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Abstract

Understanding the semantics of the scene to automate the decision process for self-driving cars com-
pletely is becoming a crucial task to solve in computer vision. Due to the recent progress in the state of
autonomous driving, added with a lot of semantic segmentation datasets for road scene understanding
being proposed, semantic segmentation of road scenes has recently evolved to be an important problem
to tackle. But training semantic segmentation models becomes a resource-intensive task since it requires
multi-GPU training and therefore becomes the bottleneck to reproducing results for better understanding
quickly. This thesis introduces challenges and provides solutions to reduce the training time of segmenta-
tion models by introducing two small-scale datasets. Additionally, the thesis explores the potential of
employing neural architecture search and automatic pruning techniques to create efficient segmentation
modules in resource-constrained settings. Chapter2 of the thesis introduces the problem of semantic
segmentation and discusses some deep learning approaches to solve supervised semantic segmentation.
We briefly discuss the different metrics used and also touch upon the statistics of various datasets that are
available in the literature to train semantic segmentation models.

Chapter 3 of the thesis explains the need of having a dataset based on the Indian road scenario. Most
of the datasets in the literature are captured in Western settings having well-defined traffic participants,
delineated boundaries, etc, which seldom mold in the Indian setting. We describe the annotation pipeline,
along with the quality check framework used to annotate the dataset. Now, though the IDD dataset [121]
caters to the Indian setting, this dataset is still quite resource intensive in terms of GPU computation.
Hence, there is a need to have a small resolution, less label-sized dataset for rapid prototyping. We
introduce our proposed datasets and provide a detailed set of experiments, and statistical comparisons
with the existing datasets to substantiate our claim regarding the usefulness of the proposed solution. We
also show through experiments that the models trained using our datasets can be deployed on low-resource
hardware such as Raspberry Pi. At the end of this chapter, we also look into the significance of the
proposed datasets in facilitating challenges at two prominent conferences: the International Conference
on Computer Vision (ICCV) and the National Conference on Pattern Recognition, Image Processing,
and Graphics (NCVPRIPG) in 2019. These challenges aimed to address semantic segmentation in
resource-constrained settings, inviting innovative architectures capable of achieving decent accuracy on
these proposed datasets. We also discuss the potential application of these datasets in teaching semantic
segmentation through a course of notebooks introducing traditional as well as deep learning-based
methods to perform segmentation. These notebooks are plug and play, where the first three notebooks
can run on laptop CPU, while the fourth notebook requires GPU access.
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Chapter 4 of the thesis is about the application of neural architecture search and hyper-parameter tuning
in the context of semantic segmentation. Neural Architecture Search (NAS) is defined as automating
the process of finding novel architecture without a human in the loop. Initially, we discuss the different
approaches to performing neural architecture search followed by the description of hyper-parameter
tuning. We discuss some cases of architecture search specific to segmentation and classification. With the
help of experiments, we then show that the accuracy of different models obtained through training on our
proposed datasets correlates well with the accuracy on large-scale datasets, especially in cross-domain
settings. This correlation allows for achieving faster results and also paves the way to perform an
architectural search for semantic segmentation algorithms.

In the Chapter 5 of this thesis, we delve into the topic of automatic pruning and its application in
optimizing segmentation models. Automatic pruning is a technique that aims to improve the efficiency
of deep learning models by removing unnecessary connections or parameters without significantly
compromising their performance using predefined optimization algorithms. This process is driven by
optimization algorithms that analyze the model’s structure and weights to determine which connections
can be pruned to achieve a more efficient network without any human intervention.

Finally, we conclude the thesis with a summary of the work and also propose future directions.
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Chapter 1

Introduction

Since the onset of deep learning in 2012, the boundaries of various machine learning tasks have been

pushed, and their performances have seen a huge jump. Along with the algorithmic advancements, the

rise of high-end computing devices like GPUs and TPUs, added to the ease of availability of datasets, has

helped revolutionize the development of computer vision systems.

