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Abstract

In Indian urban and rural driving scenarios, small objects are pervasive and often crucial for safe
navigation. These objects can include pedestrians crossing roads, children playing near streets, cyclists,
stray animals, as well as small vehicles like scooters and motorbikes. Additionally, traffic signs, signal
lights, potholes, and road markings (such as lane dividers or zebra crossings) are often small in size but
essential for driving decisions. In such contexts, missing or inaccurately segmenting these small objects
can lead to critical errors in detection, causing accidents or delays in the vehicle’s decision-making
process. Automated understanding of such objects need detection and segmentation to start with.

Semantic Segmentation is a critical task in computer vision with a wide range of applications. The
objective is to partition an image—a collection of pixels—into distinct labeled regions, each correspond-
ing to specific objects or parts of the scene. This process is crucial for scene understanding and enables
the localization of objects within the image. Over time, significant progress has been made in semantic
segmentation, especially with the advent of deep learning. The advances in this area have revolution-
ized computer vision, pushing beyond traditional methods and achieving remarkable improvements in
performance.

When discussing semantic segmentation, we often focus on datasets, the objects within those datasets,
and their corresponding segmentations. While many datasets exist for road scenarios, particularly those
representing Western road conditions, there is relatively little research on road conditions specific to
India. One notable exception is the Indian Driving Dataset (IDD), a dataset specifically designed for
semantic segmentation of Indian road scenarios.

Road and driving datasets typically contain objects of varying sizes within each class label. These
objects can be broadly categorized into three types: small, medium, and large. The importance of
segmentation is well understood across several domains such as medical imaging, autonomous vehicles,
aerial imagery, robotics, surveillance, and industrial automation. However, one of the most challenging
problems in segmentation is the segmentation of small objects. Small object segmentation is particularly
difficult due to factors such as (i) the limited number of pixels representing small objects, (ii) class
imbalance during training, and (iii) the inherent challenges posed by small object representations. These
factors hinder the performance of deep learning architectures, making it harder for modern techniques
to accurately handle small objects.

This issue becomes evident when evaluating deep learning models, as performance metrics tend to
be significantly worse for small objects. In this study, we delve into the challenges of segmenting small

objects and explore potential strategies for improving algorithm design for this task. It is widely ac-
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knowledged that loss functions play a key role in segmentation performance, alongside the architecture
of deep learning models. Indeed, the segmentation of small objects is highly influenced by the choice
of loss function during model training.

Various small objects commonly encountered in road scenarios are highlighted in this study, em-
phasizing their importance in Indian road environments. Objects such as pedestrians, traffic signs, and
traffic lights—despite their small size—are crucial for tasks like autonomous navigation and driver as-
sistance systems. The Indian Driving Dataset (IDD) offers a valuable resource, containing a wide range
of small objects across different class labels, some of which dominate specific categories. These objects
are captured and annotated in real-world, unstructured environments, making this dataset particularly
relevant for segmentation tasks in Indian road scenarios. Therefore, our focus in this study is primarily
on detection and segmentation of small objects within the IDD dataset and explore the impact of loss

functions.
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Chapter 1

Introduction

Detection and segmentation of objects in road scenes is crucial for computer vision algorithms in-
volved in tasks such as road surveillance, navigation, intelligent transportation and autonomous driving.
Detection and segmentation helps in localizing the objects of interest in a natural image. In road scenes,
often small objects are extremely valuable. They could be missed in on a quick scan of the image, but
could be costly if you miss to detect such objects (such as pedestrians). Occurrence of small objects
in the road scenes needs specific attention. Small objects arise due to small physical objects, or low
resolution of the objects. This could also be due to other factors such as occlusion, background clutter,

and variations in lighting conditions. All these make the detection and segmentation challenging.

1.1 Object Detection and Semantic Segmentation

In the field of computer vision, Semantic Segmentation and Object Detection are two foundational
tasks that help machines interpret and understand visual information. Both tasks are crucial for enabling
computers to perform high-level analysis of images and videos, making them essential components in
applications such as autonomous driving, medical imaging, surveillance systems, robotics, and many
more.

Object detection refers to the task of identifying and localizing objects in an image. Unlike simple
image classification, where the goal is to assign a single label to an entire image, object detection in-
volves recognizing individual objects within an image and determining their locations. This is typically
achieved by drawing bounding boxes around the detected objects and classifying them into predefined
categories, such as people, cars, animals, traffic signs, etc.

The main challenge in object detection lies in not just recognizing the objects but also localizing
them accurately. This means that for each object, we need to predict both the class label (e.g., “dog,”
“car,” or “person”) and the bounding box coordinates that specify its position within the image (usually
represented by the top-left and bottom-right corners).

Object detection algorithms have evolved significantly over the years, with the advent of deep learn-
ing leading to major breakthroughs. Early methods used handcrafted features and sliding windows to

search for objects in images, but this approach was computationally expensive and often inaccurate. The



introduction of Convolutional Neural Networks (CNNs) and more advanced architectures such as Re-
gion Proposal Networks (RPNs) and Faster R-CNN has drastically improved the efficiency and accuracy
of object detection systems.

One of the most popular object detection models today is YOLO (You Only Look Once), which
divides the image into a grid and predicts bounding boxes and class labels for each grid cell in a single
forward pass. Another notable method is SSD (Single Shot MultiBox Detector), which, like YOLO, can
predict multiple bounding boxes and object classes in one step but with a focus on multi-scale features.

Despite significant progress, challenges remain, particularly when it comes to detecting small ob-
jects, handling occlusions (where objects overlap or are partially hidden), and achieving high accuracy
in real-time applications.

Semantic segmentation is a more detailed and pixel-level approach to understanding an image. The
goal of semantic segmentation is to assign a class label to each pixel in an image. This means that
instead of just drawing a bounding box around an object, the system segments the image into regions
where each region corresponds to a specific class of object.

For example, in a street scene, semantic segmentation might label all pixels corresponding to cars as
“car,” all pixels corresponding to pedestrians as “pedestrian,” and so on. This pixel-level understanding
provides a much more precise view of the image and is important for tasks like scene understanding,
autonomous driving, and medical image analysis, where exact boundaries of objects matter.

The key challenge in semantic segmentation is to classify each pixel correctly while considering the
spatial relationships between pixels. Traditional methods, before the rise of deep learning, relied on
techniques like thresholding, edge detection, and region growing. However, with the advent of CNNss,
semantic segmentation has seen significant improvement.

Today, CNN-based architectures like Fully Convolutional Networks (FCNs), U-Net, and DeepLab
are widely used for semantic segmentation. These models are designed to process an image as a whole
and predict pixel-wise class labels. FCNs, for example, replace fully connected layers in traditional
CNNs with convolutional layers to make the network capable of generating output maps with the same
spatial dimensions as the input image.

While CNN-based architectures have greatly advanced the state of semantic segmentation, chal-
lenges persist, particularly in handling fine details, small objects, and complex boundaries. For example,
semantic segmentation can struggle with accurately segmenting objects with irregular shapes or distin-
guishing between similar objects (e.g., distinguishing between two types of cars that appear visually
similar).

In short, object detection and semantic segmentation are two critical tasks in computer vision that
help machines understand and interpret images. Object detection focuses on identifying and localizing
objects in an image, while semantic segmentation assigns a class label to every pixel. Both tasks have
evolved significantly with the advent of deep learning, and models like YOLO, Faster R-CNN, U-Net,
and DeepLab [1]have pushed the boundaries of what is possible in these domains. Despite the significant

progress made, challenges remain, particularly in the detection of small objects, handling occlusions,



and achieving real-time performance. As computer vision continues to advance, object detection and

semantic segmentation will remain at the core of many cutting-edge applications.

