-time semantic segmentation,” Neural Computing and Applications, vol. 34,

no. 5, pp. 3573–3587, 2022.

[75] Q. Zhou, Y. Wang, Y. Fan, X. Wu, S. Zhang, B. Kang, and L. J. Latecki, “AGLNet: To-

wards real-time semantic segmentation of self-driving images via attention-guided lightweight

network,” Applied Soft Computing, vol. 96, p. 106682, 2020.

[76] A. G. Howard, M. Zhu, B. Chen, D. Kalenichenko, W. Wang, T. Weyand, M. Andreetto,

and H. Adam, “MobileNets: Efficient Convolutional Neural Networks for Mobile Vision

Applications,” CoRR, vol. abs/1704.04861, 2017.

[77] M. Tan and Q. Le, “EfficientNet: Rethinking model scaling for convolutional neural net-

works,” in International conference on machine learning, pp. 6105–6114, PMLR, 2019.

[78] W. He, M. Wu, M. Liang, and S.-K. Lam, “CAP: Context-Aware Pruning for Semantic Seg-

mentation,” in 2021 IEEE Winter Conference on Applications of Computer Vision (WACV),

pp. 959–968, 2021.

[79] X. Xu, Q. Lu, L. Yang, S. Hu, D. Chen, Y. Hu, and Y. Shi, “Quantization of Fully Con-

volutional Networks for Accurate Biomedical Image Segmentation,” in 2018 IEEE/CVF

Conference on Computer Vision and Pattern Recognition, pp. 8300–8308, 2018.

TH-3672_186102113



Bibliography 121

[80] S. An, Q. Liao, Z. Lu, and J.-H. Xue, “Efficient Semantic Segmentation via Self-Attention

and Self-Distillation,” IEEE Transactions on Intelligent Transportation Systems, vol. 23,

no. 9, pp. 15256–15266, 2022.

[81] Y. Liu, K. Chen, C. Liu, Z. Qin, Z. Luo, and J. Wang, “Structured Knowledge Distillation for

Semantic Segmentation,” in 2019 IEEE/CVF Conference on Computer Vision and Pattern

Recognition (CVPR), pp. 2599–2608, 2019.

[82] Y. Liu, Y. Wang, L. Chang, and J. Zhou, “A Fast and Efficient FPGA-based Level Set

Hardware Accelerator for Image Segmentation,” in 2020 IEEE International Conference on

Integrated Circuits, Technologies and Applications (ICTA), pp. 61–62, 2020.

[83] P. Mor̀ı, M.-R. Vemparala, N. Fasfous, S. Mitra, S. Sarkar, A. Frickenstein, L. Frickenstein,

D. Helms, N. S. Nagaraja, W. Stechele, and C. Passerone, “Accelerating and pruning CNNs

for semantic segmentation on FPGA,” DAC ’22, (New York, NY, USA), p. 145–150, Associ-

ation for Computing Machinery, 2022.

[84] T. Lin, P. Goyal, R. Girshick, K. He, and P. Dollar, “Focal Loss for Dense Object Detection,”

in 2017 IEEE International Conference on Computer Vision (ICCV), (Los Alamitos, CA,

USA), pp. 2999–3007, IEEE Computer Society, oct 2017.

[85] Z. Ding, X. Han, P. Liu, and M. Niethammer, “Local temperature scaling for probability

calibration,” in Proceedings of the IEEE/CVF International Conference on Computer Vision,

pp. 6889–6899, 2021.

[86] N. Abraham and N. M. Khan, “A Novel Focal Tversky Loss Function With Improved Atten-

tion U-Net for Lesion Segmentation,” 2019 IEEE 16th International Symposium on Biomed-

ical Imaging (ISBI 2019), pp. 683–687, 2019.

[87] M. Berman, A. Triki, and M. B. Blaschko, “The Lovasz-Softmax Loss: A Tractable Surrogate

for the Optimization of the Intersection-Over-Union Measure in Neural Networks,” 2018

IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 4413–4421, 2018.

[88] Z. Zhang and M. Sabuncu, “Generalized cross entropy loss for training deep neural networks

with noisy labels,” Advances in neural information processing systems, vol. 31, 2018.

[89] Y. S. Aurelio, G. M. de Almeida, C. L. de Castro, and A. P. Braga, “Learning from im-

balanced data sets with weighted cross-entropy function,” Neural processing letters, vol. 50,

no. 2, pp. 1937–1949, 2019.

[90] T. Eelbode, J. Bertels, M. Berman, D. Vandermeulen, F. Maes, R. Bisschops, and M. B.

Blaschko, “Optimization for Medical Image Segmentation: Theory and Practice When Eval-

uating With Dice Score or Jaccard Index,” IEEE Transactions on Medical Imaging, vol. 39,

no. 11, pp. 3679–3690, 2020.

TH-3672_186102113



Bibliography 122

[91] L. Fidon, W. Li, L. C. Garcia-Peraza-Herrera, J. Ekanayake, N. Kitchen, S. Ourselin, and

T. Vercauteren, “Generalised Wasserstein Dice Score for Imbalanced Multi-class Segmen-

tation Using Holistic Convolutional Networks,” in Brainlesion: Glioma, Multiple Sclerosis,

Stroke and Traumatic Brain Injuries, (Cham), pp. 64–76, Springer International Publishing,

2018.

[92] M. Fan, S. Lai, J. Huang, X. Wei, Z. Chai, J. Luo, and X. Wei, “Rethinking BiSeNet for Real-

Time Semantic Segmentation,” in Proceedings of the IEEE/CVF Conference on Computer

Vision and Pattern Recognition (CVPR), pp. 9716–9725, June 2021.