The �rst success in deep learning can be attributed to the task of image recognition, where the model was

able to perform classi�cations at a lower error rate when compared to all the previous techniques. Since

then, researchers have tried to incorporate the knowledge behind the success of image-based recognition

systems into other machine-learning tasks such as machine translation, object detection, etc. A similar

trend has been seen for the task of semantic segmentation, in which the idea is to assign a class value

to each pixel in the image. The performance of this task with the help of deep learning in the last few

years has achieved quite a lot of improvement. Apart from this, there has been a surge in the datasets for

training semantic segmentation models consisting of high-resolution images along with other modality

data such as GPS information, LIDAR data, etc. The only disadvantage of models trained using these

datasets is that the size and scale of such datasets prohibit widespread adoption because of which many

university students still don't get the opportunity to train such systems, especially in developing countries

such as India. Apart from this, coming up with ef�cient semantic segmentation models has become a

new research area, and therefore, there is a need for navigating the search space of these architectures in

order to obtain time and memory-ef�cient networks that can be deployed on low-end hardware.

The work in this thesis focuses on providing solutions to enable the ubiquitous adoption of semantic

segmentation datasets which can help quickly prototype results. The experiments proposed in this thesis

substantiate in validating the claim. The initial work presented in the thesis proposes two small-scale

datasets which are easy to plug and play and train simple segmentation models for teaching purposes and

deploy on edge devices. In the next set of work, we address the need to search for ef�cient segmentation

architecture with the help of the proposed small-scale datasets that can help reduce the computational

burden and also help in transferring the results to large-scale datasets. We also discuss the application of
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automatic pruning in removing the redundant connections of semantic segmentation networks through

the implementation of a unique network design, known asHyperNetworksalong with a customized

optimization algorithm.

1.1 Motivation

The presence of large-scale annotated datasets has helped deep networks in achieving human-comparable

performance in many tasks. Be it image-related tasks such as classi�cation or recognition or speech/language-

related works such as translation, machine learning models have gained accuracy due to readily available

large-scale datasets. Though these large-scale datasets have helped in pushing the numbers, the scale and

size of the datasets, especially for the task of semantic segmentation, have restricted their widespread

adoption. A few of the practical challenges are listed below:

� Firstly, compared to classi�cation datasets that vary from a few megabytes (for e.g. MNIST [63],

CIFAR10 [60]) or to few gigabytes (e.g. Imagenet [61]) require a single label per image, curation

and annotation of semantic segmentation datasets constitute a large proportion of time in the overall

training/deployment process. For instance, in Cityscapes [25], a widely adopted and bench-marked

dataset for urban semantic segmentation, it took more than 1.5 hours to annotate and quality check

a single image. For IDD [121] dataset, the annotators were �rst asked to re-annotate the Cityscapes

images until the error difference is below 5% and then annotate images sequentially which takes

around an average of 1.75 to 2 hours, which is time exhaustive process.

� Secondly, since these images are captured at a very high resolution, the dataset size grows

exponentially, limiting the widespread adoption compared to classi�cation datasets. For instance,

Cityscapes [25] requires around 12 GB of hard disk space with an average image resolution of

1024� 2048, whereas IDD [121] requires 18 gigabytes of hard disk space with an average image

resolution of 968� 1678. Due to the size factor, deep semantic segmentation models require

multi-GPU training and consume a lot of GPU memory indicative of the fact that such heavy

datasets can't be used either for rapid prototyping of results which in turn can be readily applied

for educational purposes. Moreover, it limits the use of such high-resolution datasets for training

or deploying models onto resource-constrained hardware real-time applications.