1.2 Focus on Small Objects

Small objects, despite their size, have a disproportionate impact on driving safety and efficiency.
Detecting and understanding these small objects is crucial for autonomous driving systems and advanced
driver assistance systems. From pedestrians and cyclists to traffic signs and debris, small objects present
significant challenges but are essential for safe navigation and effective traffic management. As the
technology continues to evolve, focusing on improving small object detection will be key to achieving
safer, smarter roads for both human and autonomous drivers.

In driving scenarios, the ability to detect and accurately identify small objects plays a crucial role in
ensuring safety, efficiency, and reliability of autonomous vehicles (AVs) and advanced driver assistance
systems (ADAS). While large objects, such as cars and trucks, are easily detectable and form the pri-
mary focus of most driving-related algorithms, small objects—such as pedestrians, traffic signs, debris,
potholes, and other obstacles—are equally critical for safe navigation and proper decision-making.

A small object is one that appears tiny within the video or image frame, like a distant para-glider or
soccer ball, often due to being tracked from afar. It may also refer to objects that are physically smaller
in the real world. As per the MS-COCO metric evaluation, small objects are those with an area of 32 x
32 pixels or less, a threshold generally accepted for datasets involving common objects [2] in the given
image frame size.

To localize the object in the image, we need to segment the pixels. Semantic segmentation is a
computer vision task that involves partitioning an image into segments, where each pixel is assigned a
label corresponding to a particular object class. Unlike object detection, which provides bounding boxes
around objects, semantic segmentation offers a pixel-level understanding of visual content, making it
crucial for applications requiring precise localization such as autonomous driving, medical imaging, and
scene understanding.

Early methods for semantic segmentation primarily relied on traditional techniques such as region-
based algorithms and graph cuts. However, the emergence of deep learning has brought substantial
progress to this field. Convolutional Neural Networks (CNNs) have played a pivotal role, with architec-
tures like Fully Convolutional Networks (FCNs) leading the way in end-to-end training for segmentation
tasks [3]. Subsequent advancements, including U-Net [4], tailored for biomedical image segmentation,
and DeepLab [1], which introduced atrous convolution to capture multi-scale context, have further en-
hanced the performance and accuracy of semantic segmentation.

The performance of deep learning algorithms depends on (a) the network architecture, (b) the data
used for training, and (c) the loss function employed during training. Researchers have highlighted
that the choice of loss functions plays a crucial role in semantic segmentation [5] [6]. However, their

studies do not specifically address the effects on small objects. While there is research available on



deep learning-based small object detection [7], similar work on small object segmentation is notably
lacking. This indicates that small object segmentation has received less attention compared to small
object detection. Furthermore, small object segmentation has not been explored in the Indian context.

To address this gap, we utilize the India Driving Dataset [8] to study segmentation in the Indian setting.

1.3 Small Objects commonly seen in Road Situations

Addressing perception challenges, such as detection and segmentation, on Indian roads is crucial for
developing accurate surveillance and road safety solutions, extending beyond autonomous driving. The
following are examples of objects frequently observed in road scenes. Many of these objects appear

small when viewed from a distance, highlighting the importance of segmenting them effectively.

* Vehicle registration numbers

* Vehicles at a distance

* Pedestrians at a distance

* Sharp turns at a distance

» Zebra crossing at a distance

» Damages to the road (eg: potholes) at a distance
* Depth of water filled potholes and open man-holes at a distance
* Breaking traffic rules at a distance

* Road blockade at a distance

* Small road markings

e Traffic sign boards

* Helmets

* Seat belts

* Small and sharp objects on the road

Traffic lights at a distance.

The perception of small objects in road scenarios depends on factors such as the camera used and
external conditions like scene clutter. Small objects are better understood in the context of individ-
ual object instances rather than broader object categories. Key objects in autonomous driving include

pedestrians, animals, riders, motorcycles, autorickshaws, cars, trucks, and buses. Accurate detection



and segmentation of these objects are essential to prevent them from becoming obstacles or causing

accidents. Traffic signs and lights are equally important for safety and communicating regulations.
Despite its importance, small object semantic segmentation has received limited attention in the past.

This task is particularly challenging due to (i) the limited number of pixels representing small objects

and (ii) class imbalance during the learning process.

1.4 Practical Issues on Roads Due to Small Objects

When a small object is encountered on the road, it may avoid detection, leading to the following

issues.

* In autonomous driving, lack of detection may lead to accidents, while delay in detection may

affect smoothness in manoeuvrability.

* In traffic density detection, lack of detection causes errors in the frequency of the detected traffic.

This would affect the downstream tasks involving density detection.
* Road surveillance systems are affected when objects are not detected due to small size.

* Traffic offenders, when not detected due to smallness in size due to a large distance in detection,

affect the performance of the authorities involved.

e Traffic control and regulation becomes a problem due to lack of or delay in detection of small

objects.

1.5 Small Objects in Indian Driving Scenes

Cars, pedestrians, and traffic signs are typical examples of small objects extracted in segmentation
tasks. However, in the Indian driving scenario, additional objects also fall into the small-object category.
A relevant dataset for this context is the Indian Driving Dataset (IDD) [8], a unique dataset that facilitates
the detection and segmentation of objects in unstructured environments.

The IDD has gained significant attention from researchers globally, as perception tasks like au-
tonomous driving on Indian roads are considered extremely challenging. Baseline results on this dataset
have highlighted the domain gap and the relative complexity of segmentation in the Indian context
compared to datasets from Europe (e.g., Cityscapes) and the USA (e.g., BDD).

Typically, objects with fewer than 1000 pixels are classified as small objects. In IDD, small objects
include persons, animals, riders, motorcycles, autorickshaws, cars, trucks, buses, traffic signs, traffic
lights, poles, and vegetation.

Several datasets have been introduced to address semantic and instance segmentation challenges,
such as Pascal VOC [9], MS COCO [10], and SUN [11, 12]. For semantic segmentation with a focus
on autonomous navigation, notable datasets include Cityscapes [13], KITTI [14], CamVid [15, 16],



Leuven [17], and the Daimler Dataset [18]. ADE20K [19] is a more recent addition targeting general
scene parsing tasks. Recently, the Mapillary Vistas dataset [20], emphasizing street view imagery, and
the Berkeley Deep Drive Dataset [21], designed for autonomous navigation, have also been released.

IDD bears a closer resemblance to Cityscapes, as it is captured using calibrated cameras that avoid
distortions. In contrast, BDD100K relies on dashboard cameras mounted inside vehicles, often resulting
in internal glass reflections and distortions from rain. Additionally, a significant portion of BDD100K
comprises nighttime images. On the other hand, the Mapillary Vistas dataset includes images captured
with diverse cameras, such as smartphones, offering varied perspectives of roads and their surroundings.
IDD presents novelty in terms of ambiguous road boundaries (Figure 1.1), diversity of vehicles and
pedestrians (Figure 1.2), extensive use of information boards (Figure 1.3), and diversity of ambient
conditions (Figure 1.4) in addition to small objects.