[93] A. Shrivastava, A. Gupta, and R. Girshick, “Training region-based object detectors with

online hard example mining,” in Proceedings of the IEEE conference on computer vision and

pattern recognition, pp. 761–769, 2016.

[94] S. Reed, H. Lee, D. Anguelov, C. Szegedy, D. Erhan, and A. Rabinovich, “Training Deep

Neural Networks on Noisy Labels with Bootstrapping,” 2014.

[95] I. Radosavovic, P. Dollár, R. Girshick, G. Gkioxari, and K. He, “Data Distillation: Towards

Omni-Supervised Learning,” in Proceedings of the IEEE Conference on Computer Vision

and Pattern Recognition (CVPR), June 2018.

[96] M. A. Rahman and Y. Wang, “Optimizing intersection-over-union in deep neural networks

for image segmentation,” in International symposium on visual computing, pp. 234–244,

Springer, 2016.

[97] S. B. Dalirsefat, A. da Silva Meyer, and S. Z. Mirhoseini, “Comparison of similarity coeffi-

cients used for cluster analysis with amplified fragment length polymorphism markers in the

silkworm, Bombyx mori,” Journal of Insect Science, vol. 9, no. 1, 2009.

[98] C. H. Sudre, W. Li, T. Vercauteren, S. Ourselin, and M. Jorge Cardoso, “Generalised dice

overlap as a deep learning loss function for highly unbalanced segmentations,” in Deep learn-

ing in medical image analysis and multimodal learning for clinical decision support, pp. 240–

248, Springer, 2017.

[99] D. Karimi and S. E. Salcudean, “Reducing the hausdorff distance in medical image segmen-

tation with convolutional neural networks,” IEEE Transactions on medical imaging, vol. 39,

no. 2, pp. 499–513, 2019.

[100] O. Ecabert, J. Peters, H. Schramm, C. Lorenz, J. von Berg, M. J. Walker, M. Vembar, M. E.

Olszewski, K. Subramanyan, G. Lavi, et al., “Automatic model-based segmentation of the

heart in ct images,” IEEE transactions on medical imaging, vol. 27, no. 9, pp. 1189–1201,

2008.

[101] Y. Wang, Q. Zhou, J. Liu, J. Xiong, G. Gao, X. Wu, and L. J. Latecki, “LEDNet: A

Lightweight Encoder-Decoder Network for Real-Time Semantic Segmentation,” in 2019 IEEE

International Conference on Image Processing (ICIP), pp. 1860–1864, 2019.

TH-3672_186102113



Bibliography 123

[102] E. Xie, W. Wang, Z. Yu, A. Anandkumar, J. M. Alvarez, and P. Luo, “SegFormer: Simple

and Efficient Design for Semantic Segmentation with Transformers,” in Advances in Neural

Information Processing Systems, 2021.

[103] P. Wang, P. Chen, Y. Yuan, D. Liu, Z. Huang, X. Hou, and G. Cottrell, “Understanding

Convolution for Semantic Segmentation,” in 2018 IEEE Winter Conference on Applications

of Computer Vision (WACV), pp. 1451–1460, 2018.

[104] E. Arani, S. Marzban, A. Pata, and B. Zonooz, “RGPNet: A Real-Time General Purpose

Semantic Segmentation,” in 2021 IEEE Winter Conference on Applications of Computer

Vision (WACV), pp. 3008–3017, 2021.

[105] Z. Chen, Y. Duan, W. Wang, J. He, T. Lu, J. Dai, and Y. Qiao, “Vision Transformer Adapter

for Dense Predictions,” 2022.

[106] S. Y. Lo, H. M. Hang, S. W. Chan, and J. J. Lin, “Efficient dense modules of asymmetric

convolution for real-time semantic segmentation,” in Proceedings of the ACM Multimedia

Asia, pp. 1–6, 2019.

[107] W. Jiang, Z. Xie, Y. Li, C. Liu, and H. Lu, “LRNNET: A Light-Weighted Network with Ef-

ficient Reduced Non-Local Operation for Real-Time Semantic Segmentation,” in 2020 IEEE

International Conference on Multimedia and Expo Workshop (ICMEW), (Los Alamitos, CA,

USA), pp. 1–6, IEEE Computer Society, jul 2020.

[108] A. Lou and M. Loew, “CFPNET: Channel-Wise Feature Pyramid For Real-Time Seman-

tic Segmentation,” in 2021 IEEE International Conference on Image Processing (ICIP),

pp. 1894–1898, 2021.

[109] M. Liu and H. Yin, “Feature Pyramid Encoding Network for Real-time Semantic Segmen-

tation,” in Proceedings of the British Machine Vision Conference (BMVC) (K. Sidorov and

Y. Hicks, eds.), pp. 203.1–203.13, BMVA Press, September 2019.

[110] J. Wang, C. Gou, Q. Wu, H. Feng, J. Han, E. Ding, and J. Wang, “RTFormer: Efficient

Design for Real-Time Semantic Segmentation with Transformer,” in Advances in Neural

Information Processing Systems (S. Koyejo, S. Mohamed, A. Agarwal, D. Belgrave, K. Cho,

and A. Oh, eds.), vol. 35, pp. 7423–7436, Curran Associates, Inc., 2022.

[111] X. Zhang, X. Zhou, M. Lin, and J. Sun, “ShuffleNet: An Extremely Efficient Convolutional

Neural Network for Mobile Devices,” arXiv, 2017.
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