� There have been many works in classi�cation settings where ef�cient models are searched on

small-scale datasets such as CIFAR [60] to show that best performance also applies on bigger

datasets like Imagenet [15, 73, 142]. This is also known asarchitecture search. In contrast to the

classi�cation paradigm, �nding the best model for semantic segmentation is a demanding task due

to the resource needs involved in the same. There have been some works in semantic segmentation

like [19, 72] but due to the resource intensiveness of the task, it may take several GPU days to

search for an ef�cient model catering to the needs of the user.
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� Lastly, in order to �nd ef�cient architecture in a resource-constrained environment, automatic

pruning can be considered as an alternative with the advent of neural architecture search and

AutoML [18, 144]. Automatic pruning strives to compress the target network using algorithmic

techniques to obtain novel sub-networks. Prior research has explored automatic pruning within

resource-constrained settings in the �elds of classi�cation and restoration [67], but the application

to semantic segmentation remains unexplored.

This thesis focuses on a novel endeavor, where two small-scale datasets (characterized by lower resolution

and label size) are introduced, paving the way for a wide range of applications as discussed above.

1.2 Contribution

The work of this thesis can be de�ned using two major points-

� Setting Up Annotation Pipeline for Semantic Segmentation Dataset for Indian Roads:Al-

though high-resolution datasets exist for training semantic segmentation models, these datasets are

highly sophisticated in terms of scenes and the participants present. These trained models do not

perform well on Indian roads since most of the assumptions of Western geographies aren't met.

Hence, in order to come up with solutions for road scene understanding in the Indian setting, we

require a dataset containing dynamic, unstructured scenes existing in the road network of India.

Hence, we set up a pipeline for annotating and quality checking the recently proposed Indian

Driving Dataset (IDD) [121].

� IDD-mini & IDD-lite for Resource Constrained Segmentation and Challenge:Although the

annotation pipeline was setup to guide the process for annotating the IDD dataset, it didn't comply

with the scenario of running the models in a resource-constrained environment. In other words,

the model trained either on an Indian or any Western dataset cannot be implemented in real-time

since it takes a multi-GPU training regime to get decent enough accuracy. Hence, there is a need to

have a low-resolution, label-space dataset meant for running resource-constrained models that can

even be trained on a laptop CPU. The proposed datasets namelyIDD-mini andIDD-lite, were used

as a part of the ICCV 2019 and NCVPRIPG 2019 challenges for resource-constrained semantic

segmentation to come up with ef�cient models that give decent accuracies on these datasets. Our

experiments show that models trained on these datasets with minimal GPU computing can still

give decent enough accuracy when trained for 15-20 minutes and can be deployed on low-resource

hardware for inference.

We then show the applicability of these datasets for teaching, neural architecture search, and automatic

pruning.
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� Teaching: In the third part of the thesis, we demonstrate the usefulness of the proposed datasets as

a part of some course or workshop in teaching the community the associated concepts of semantic

segmentation since these datasets can be run in real-time, giving decent accuracy.

� Architecture Search: Finding the optimum con�guration of parameters/layers to get an ef�cient

architecture in the case of semantic segmentation is a challenging one because of the costs involved

in the training procedure. The second part of the thesis builds on the experiments which show that

the proposed datasets can be very helpful in quick prototyping for hyperparameter search and help

in replicating the results on larger datasets.

� Automatic Pruning: In order to remove redundant connections, pruning is employed with the

objective of reducing the model size while maintaining accuracy. But with the advent of neural

architecture search, techniques involving automatic pruning have become prominent. The fourth

part of the thesis demonstrates that the proposed datasets not only facilitate quick prototyping for

hyperparameter search but also serve as a valuable foundation for implementing automatic pruning

techniques. By leveraging these datasets, we explore how automatic pruning can effectively

optimize segmentation models, leading to enhanced model ef�ciency without compromising

segmentation accuracy.

1.3 Thesis Outline

The thesis is organized as follows:

� Chapter 2 details an overview of the task of semantic segmentation and explains our motivation for

introducing small-scale datasets despite the presence of large datasets. It also discusses supervised

methods for semantic segmentation and different metrics used to evaluate different segmentation

models. The chapter also gives a brief overview of the existing large-scale datasets used for training

semantic segmentation models. Lastly, the chapter ends with a discussion of practical challenges

related to training semantic segmentation models.