Traditional segmentation algorithms often relied on clustering or graph-cut-based methods [22]. In
recent years, deep learning-based semantic segmentation algorithms have achieved significant success.
These algorithms are trained on a large number of pixel-level labeled images. During the training
process, a loss function (or objective function) is employed, and backpropagation, often with suitable
modifications like regularization, is used to optimize the model. The unique characteristic of IDD lies in
its focus on driving scenarios within less structured environments.It is contended that this better aligns
with the requirements of autonomous navigation across vast regions of the world, such as Asia, South
America, and Africa.

The detection of small objects [7] is inherently challenging, and the same applies to segmentation.
Firstly, distinguishing small objects from generic background clutter is difficult, which poses challenges
for standard detectors that rely on “objectness” due to the significant increase in the number of potential
object locations. Secondly, as an image passes through a typical CNN architecture, the activations for
small objects shrink with each pooling layer, making their detection harder. Lastly, there is a lack of

large publicly available datasets specifically designed for small objects [23].

1.6 This Work

1.6.1 Scope

This work aims to explore and gain a deeper understanding of the critical role that small objects play
in road scene understanding, with a particular focus on the unique challenges presented by Indian roads.
Small objects in road scenes—such as pedestrians, cyclists, animals, and small traffic signs—are often
overlooked by conventional object detection models due to their size and the complexities of their inter-
actions with the environment. In the context of Indian roadways, where traffic is dense, unpredictable,
and includes a variety of road users, from rickshaws to two-wheelers to stray animals, detecting these
small objects becomes even more challenging. Moreover, the infrastructure on Indian roads is often
inconsistent, with poorly maintained signage, irregular road markings, and the absence of structured

lanes, all of which make it difficult for both human drivers and autonomous systems to track smaller ob-



Figure 1.1: Ambiguous Road Boundaries: not all datasets distinguish between the road and possible
unsafe drivable area on both sides of the road [8].

jects effectively. By focusing on understanding how small objects impact road scene interpretation, this
research aims to enhance the effectiveness of autonomous vehicles (AVs) and driver assistance systems
(ADAS) operating in these environments. The ultimate goal is to improve safety, reduce accidents, and
enable more reliable decision-making in real-time road scenarios, ensuring that small but critical objects

are detected and processed correctly in the complex and diverse landscape of Indian road conditions.

In this work, we study the critical role of loss functions in the context of road scene understanding,
particularly in the domain of object detection and semantic segmentation for autonomous driving and
driver assistance systems. Loss functions play a pivotal role in training deep learning models, as they
define how the model’s predictions are penalized when they deviate from the ground truth. In road
scene understanding tasks, where the goal is to accurately detect and segment objects in complex en-
vironments, the choice of loss function can significantly influence the performance of the model. For
instance, in detecting small objects, such as pedestrians, cyclists, and traffic signs, traditional loss func-
tions like cross-entropy or mean squared error may not adequately capture the nuances of these objects
due to their smaller size and sparse pixel coverage. This could lead to poor detection accuracy or missed
small objects in crowded or cluttered environments. We explore how different loss functions, such as
focal loss or dice loss, can help address these challenges by placing more emphasis on harder-to-detect
small objects or those with high class imbalance. Additionally, we consider how loss functions can be

tailored to account for the unique characteristics of road scenes, including occlusions, background clut-



(b)

Figure 1.2: Diversity of vehicles, pedestrians and animals:(a) (Top left) A herd of buffaloes on the road
at dusk and (b) (Top left) Many motorbikes with multiple riders which are less structured [8]



Figure 1.3: Use of information boards: (Top Left) An array of billboards indicating the shops. (Bottom
left) A vehicle with a billboard of a driving school [8].

Figure 1.4: Diversity of ambient conditions:(Top left)Heavy shadows in the image or (Bottom left) Low
light conditions [8].



ter, and variations in lighting and weather conditions. By understanding how loss functions interact with

deep learning models in the context of road scene understanding, we aim to improve model robustness

and performance, particularly in dynamic real-world driving scenarios. The insights gained from this

study could contribute to developing more reliable, accurate, and efficient systems for both autonomous

vehicles and advanced driver assistance systems (ADAS).

1.6.2

Contributions

The following are the technical contributions from the author as part of the thesis:

1.6.3

Understand and appreciate the role of small objects in Road scene understanding. Various small
objects present in road situations have been identified. Such identification is new within itself.

This is specially carried out in the Indain road context.

Pratical issues on roads due to small objects have been identified. This identification is highly
reasonable as they drive towards the importance of small object detection.

A comprehensive understanding of loss function is a step towards solving this problem. Loss

functions necessary for semantic segmentation have been studied in detail and summarized.

Small objects are less studied which is proven by the fact that small object detection was studied
but segmenation is a field less studied relatively. Hence Indian Driving Dataset(IDD) has been

analyzed with respect to small objects to bring forth the distribution of small objects in the dataset.
Sematic Segmenation of Indian Driving Dataset(IDD) has been studied with respect to various
loss functions.

Organization of the Thesis

Chapter 2 discusses the related work and research directions in object detection and semantic

segmentation. Also discuss the related works on small objects.

Chapter 3 gives an idea and talks about several loss functions used in semantic segmentation and

detection.

Chapter 4 discusses the analysis of small objects in Indian Driving Dataset, architecture used
for semantic segmentation, results, plots and inferences. It also talks about object detection,

architecture used, results and plots.

Finally, Chapter 5 concludes this thesis by summarizing the results obtained thus far. It provides
an overview of the work conducted and presents the envisioned structure of the proposed thesis.

10



Chapter 2

Related Work

2.1 Understanding Road Scenes

Al algorithms used for autonomous driving and driver assistance systems need to interpret road
scenes with a high level of accuracy to ensure safe and reliable operation. This involves a combination
of computer vision, sensor fusion, deep learning, and robotic control systems to process and under-
stand complex environments in real-time. Camera and computer vision are key to this progress. Driver
Assistance systems need to understand (i) Traffic Signs (ii) Lane Detection and Tracking (iii) Broader
perception of the surrounding and finally efficient execution.

Two fundamental problems of interest in this space are:
* Object Detection
* Semantic Segmentation

We discuss these in detail in the next section.

2.2 Object Detection and Semantic Segmentation

2.2.1 Object Detection

Object detection has become a central task in computer vision, and today it is carried out using a
variety of deep learning models that can identify and locate objects within an image or video stream.
The field has evolved significantly with advancements in deep learning and neural networks, especially
with Convolutional Neural Networks (CNNs) and more specialized architectures for object detection.

Process involved some amount of data preparation and model building. The first step is gathering
labeled data (images with bounding box annotations around objects of interest). Datasets like COCO
[10], Pascal VOC [9], and ImageNet [24] are commonly used. Before feeding images into a model,
preprocessing steps like resizing, normalization (scaling pixel values), and augmentation (e.g., random

flipping, rotation) are often used to enhance model generalization.
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Most state-of-the-art object detection models rely on deep learning architectures, particularly CNNss,
with some models utilizing specialized designs to handle both localization and classification tasks si-
multaneously. Popular architectures include Region-based CNNs (R-CNN) [25] and Variants. R-CNN
(2014) was one of the earliest breakthroughs, using selective search to propose candidate regions (poten-
tial objects), which were then passed through. Fast R-CNN [26] improved the original R-CNN by using
aregion of interest (Rol) pooling layer, which made the detection process faster by eliminating the need
to run CNNs independently on each region proposal. Faster R-CNN [27] introduced a Region Proposal
Network (RPN) that generates region proposals directly, eliminating the need for selective search, which
greatly improved speed.