� Chapter 3 discusses details of our approach to solving some of the practical challenges presented

in the previous chapter. We discuss the need for a dataset pertaining to Indian road conditions for

developing technological solutions for Indian-speci�c road scenarios. We set up the annotation

and quality check pipeline for annotating the IDD dataset [121]. We also address the need

for small-scale datasets in resource-constrained settings for rapid prototyping on low-resource

hardware since large-scale datasets require multi-GPU training. The utility of these datasets with

proper benchmarking, statistical comparison to other datasets, and real-time deployment results is

also explored. The proposed datasets have also been a part of the ICCV and NCVPRIPG 2019

challenges to �nd segmentation models that give good accuracies on the test set. Finally, we also

showcase that the proposed datasets can be used as a part of a workshop/curriculum for teaching
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semantic segmentation. We discuss our effort in this space by introducing four notebooks that

cover wide aspects of semantic segmentation from traditional to deep learning methods.

� In Chapter 4, this thesis explores the utilization of neural architecture search and hyperparameter

tuning techniques in various vision tasks, including classi�cation and segmentation. The chapter

presents detailed experiments conducted using the proposed datasets, demonstrating compelling

results that support the effectiveness of the proposed approach for identifying ef�cient architectures

within speci�c resource constraints.

� In Chapter 5, automatic pruning is carried out as an important aspect of this research on the

proposed datasets. The chapter focuses on applying automatic pruning techniques to optimize

segmentation models, emphasizing the reduction of model complexity and computational demands

while preserving segmentation accuracy. Extensive experiments are conducted to evaluate the

effectiveness of automatic pruning, and the outcomes are thoroughly analyzed, shedding light on

its potential bene�ts for resource-constrained scenarios and real-world applications.

� In Chapter 6, we summarize our �ndings, conclude the thesis, and also present some possible

future directions to explore.
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Chapter 2

Background

In this chapter, we will be going through an overview of semantic segmentation which forms the basis for

solving the general problem of scene understanding. It is one of the most challenging and widely studied

problems because the algorithm/model needs to correctly predict the class at each pixel location of the

image. Though there are several multi-scale datasets available to train semantic segmentation models (as

discussed in this chapter), this thesis builds up the understanding of the need for small-scale datasets

ideally for two reasons. Firstly, there is a need of having small scale segmentation datasets (similar to

CIFAR10, and MNIST in classi�cation setting) in terms of size, and resolution for educational/teaching

purposes that can be trained on CPUs and also deployed on low-resource hardware like Raspberry Pi

for real-time projects. Secondly, �nding ef�cient architectures using search-based methods on these

small-scale datasets can result in good performance on bigger datasets such as Cityscapes [25], IDD [121].

We start the chapter by discussing the problem of semantic segmentation, more speci�cally supervised

semantic segmentation in Section 2.1. In Section 2.2, we explore the various deep-learning approaches

to perform semantic segmentation. Subsequently, we discuss the evaluation strategies/metrics used to

evaluate the segmentation models in 2.3. In Section 2.4, we see various datasets available in the literature

to train deep segmentation models. We conclude this chapter by summarizing all the datasets discussed in

a form of table (see Table 2.1) with number of training, validation and test images, number of labels etc.

2.1 Semantic Segmentation: Overview

The task of semantic segmentation involves assigning a pre-de�ned class label to each pixel in the image.

Unlike other computer vision tasks such as classi�cation, where the model needs to output the majority

class in the image, the task of semantic segmentation involves solving the dual problem of recognizing

and understanding the contents of the image at the pixel level. Finding the spatial relationship between

the pixels belonging to a particular class and assigning them the same label is what makes this problem

complex. It is also known as dense prediction because it predicts the essence of each pixel in the image.

An example of the task is shown in Figure 2.1. One thing to differentiate here is that there is another
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Figure 2.1An example of the output of a semantic segmentation algorithm. The classes are encoded in
the form of color such that similar pixels are clubbed together. This image has been taken from PASCAL
VOC [30] dataset that will be discussed in the later section.

class of algorithms that separates the individual instances of a class present in the image and is commonly

known as instance segmentation. The difference between the two algorithms is depicted in Figure 2.2.