YOLO (2016) [28]: Unlike R-CNN-based approaches, YOLO frames object detection as a single
regression problem. It divides an image into a grid and predicts bounding boxes and class probabilities
directly for each grid cell. This makes YOLO extremely fast compared to earlier methods. YOLOV3,
YOLOv4, YOLOVS [29], and YOLOvV7: Subsequent versions of YOLO improved accuracy and speed,
with YOLOvV4 being known for balancing real-time performance and high accuracy. YOLOVS, although
not officially from the original YOLO authors, gained popularity due to its ease of use and excellent
performance. YOLOVS8: The latest iteration, continuing to refine and optimize the architecture for
performance on various hardware. SSD (2016) [30] is another fast, end-to-end object detection model.
It uses multiple convolutional feature maps to detect objects of different sizes. SSD is particularly
well-suited for real-time applications and trades off some accuracy for speed.

The general pipeline for object detection today can be broken down into several steps. Input Im-
age: The image is passed through a deep learning model (typically a CNN-based architecture). Feature
Extraction: The model uses convolutional layers to extract feature maps from the input image. These
feature maps represent the spatial hierarchy of patterns in the image. Region Proposals or Direct Predic-
tions: Depending on the architecture, the network either generates candidate bounding boxes (e.g., using
an RPN) or directly predicts bounding boxes and class scores. Bounding Box Regression and Classifi-
cation: For each region or grid cell, the model predicts: Class of the object Coordinates of the bounding
box (X, y, width, height) Non-Maximum Suppression (NMS): To reduce redundant detections and keep
the best ones, non-maximum suppression is used to discard overlapping bounding boxes with lower
confidence scores. Final Detection Output: The final output consists of the predicted bounding boxes,
associated class labels, and confidence scores. There are many advanced techniques using transformers
(DETR [31], ViTs [32]) today.

After detecting objects, several post-processing techniques may be used to refine results. Bounding
Box Refinement: Fine-tuning bounding boxes based on IoU (Intersection over Union). Class Filtering:

Some models use confidence thresholds to filter out detections with low probabilities.

Evaluation Object detection models are evaluated using metrics like: Mean Average Precision (mAP):
A metric that averages precision at different recall levels. It considers both the accuracy of the detected

bounding boxes and the correctness of the object class. Intersection over Union (IoU): Measures the
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overlap between predicted and ground truth bounding boxes. Typically, an IoU threshold (like 0.5) is
used to determine whether a detection is a ’true positive.”

It is widely accepted that these are some of the challenges in object detection today.

* Small Object Detection: Detecting objects that occupy a small portion of the image is still a
challenge.

* Occlusions: Objects partially obscured by other objects can be difficult to detect.

* Real-time Performance: Balancing detection accuracy with the need for real-time processing,

especially in applications like autonomous driving or video surveillance.

* Generalization: Ensuring that models generalize well across different environments and condi-

tions (e.g., different lighting, angles, or backgrounds).

Popular object detection methods leverage sophisticated deep learning architectures, with YOLO,
Faster R-CNN, and SSD being some of the most widely used models. Advances in model design, such
as the use of transformers (DETR) and efficient architectures (EfficientDet [33]), continue to push the
boundaries in terms of accuracy, speed, and application flexibility. Object detection is a rapidly evolving

field with a range of applications in areas like autonomous driving, healthcare, retail, and security.

2.2.2 Semantic Segmentation

Semantic segmentation involves assigning a class label to each pixel in an image, essentially seg-
menting the image into regions of different objects or classes. It is a critical task in computer vision
with applications in fields like autonomous driving, medical imaging, robotics, and satellite imagery.
Over the years, semantic segmentation has been transformed by advancements in deep learning and
Convolutional Neural Networks (CNNs), with some models now achieving near-human levels of per-
formance.

Encoder-Decoder Architectures are popular for this. Early segmentation models were often based on
fully convolutional networks (FCNs), but more recent models use encoder-decoder architectures, which
provide more precise pixel-wise predictions. The encoder extracts deep features from the input image
using layers of convolution and pooling. The output is a compact, high-level feature map that represents
the image.The decoder gradually upsamples these feature maps to the original image resolution and
makes pixel-wise predictions. The encoder-decoder structure allows the model to capture both local
context (fine-grained details) and global context (overall image structure).

Fully Convolutional Networks (FCNs) have been one of the early success stories in this area. FCNs
replace fully connected layers with convolutional layers in traditional CNNs, making the architecture
capable of handling images of any size. FCNs perform pixel-wise classification by directly predicting
the class of each pixel. FCNs use transposed convolutions (or deconvolutions) to upsample the output

feature maps back to the original resolution of the input image.
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U-Net is a key architecture. U-Net is an encoder-decoder network that is specifically designed for
image segmentation in biomedical applications. It includes skip connections between the encoder and
decoder to help preserve spatial information. This allows the model to perform better on small objects
and fine details. The feature maps from the encoder (which are spatially smaller) are concatenated with
the corresponding feature maps from the decoder (which are larger), helping to recover fine-grained
spatial information.

Loss Functions for Semantic Segmentation

* Cross-Entropy Loss

¢ Dice Loss

IoU (Intersection over Union) Loss

» Tversky Loss

We pay special attention to the loss functions in this area and the next chapter presents our under-
standing of Loss functions.

Semantic segmentation today is dominated by deep learning-based models that combine powerful
CNN architectures, multi-scale feature learning, and advanced techniques like transformers and atten-
tion mechanisms. These models are capable of producing pixel-wise accurate segmentations, even for
complex scenes with varying object sizes and challenging conditions (e.g., small objects, occlusions).

As the field continues to evolve, we see an increasing use of transformer-based models (e.g., Swin
Transformer [34]), self-supervised learning, and hybrid models that combine CNNs with transformers

for even more robust and accurate segmentation.

2.3 Small Objects: Detection and Segmentation

The problem of small object detection is relevant in various fields, with direct applications including:
enhancing the classification and detection of elements in satellite images, improving video surveillance
through the analysis of footage captured by security cameras positioned at high vantage points, and
boosting the detection of pedestrians or traffic. This article specifically focuses on the latter application.
With the proposed solution, it will be possible to detect a greater number of objects and improve the
accuracy of each detection, all without the need to retrain the model. This makes the solution particularly
beneficial for automated traffic control systems.

While significant progress has been made in the field of object detection in natural scenes—especially
with the advent of deep convolutional networks (ConvNets)—the problem remains far from solved,
particularly when it comes to detecting small objects. Small objects are defined as those that occupy
less than 1-10% of the image area. This issue is especially relevant in a variety of challenging real-
world applications today, such as detecting pedestrians, traffic signs, cars on roads, and objects in aerial

imagery.
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Detecting small objects is inherently difficult for several reasons. First, it’s challenging to distinguish
small objects from background clutter, making it hard for many standard detectors that rely on “object-
ness” to perform well. The increased number of potential object locations in the background further
complicates detection. Second, as small objects pass through standard CNN architectures like VGG16,
their activations shrink with each pooling layer. For example, an object that is 32x32 pixels will be
reduced to just 1 pixel after passing through the block5 pool layer of VGG16, making it easy for these
activations to be overlooked. Third, many small objects have simple shapes that are difficult to break
down into smaller parts, whereas popular CNN-based detectors excel at learning hierarchical features.
Finally, there is a lack of large publicly available datasets specifically for small objects. While datasets
like MS COCO and VOC2012 contain instances of small objects, there are no dedicated large-scale
datasets for small object detection. Furthermore, much of the prior research has focused on datasets
with larger objects. For instance, the mean Average Precision (mAP) for state-of-the-art end-to-end
detectors on a dataset like PASCAL VOC is 76.3% but on datasets that primarily feature small objects,
the mAP drops to just 27%.