Semantic segmentation has a lot of applications, for example, in the medical domain such as detecting

tumors in the brain [89], tracing the path of medicinal instruments during operations [124]. As mentioned

earlier, for the problem of scene understanding, semantic segmentation has been used heavily for ADAS

(Advanced Driver Assistance Systems) or for self-driving applications for automotive scenarios [34,

84]. Nowadays, semantic segmentation has its application for land cover classi�cation using satellite

imagery [52]. In the next section, we are going to ponder over different approaches used to perform

semantic segmentation in the images through supervised training.

2.2 Deep Learning approaches for supervised semantic segmentation

Prior to deep learning, traditional methods in segmentation initially applied thresholding-based techniques

to segment out the required areas. This technique was common in the medical domain since they used

grayscale images [128, 141]. The community also used KMeans, which is an unsupervised algorithm to

perform clustering of similar regions and assign them one label. The number of cluster centers donated

by k should be �xed before hand [40]. Researchers have also tried to solve it by posing the problem

as an energy model derived from a compression-based technique [86]. Edge and region growth based

approaches [71, 93, 94, 97], superpixel based technique [1], random forest [100] have also been explored

for the task of segmentation. The community has also tried energy-based models likeConditional

Random Fields(CRF) andMarkov Random Field(MRF) to perform segmentation [45, 62, 110]. MRF

de�nes random variables which learn the joint distribution of output class and input pixels by modeling
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Figure 2.2An example indicating the difference between semantic and instance segmentation. In instance
segmentation, we go a step beyond and also label the individual instances in the example. As shown, all
the individual instances of the person class have been given a separate label in the form of color coding.

Figure 2.3The diagram depictsFully Convolutional Network[80] for semantic segmentation. This is
the �rst end-to-end network proposed consisting of convolutional layers replacing the standard FC layer
to allow input of variable size in order to pixel classi�cations.

an undirected graphical model. CRF, on the other hand, tries to model the conditional distribution of

output label given input features.

2.2.1 Fully Convolutional Networks

From the onset of deep learning in 2012, following the success of Alexnet [61] in the ILSVRC competi-

tion [107], there have been a lot of deep learning models that have been proposed for various computer

vision problems. For instance, networks such as VGGNet [111], GoogleNet [115], InceptionNet [116],

ResNet [44] etc have been proposed for classi�cation task. Similarly, for the problem of object detection

where the task is to output a boundary for a particular class object, networks such as RCNN [38],

FastRCNN [37], FasterRCNN [102] and SSD [75] have been proposed. These networks have not only
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Figure 2.4 The skip connections used in theFully Convolutional Network[57, 80]. To improve the
prediction information in the up-sampled layers, information from the pool layers is also added. The
up-sampled features are simply concatenated with the preceding pool features to get better predictions.

surpassed the performance of the traditional approaches but in some cases have also outdone human

performance in these tasks.

The �rst deep semantic segmentation model, also known asFully Convolutional Network(FCN) [80]

was proposed in 2014. FCN tweaked a naive classi�cation network by replacing all the fully-connected

layers with convolution layers. Upsampling layers are used to scale the output size the same as the input

for dense predictions of each pixel through the use of transposed convolutional layers. These layers form

the basis for decoding the high-dimensional features. In order to achieve obtain �ner segmentation maps,

skip connections were added to generate crisp boundary maps for the object of interest. This network can

take arbitrary size input and can be trained in an end-to-end fashion. Figure 2.3 and Figure 2.4 depict the

FCN architecture and the skip connections employed.

FCNs have been a pioneering model in semantic segmentation architectures, showcasing how successful

classi�cation networks can be adapted for other computer vision tasks. By employing only convolutional

layers, FCNs offer advantages over traditional fully connected layers, including reduced parameters and

weights, leading to faster training and inference times for images. Nonetheless, in practical applications

like medical image segmentation and autonomous driving, higher precision in localizing class labels is

often required, in addition to accurate pixel-level predictions. Subsequent advancements in the �eld have

sought to address FCNs' limitations, such as longer inference times and limitations in processing global

contextual information, resulting in more re�ned segmentation maps.