The challenge of detecting small objects is highlighted by the vast search space, background clutter,
and the weakening of object signals as they pass through standard convolutional layers. For instance,
the mouse (in the green box) is a small object, but it’s difficult to detect among other similarly sized

objects in the image.

In recent years, one popular approach to object detection has been the use of object proposal tech-
niques, where several candidate regions are suggested and then classified by a deep CNN model [3].
These methods have proven effective because the features learned by deep CNNs are far more discrim-
inative than hand-crafted features. Unlike earlier methods that used dense sliding windows to exhaus-
tively scan the image for potential object regions, newer algorithms that rely on low-level cues generate
fewer, more sparse proposals. This shift led to the development of Region Proposal Networks (RPN)
[1], which not only generate better proposals but also significantly speed up the detection process by

sharing the convolutional layers between the proposal and detection networks.

In our work, we adopt a similar strategy: an RPN generates proposals, which are then classified by a
deep CNN. However, we observed that the standard RPN, as used in the widely adopted Faster R-CNN
framework [1], struggles to detect small objects due to the large size of its anchor boxes. To address
this, we carefully study the impact of anchor box size for a given dataset. Our findings demonstrate that
optimizing the anchor box size can significantly improve performance, outperforming other existing
methods for small object detection.

Before the rise of deep learning, object detection tasks, such as vehicle detection in aerial imagery,
relied heavily on handcrafted features. With the advent of deep learning, Convolutional Neural Net-
works (CNNs) have taken over the task of learning discriminative features, greatly improving detection
performance.

Recently, several approaches have emerged that do not rely on region proposals. For instance, YOLO

(You Only Look Once) divides the image into a grid and predicts class labels and bounding boxes for
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each grid cell. Another notable method is Single Shot Detection , which proposes fixed boxes of various
scales where objects are likely to appear, and evaluates the presence of objects for each of these boxes
during testing. However, it has been shown that proposal-based methods tend to outperform proposal-
free methods in terms of both recall and accuracy. Popular methods for proposal generation, such as
those described in references, use low- and mid-level features to generate proposals. Recently, using
deep networks for proposal generation has gained popularity. For example, Deepbox, re-ranks proposals
generated by Edgeboxes, while DeepProposal, applies an inverse cascade that works backward from the
final to the initial convolutional layers of the CNN. The Region Proposal Network (RPN) can share
convolutional layers with the classifier network, using anchor boxes of various scales and aspect ratios
that slide across the feature map from the last convolutional layer. This RPN functions as an attention
mechanism, directing the detector to focus on relevant areas of the image.

The performance of Faster R-CNN was improved by introducing the RoIPooling layer, which maps
images of varying sizes to a fixed-dimensional feature map. Faster R-CNN consists of two components:
the RPN, which feeds into Fast R-CNN for final detection. All these methods predict both bounding
boxes and the probability of class membership for each object. Sharing weights between the proposal
network and the detector has been shown to significantly reduce runtime while improving performance.

Several subsequent detectors have been built upon the Faster R-CNN framework. However, many of
them only briefly address the challenge of detecting small objects. Many recent methods such as focus
on adapting the Fast R-CNN architecture for tasks like logo, face, and pedestrian detection, all of which
involve small object detection.

Small Object RCNN is perhaps the first work to focus specifically on the problem of small object
detection. This paper introduces a small dataset, an evaluation metric, and provides a baseline score.
It suggests modifications to the Region Proposal Network, demonstrating improvements in recall and
mean average precision. Notably, it recommends using smaller anchor box sizes and attaching them
to the conv43 layer rather than conv53 of VGG16. The authors also argue that the Rol pooling layer
may not preserve enough information for small objects and therefore suggest adhering to the RCNN
framework. In this work, we extend these ideas and propose a more efficient approach for achieving
comparable performance in an end-to-end pipeline.

The disparity between low and high-resolution spaces means that a single model may not work
effectively across all object sizes, as most large datasets are heavily biased toward larger, high-resolution
objects.Many recent papers have tackled challenges in activity recognition for low-resolution videos by
mapping both low- and high-resolution inputs to a common space. They also highlights that working
with low-resolution data is more challenging due to its sensitivity to small translations. Meanwhile,
high-resolution data to help learn filters for the low-resolution domain. In contrast, our approach takes
advantage of the fact that classifiers perform well in high-resolution spaces, and we leverage super-
resolution techniques to transfer classification tasks to a network that has been pretrained on high-
resolution images. The tasks of image denoising and image super-resolution have been well explored in

recent years, with numerous deep learning approaches.
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Chapter 3

Loss Functions for Detection and Segmentation

3.1 Role of Loss Functions

Loss functions play a crucial role in the training process of deep learning models. They serve as
the measure of how well a model’s predictions match the actual target values (ground truth). The loss
function computes a scalar value that represents the discrepancy between the predicted and true labels.
The goal during training is to minimize this loss, which, in turn, improves the model’s ability to make
accurate predictions. The loss function provides feedback to the network about its performance on
the training data. This error is propagated back through the network during backpropagation, helping
the model learn better feature representations. The loss function is essential for guiding optimization
algorithms, such as gradient descent or its variants (Adam, SGD, etc.), to adjust the model’s parameters
(weights). During each iteration of training, the model computes the gradient of the loss with respect
to the model parameters, which tells the optimizer how to update the parameters in order to reduce the
error.

A single loss function does not meet all the needs. Some of the special challenges are:

* Class Imbalance. In tasks where some classes are underrepresented, loss functions like Weighted
Cross-Entropy Loss or Focal Loss are used to put more emphasis on the minority class to prevent

bias toward the majority class.

* Small Object Detection: In tasks like object detection (e.g., small object segmentation), special-
ized loss functions such as Dice Loss or IoU (Intersection over Union) Loss are used to handle
small object segmentation challenges. These loss functions help focus on fine-grained accuracy

where the objects are hard to detect and their boundaries are more critical.

» Segmentation Loss: For semantic segmentation tasks, Dice Loss and IoU Loss are commonly
used, as they focus on the overlap between predicted and true segmentations, which is especially

useful for tasks involving pixel-level precision.

In modern deep learning, the role of loss functions cannot be overstated. They directly influence how

a model learns and how well it generalizes to new data. The choice of loss function must align with the
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task at hand—whether it’s classification, regression, segmentation, or another domain. In addition, loss
functions can be designed to address specific challenges like class imbalance, small object detection,
and regularization. The development and refinement of loss functions continue to be an active area of
research, as they are key to improving the performance, stability, and effectiveness of deep learning
models across a wide range of applications.

Semantic Segmentation is a popular task in Deep Learning area of Computer Vision. A loss function
in a Deep Learning model is one that quantifies the error between the predicted and actual values of the

model. The following ar some important loss functions used in semantic segmentation. [5] [6]

3.2 Examples of Loss Functions

3.2.1 Binary Cross-Entropy

Cross-entropy is defined as a measure of the difference between two probability distributions for a
given random variable or set of events. It is widely used for classification objective, and as segmentation

in pixel-level classification it works well. Binary Cross-Entropy (Figure 3.1) is defined as [6]:

Lpce,y = —(ylog(y) + (1 —y)log(1 —9))
Here, 7 is the predicted value by the prediction model.

Binary Cross-Entropy Loss

— y=09
40F

0.0 0.2 0.4 0.6 0.8 1.0
y (Predicted)

Figure 3.1: Grpah of Binary cross entropy loss
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3.2.2 Weighted Binary Cross-Entropy

Weighted Binary Cross Entropy (WCE) is a modified version of binary cross entropy where positive
examples are assigned a specific weight or coefficient. This approach is particularly useful when dealing

with imbalanced or skewed data. The Weighted Cross Entropy (Figure 3.2) can be defined as:

Ly _BcE@yg) = —(Bylog(y) + (1 —y)log(1 — 9))

[ value can be used to tune false negatives and false positives.If you want to reduce the number of
false negatives then set 5 > 1, similarly to decrease the number of false positives, set 5 < 1 [6].
The idea behind choosing 5 > 1 and [ < 1 is that, since it is multiplied with the probability value
y the effective value considered during training is Sy instead of y and the predicted probability, 3, gets
adjusted accordingly affecting the FNs and FPs.

Weighted Binary Cross-Entropy Loss

B=08,y=0.9
—— B=1.1,y=09
a4t
—_— 3 i
=
>
w
2
|
3 2f
1 L
0.0 0.2 0.4 0.6 0.8 1.0

y (Predicted)

Figure 3.2: Grpah of Weighted Binary cross entropy loss

3.2.3 Balanced Cross Entropy

Balanced Cross Entropy (BCE) is similar to Weighted Cross Entropy, with the key difference being
that it assigns weights to both positive and negative examples [8]. The Balanced Cross Entropy (Figure
3.3)can be defined as follows:

Lpcry,y = —(Bylog(g) + (1 — B)(1 — y)log(1 - 9))

19



Here, (3 is defined as 1 — 7% [6].

The idea behind the choice of § is similar to the one behind weighted binary cross-entropy. Since
1 — [ is also present in the negative sample side of the loss, it has the same effect that 5 does. H « W

includes the size of the image in 5.

Balanced Cross-Entropy Loss Function

Y, ¥)

e
o
T

L_BCE(

.
w
T

0.0 0.2 0.4 0.6 0.8 1.0
y

Figure 3.3: Grpah of Balanced cross entropy loss

3.2.4 Focal Loss

Focal Loss (FL) is another variation of Binary Cross-Entropy that reduces the impact of easy exam-
ples, allowing the model to focus more on learning hard examples. It is particularly effective in handling
highly imbalanced class scenarios. To understand how Focal Loss is formulated, we will first examine

the binary cross-entropy loss and then explore how Focal Loss is derived from it.

—lo i =1
OF — { g(p) if 'y
—log(1 — p), otherwise

To make convenient notation, Focal Loss defines the estimated probability of class as:

{ p if y=1
Pt =

1 — p, otherwise

Therefore, now Cross-Entropy can be written as,

CE(p,y) = CE(p:) = —log(pt)
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Focal Loss (Figure 3.4)introduces a modulating factor, (1 —p;)? , to reduce the weight of easy examples

and concentrate training on harder negatives, as shown below:

FL(pt) = —ou(1 — py)log(pe)

Here, v > 0. Similarly, o generally range from [0,1], It can be set by inverse class frequency or treated
as a hyperparameter [6].
The idea behind the loss is that lesser values of p; give higher loss. Misclassified positive samples are

introduced again as hard negatives.

Focal Loss Function

a=02,y=0.3
—— a=0.5,y=0.5
2.5¢ — a=06,y=07
2.0F
= L5}
&
T
1.01
0.5
0.0f

0.0 0.2 0.4 0.6 0.8 1.0
p: (Predicted Probability)

Figure 3.4: Grpah of Focal loss

3.2.5 Dice Loss

The Dice coefficient is a popular metric in the computer vision community for measuring the sim-
ilarity between two images. It has since been adapted into a loss function, referred to as Dice Loss

3.5. .
29p+ 1

DL(y,p) =1— m

Here, 1 is added in numerator and denominator to ensure that the function is not undefined in edge
case scenarios such as when y = p = 0 [6].
The idea behind the loss is the one behind choosing a harmonic mean, where the harmonic mean has a

value closer to the lower value and hence the minimization of loss moves it closer to the larger value.
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Dice Loss Function
0.5 y=0.99

0.4f

031

DL(y

0.2}

0.1

0.0f

0.0 0.2 0.4 0.6 0.8 1.0
p (Predicted)

Figure 3.5: Grpah of Dice loss

3.2.6 Tversky Loss

The Tversky Index (TI) is a generalized form of the Dice coefficient. It incorporates weights for false

positives (FP) and false negatives (FN) using a coefficient 3.

pp
pp+ B —p)p+ (1 - B)p(1 —p)

TI(p,p) =

Here, when 8 = 1/2, It can be solved into regular Dice coefficient. Similar to Dice Loss, Tversky

loss (Figure 3.6) can also be defined as [6]:

B pp
pp+ B(1—p)p+ (1 — B)p(1 — p)

TL(p,p) =1

The idea behind the loss is that the weight 3 helps in focussing on FPs and FNs.
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Tversky Loss Function
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Figure 3.6: Tversky loss

3.2.7 Focal Tversky Loss

Similar to Focal Loss, which emphasizes hard examples by reducing the weight of easy or common
ones, Focal Tversky Loss also focuses on learning hard examples, such as those with small regions of

interest (ROIs), using a -y coefficient, as shown below:

FTL =) (1-TIL)

here, TI indicates Tversky Index, and v can range from [1,3] [6].
As the name suggests, the Focal Tversky Loss (Figure 3.7)is the combination of Focal Loss and Tversky

Loss.

23



Focal Tversky Loss Function

1.0

0.8}

0.6

FTL

0.4F

0.2

0.0

0.0 0.2 0.4 0.6 0.8 1.0
Tl (Tversky Index)

Figure 3.7: Focal Tversky loss

3.2.8 Sensitivity Specificity Loss

Similar to the Dice Coefficient, Sensitivity and Specificity are commonly used metrics for evaluating
segmentation predictions. This loss function addresses the class imbalance problem by incorporating a

weighting parameter w. The loss (Figure 3.8) is defined as [6] [5]:

SSL =1 — (w * sensitivity + (1 — w) * speci ficity)

where,
sensitivity = L
TP+ FN
speci ficity = _IN
TN+ FP

The idea behind this loss is to weigh the TPs and TNs. The denominators TP+FN and TN+FP, which
are Total positive ground truths and Total negative ground truths, help in maintaining the loss between
Oand 1.
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Sensitivity Specificity Loss (SSL)

0.8

SSL Value

0.0 1.0

Figure 3.8: Sensitivity Specificity loss

3.2.9 Shape-aware Loss

As the name implies, Shape-aware Loss considers the shape of objects during segmentation. While
most loss functions operate at the pixel level, Shape-aware Loss computes the average point-to-curve
Euclidean distance between the points on the predicted segmentation boundary and the ground truth.
This distance is then used as a coefficient to the cross-entropy loss function. It is defined as follows:

E; = D(C,Cgr)
Lshape—aware = - Z CE(ya Z)) - Z ZElcE(y7 @)

Using E; the network learns to produce a prediction masks similar to the training shapes [6].

3.2.10 Combo Loss

Combo Loss (Figure 3.9) is defined as a weighted sum of Dice Loss and a modified cross-entropy. It

aims to combine the benefits of Dice Loss in handling class imbalance with the ability of cross-entropy
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to smooth curves. The Dice Loss in this case is taken as the Dice Coefficient itself. It is defined as [6]:
1 . .
Lin—bee = =7 D Bylog(9)) + (1 = B)(1 = y)log(1 - 9)
i

CL(y,y) = aLpm—pce — (1 — a)DiceCoef ficient(y,y)

The idea behind the loss is that focussing on FPs and FNs(modified cross entropy) helps in moving the
shape of the segmented object closer to ground truth. Dice Loss helps with class imbalance and small

objects.