2.2.2 Encoder-Decoder Architectures

FCNs are an example of encoder-decoder architecture. The basic methodology behind encoder-decoder

architectures is to combine two sub-networks, (a) Encoder, which extracts high-level features from the
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input through a series of convolutional layers that successively down-sample the spatial dimensions

while increasing the number of feature channels. The encoder learns to encode hierarchical and abstract

representations of the input image, capturing the global and local features, (b) Decoder takes in the

encoded features and aims to recover the spatial resolution of the input image while re�ning the feature

representations. The up-sampling of the encoded representations to the original resolution happens either

through learnable layers such as transposed convolutions or through simple interpolation methods. The

decoder also employs skip connections that concatenate or add feature maps from the encoder to the

corresponding layers in the decoder. These skip connections help in preserving �ne-grained spatial

information and assist in the segmentation process. Some examples of encoder-decoder architectures are

mentioned below:

UNet [104] uses skip connections connecting the corresponding encoder and decoder layers allowing

them to pass the gradient directly. This structure helps in avoiding vanishing gradient problems. The

decoder uses concatenation in the channel dimension to leverage both the low-level details from the

encoder and the high-level context learned during the encoding process. This architecture was proposed

for the application of medical imaging however it has been used in several other domains such as satellite

imaging [82], automatic crop investigation [76]. Another architecture based on similar techniques was

proposed by Badrinarayan et al. known as SegNet [4]. One of the key innovations in SegNet is the use of

max-pooling indices during the encoder phase. While down-sampling the feature maps, SegNet keeps

track of the indices of the maximum values at each pooling operation. These indices are then used in the

decoder phase for up-sampling. Instead of learning the up-sampling process, SegNet uses these stored

indices to ef�ciently perform the up-sampling, which signi�cantly reduces the computational burden.

Ef�cient Residual Factorized ConvNet(ERFNet) [103] uses factorized convolution splitting the standard

3� 3 convolution �lter into two separate 1� 3 and 3� 1 convolutions, reducing the computations while

capturing important spatial information. It also uses a non-bottleneck module comprising of series of one-

dimensional convolutional layers to capture both horizontal and vertical contextual information ef�ciently.

Figure 2.5 pictorially depicts the difference between different kinds of bottleneck and non-bottleneck

modules.

2.2.3 Atrous Convolution, Multi-Resolution, Multi-Scaled Architectures

There is another class of semantic segmentation architectures that employ atrous/dilated convolutions

speci�cally aiding in widening the �lter �eld of view. This design helps remove the down-sampling

operation needed in the encoder-decoder type of architectures keeping the parameter count but increasing

the training and evaluation times. For instance,Dialated Residual Network(DRNet) [137] uses dilations

using different atrous rates to increase the receptive �eld size keeping the parameters same and balancing

the removal of down-sampling layers, capturing a broad range of contextual information. Similarly, some

networks employ spatial pyramids using dilated convolution nearly at the end of the network which helps

in getting multi-scale context by performing pooling operations with different kernel sizes and strides on
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Figure 2.5Comparison of different kinds of residual blocks, (a) Standard residual layer consisting of 3x3
convolutions, (b) Bottleneck module consisting 1x1 convolution and 3x3 convolution, (c) Non-bottleneck
module with a factorized 3x3 convolution used in ERFNet [103].

the intermediate feature maps to obtain one �xed-length representation. One example of such a network is

DeeplabV3architecture [21] that employs dilated pyramidal pooling for different spatial resolutions [20]

to incorporate larger context. The authors conducted several experiments to conclude that changing

the dilation rate is effective for gaining a wider context and increasing the segmentation accuracy. The

authors of DeepLab introducedDeepLab V3+[22] consisting of an encoder-decoder architecture along

with an atrous spatial pyramidal pooling module to achieve better results.

In the next section, we are going to discuss the evaluation strategies which are used to score a deep

segmentation model.

2.3 Evaluation Strategies

In order to quantify how well a trained semantic segmentation model performs, we need to employ some

evaluation metrics that indicate the goodness of the performance. Some of the common metrics that are

used in semantic segmentation are explained below:

2.3.1 Pixel Accuracy

Pixel Accuracyis de�ned as the ratio of correctly classi�ed pixels in the image to the total number of

pixels in the image. We can either de�ne it individually for each class or as a whole across all classes.

Let us consider an image of resolution H� W and the total number of pixels asp. Let us assume that

pxy conveys the pixels belonging to classx assigned to classy by the semantic segmentation model.

Therefore, with respect to classx, pixelspxx denote the true positives, pixelspyy denote the true negatives,

pixelspxy denote the false positives and pixelspyx denote the false negatives. Assuming that the total
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Figure 2.6 Visualization of the standard metricIntersection-Over-Unionfor evaluating the semantic
segmentation models. The Venn diagram shows the pixels correctly classi�ed as TP (True Positive) as
the intersection and the union of both circles is the factor by which TP is divided to get IOU value.

number of trainable classes are1; 2:::M , the pixel accuracy formula is de�ned as:

PA =
P M

r =1 prr
P M

r =1
P M

v=1 prv
(2.1)

In a multi-class setting, themean pixel accuracy(mPA) is de�ned as class average accuracy or the ratio

of correctly labeled pixels on a per-class basis averaged across the number of classes.

mPA =
1

M

MX

r =1

prr
P M

v=1 prv
(2.2)

In scenarios with severe class imbalances, certain classes tend to dominate the image, while other classes

represent only a minor fraction of the overall image. Although pixel accuracy is a straightforward metric,

it can be heavily in�uenced by classes that occupy a substantial portion of the image.

2.3.2 Intersection-Over-Union

To overcome the limitation offered by pixel accuracy, a more sophisticated and widely accepted evaluation

measure isIntersection-Over-Union (IOU), also known as Jaccard Index. IoU is mathematically de�ned

as:

IoU =
P M

r =1 prrP M
r =1

P M
v=1 prv +

P M
r =1

P M
v=1 pvr �

P M
r =1 pii

(2.3)

It is the ratio of true positive pixels belonging to classM to that of ground truth pixels in classM as well

pixels predicted to be classM. Figure 2.6 gives a better pictorial understanding of the metric. In the case

of mean IoU, the equation changes to calculate the class-weighted average of the IoU, given by:

mIoU =
1

M

MX

r =1

prrP M
v=1 prv +

P M
v=1 pvr � pii

(2.4)
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Figure 2.7Example images from the Camvid dataset [13, 14]. The left column shows the ground truth
images, and the right column indicates the color-coded per-pixel annotated images.

mIoU is the widely used metric to evaluate the performance of any semantic segmentation network on a

given dataset. Table 3.3 indicates the best reportedmIoU metric on the publicly available datasets.

2.4 Semantic Segmentation Datasets

In order to train semantic segmentation models in a supervised paradigm, we need to have a pixel-wise

annotated dataset. There have been a lot of varied datasets that have been proposed belonging to different

geographies, with traf�c participants capturing restrained variation. This section details such proposed

datasets. The mIoU metric discussed above is reported on the validation/test set of these datasets and is

also mentioned in Table 2.1.

2.4.1 CamVid Dataset

CamVid [13, 14] is one the earliest proposed datasets for autonomous driving-based semantic segmenta-

tion. It consists of a total of four videos of around 22 minutes in length capturing varying scenes in and

around Cambridge. The images have been annotated from a group where each pixel belongs to one of

the 32 classes. The classes are broadly clubbed into four categories namely road, moving objects, �xed

objects, and ceiling. The dataset contains a total of 700 images with an average resolution of 360� 480.
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