Combo Loss Function

0=0.2, $=0.8, y=0.9
1.0 — «=0.2, B=0.1, y=0.9
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y

Figure 3.9: Combo Loss

3.2.11 Exponential Logarithmic Loss

Exponential Logarithmic Loss (Figure 3.10), like Combo Loss, combines weighted cross-entropy
loss and Dice coefficient to address the class imbalance issue. The key difference is that Exponential
Logarithmic Loss applies logarithmic and exponential transformations to Dice Coefficient and expo-
nential transformation to weighted cross-entropy loss before combining them. This approach provides
flexibility in controlling the model’s focus on easy or hard pixels. The proposed loss function is defined
as follows:

LEacp—Log = wDiceLEa:pfLongiceCoefficient + wCT‘OSSLEJ?p—WCE
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where L, 1og—DiceCoef ficient 18 the exponential logarithmic Dice Coefficient loss and Lg.,-wcE

is the exponential weighted cross-entropy loss:
LExprongiceCoefficient = (—log(Dz'ceC’oefficient) )FYDZ.CE

Lizp-wer = (B * (—ylog())7emos + (1 = ) * (—(1 — y)log(1 — §))7cress

Here vpjce and yycg can be used to control the focus of the loss function. Specifically, with v > 1,

the loss focuses more on hard-to-classify pixels and vice versa [6] [5].

Exponential Logarithmic Loss
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Figure 3.10: Exponential Logarithmic Loss

3.2.12 Distance Map Derived Cross- Entropy Loss

Many semantic segmentation models experience performance degradation at object boundaries. A
simple approach to address this issue is to apply a higher penalty for segmentation errors at these bound-
ary regions. To achieve this, distance maps are used. A distance map has the same dimensions as the
image, where each pixel is assigned the smallest distance to a boundary pixel. The inverse of the dis-
tance map, ¢, is then used as a weight for the cross-entropy loss, ensuring that pixels near the boundary

receive a higher weight, while those farther from the boundary are given a lower weight [5].

N
LpycEwte) = — Z(l + on)log(tn, yn)

n=1

t, and y,, are one hot encoded vector and generated class probabilities for the n‘" pixel.

The constant 1 is added to ¢ to avoid the vanishing gradient problem.
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3.2.13 Hausdorff Distance Loss

Hausdorff Distance (HD) is a widely used evaluation metric in medical image segmentation. It is
defined for pairs of sets and measures the maximum distance between a point in one set and the nearest
point in the other set, capturing the worst-case scenario. In this context, two non-empty point sets,
denoted as X and Y, are considered, with a distance measure d(z,y) between points. = € X and
y € Y, typically using metrics such as Euclidean or Manhattan distances. The Hausdorff distance is
defined as:

HD(X,Y) =max(dp(X,Y),dp(Y, X))

dp(X,Y) = maxge xmingey d (g )

dn(Y, X) = maryeymingexdy )

In image segmentation, Hausdorff Distance (HD) is calculated between the boundaries of the pre-
dicted and ground truth masks. While HD is a commonly used metric, it has certain drawbacks. Unlike
other metrics that assess overall segmentation performance, HD focuses solely on the largest error,
making it highly sensitive to outliers. As a result, optimizing exclusively to minimize the largest er-
ror can lead to instability in the algorithm and unreliable results. Additionally, minimizing only the
largest segmentation error may reduce overall performance, particularly for compound shapes, which
are prevalent in medical imaging. This is because, although the model may perform well on most of the
image, it could experience significant errors in a few exceptionally challenging regions [5].

3.2.14 Correlation Maximized Structural Similarity Loss

Many semantic segmentation loss functions primarily focus on classification errors at the pixel level,
often neglecting the structural information at the pixel level. Structural Similarity Loss (SSL) achieves
a high positive linear correlation between the ground truth map and the predicted map. The approach
is divided into three steps: Structure Comparison, Cross-Entropy weight coefficient determination, and
mini-batch loss definition.

In the Structure Comparison step, the authors calculate the ecoefficient, which measures the degree

of linear correlation between the ground truth and the predicted map:

y—uy+C4_p—up+C4’
oy +Cy op+C4

e =|

Here, C4 is stability factor set to 0.01 as an empirical observed value. yi,, and o, are the local mean and

standard deviation of the ground truth y respectively.
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After calculating the degree of correlation, e is used as coefficient for cross entropy loss function,
defined as:

fn,c =1x (en,c > Bemaac)

Using this coefficient function, we can define SSL loss as:

Lossssl(yn,mpn,c) = €n,cfn,cLC’E (yn,ca pn,c)

and finally for mini-batch loss calculation, The SSL can be defined as:

N C

1
Lssl = M Z Z LOSSssl(yn,apn,c)

n=1c=1

where, Mis > 577 f,, .. Using above formula, loss function will automatically abandon those

pixel level predictions, which doesn’t show correlation in terms of structure [6].

3.3 Discussions

The choice of loss function plays a pivotal role in the performance of deep learning models for object
detection and semantic segmentation. It is important to consider task-specific aspects (classification
vs. regression), handle class imbalance, address small object challenges, and ensure alignment with
evaluation metrics. A careful selection of loss functions that suit the specific characteristics of the
dataset and task can significantly improve the accuracy, robustness, and efficiency of the model.

Object Detection: Involves both classification (identifying what object is present) and regression
(predicting the location of the object through bounding boxes). Therefore, object detection loss func-
tions must account for both tasks simultaneously. A combination of classification loss (e.g., cross-
entropy loss) and regression loss (e.g., Smooth L1 loss or IoU loss) is commonly used.

Semantic Segmentation: This involves classifying each pixel in an image, so the loss function
should focus on pixel-level classification. Typically uses pixel-wise classification loss such as cross-

entropy loss or Dice loss.

3.3.1 Handling Class Imbalance

Both object detection and semantic segmentation tasks can suffer from class imbalance, where cer-
tain classes (e.g., background or small objects) dominate, and the model may become biased toward
predicting the majority class.

Focal Loss: A modified version of cross-entropy loss that down-weights well-classified examples
and focuses more on hard-to-detect objects. This is commonly used in object detection to handle class

imbalance.
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Weighted Cross-Entropy Loss: A weighted version of cross-entropy to assign higher weights to
underrepresented classes (such as small objects or foreground classes) in semantic segmentation.
Dice Loss and IoU Loss: Both these losses focus on improving the overlap between predicted and

true object regions, which is useful when class imbalance is severe in segmentation tasks.

30



Chapter 4

Detection and Segmentation

4.1 Semantic Segmentation

4.1.1 Methods

In this work, we employ a CNN-based semantic segmentation architecture. Successive convolutional
layers function as an encoder, progressively compressing the information, which is then decoded into
a segmented image. Additional skip connections are incorporated to enhance feature recovery. Such
architectures are widely known as U-Net. U-Net (Figure 2) has been utilized as the backbone, with a
Fully Convolutional Network (FCN) serving as both the auxiliary and decode heads. Our motivation
for using this architecture stems from its widespread success and popularity in semantic segmentation
tasks.

Table 4.1: mloU for Cross Entropy Loss, Weighted Cross Entropy Loss and Dice Loss (Please zoom for
clearly reading the table)

Loss Type | road parking drivable fallback | sidewalk | rail track non-drivable fallback | person animal rider motorcycle
WCE loss | 91.66 | 0 54.72 51.14 nan 45.65 53.15 0 64.38 68.03

CE loss 91.35 0 53.09 51.25 nan 35.7 47.06 0 60.38 64.58

Dice loss | 90.8 0 53.32 43.74 nan 45.05 0 0 55.56 67.39

Loss Type | bicycle | autorickshaw | car truck bus caravan trailer train vehicle fallback curb

WCE loss | 0 73.01 83.38 5278 54.99 0 na na 10.04 62.44

CE loss 0 67.48 81.2 54.38 58.75 0 na na 0.03 58.33
Diceloss | 0 65.56 81.15 529 46.53 0 na na 0 61.9

Loss Type | wall fence guard rail billboard | traffic sign traffic light pole polegroup obs-str-bar-fallback | building
WCE loss | 40.61 19.07 48.7 5191 53.84 0 45.12 20.08 29.64 56.2

CE loss 40.65 12.5 44.63 49.72 10.6 0 43.08 0 27.05 50.55
Diceloss | 4132 |0 0 5242 0 0 40.61 0 28.79 55.45

Loss Type | bridge | tunnel vegetation sky fallback background | unlabeled ego vehicle | rectification border | out of roi license plate
WCE loss | 38.69 | 0 85.04 95.69 0 0 0 na na na

CE loss 5.79 0 83.82 95.5 0 0 0 na na na

Dice loss | O 0 84.67 94.56 0 0 0 na na na

Table 4.2: Accuracies for losses on the validation set of IDD

Loss Iterations | aAcc IoU mAcc

Cross Entropy Loss 160000 84.7400 | 34.9300 | 42.5600
Weighted Cross Entropy Loss | 320000 85.7000 | 39.7000 | 48.9500
Dice Loss 416000 84.3400 | 31.2300 | 38.1900

31




128 64 64 2

input

i Gl output
|matge g *|*|*! segmentation
ile of oo o map

=»conv 3x3, ReLU
copy and crop
¥ max pool 2x2
4 up-conv 2x2
=» conv 1x1

Figure 4.1: U-net architecture (example for 32x32 pixels in the lowest resolution). Each blue box
corresponds to a multi-channel feature map. The number of channels is denoted on top of the box. The
x-y-size is provided at the lower left edge of the box. White boxes represent copied feature maps. The
arrows denote the different operations [4].

The three loss functions considered are Cross Entropy Loss, Weighted Cross Entropy Loss and Dice
Loss. These Loss functions are discussed in chapter 3.

We analyze the presence and distribution of small objects within the IDD dataset, starting with
the object and category distributions. The distribution of objects across labels in the IDD dataset is
illustrated in figures 4.2 to 4.5. Additionally, we examine the pixel distribution across various categories.
Figures 4.4 and 4.5 depict the instance and pixel distributions across labels for small, medium, and large
object size categories in the IDD dataset.

The choice of a loss function can significantly influence the results obtained from a dataset. This
choice often depends on both the characteristics of the dataset and the specific problem being addressed.
In the case of semantic segmentation of small objects, both factors are crucial. To systematically eval-
uate performance, we experiment with multiple loss functions, starting with Cross Entropy Loss and
Weighted Cross Entropy Loss. Cross Entropy Loss is suited for datasets with balanced class distribu-
tions, while Weighted Cross Entropy Loss is more effective for datasets with class imbalances. Addi-

tionally, we examine the performance of another widely used loss function — Dice Loss.

4.1.2 Experiments

Training has been conducted using the Indian Driving Dataset (IDD) with U-Net as the backbone
and Fully Convolutional Network (FCN) as both the decode head and auxiliary head. The IDD provides
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Figure 4.2: (a) Distribution of instances across labels in IDD train (b) Distribution of instances across
labels in IDD val
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Figure 4.3: (a) Distribution of pixels across labels in IDD train (b) Distribution of pixels across labels
in IDD val

pixel-level labeled images for training. The images in the dataset come in two resolutions: 1920x1080
and 1280x720. Experiment has been conducted with three different loss functions—Cross Entropy
Loss, Weighted Cross Entropy Loss, and Dice Loss—and observations have been documented.

To ensure uniform image dimensions during training, all images are resized to a standard size of
1024x512, with a crop size of 512x256. The training utilizes the SGD optimizer, with an initial learning
rate of 0.01, a momentum coefficient of 0.9, and a weight decay coefficient of 0.0005. A polynomial
learning rate schedule is applied, with a minimum learning rate of 0.0001 and a power factor of 0.9.

The performance graphs for the three loss functions—Cross Entropy Loss, Weighted Cross Entropy
Loss, and Dice Loss—are shown in Figures 4.6 to 4.8. Objective performance is evaluated using the
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Figure 4.4: (a) Distribution of instances across labels and Objsize in IDD train (b) Distribution of
instances across labels and Objsize in IDD val
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Figure 4.5: (a) Distribution of pixels across labels and Objsize in IDD train (b) Distribution of pixels
across labels and Objsize in IDD val

mean Intersection over Union (mloU). Table 4.1 presents the mloUs for all 40 classes in the IDD dataset,

while Table 4.2 summarizes aggregate accuracy, mean IoU, and mean accuracy for the three loss func-
tions

4.1.3 Overview of Figures
The small objects of significance in the IDD dataset [8] include persons, animals, riders, motorcycles,

autorickshaws, cars, trucks, buses, traffic signs, and traffic lights. Below is a brief summary of the results
presented in the study:
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* Figure 4.2: Shows the distribution of the number of instances of labels in the training and valida-

tion datasets across all labels.

* Figure 4.3: Shows the distribution of the number of pixels of labels in the training and validation

datasets across all labels.

* Figure 4.4: Shows the distribution of the number of instances of labels in the training and valida-

tion datasets for small, medium, and large object sizes.

* Figure 4.5: Shows the distribution of the number of pixels of labels in the training and validation

datasets for small, medium, and large object sizes.

» Figures 4.6, 4.7, 4.8: Display the accuracies and losses for the three loss functions (Cross Entropy

Loss, Weighted Cross Entropy Loss, and Dice Loss) across iterations.

* Figures 4.9, 4.10, 4.11: Contain three example images from the IDD dataset along with the pre-

dictions generated using Dice Loss for these images.

4.1.4 Discussion of Results

The three loss functions—Weighted Cross Entropy Loss, Cross Entropy Loss, and Dice Loss—perform
similarly well on the rider, motorcycle, autorickshaw, car, truck, and bus classes. This can be attributed
to the distribution of these classes as observed in Figures 4.2, 4.3, 4.4, 4.5. These categories have a
significant number of instances and pixels in the dataset (Figures 4.2, 4.3). While these classes are well-
represented in smaller object sizes (Figure 4.4), they contribute fewer total pixels when considered as
smaller objects (Figure 4.5).

Weighted cross entropy loss, and cross entropy loss perform well on the person class but Dice loss
gives a 0 mloU. Cross entropy loss does not perform as well as weighted cross entropy Loss on traffic
sign. The three losses perform equally poorly with a 0 mIoU on animal, bicycle, and traffic light classes.
The reason why Dice Loss performs poorly with a 0 mloU on person class may be observed from the
Figures 4.2, 4.3 where the instances are considerable but the total pixels are less. Since the total pixels
are less in person class, the Dice loss performs poorly as it is a Region level loss and in the initial stages
of training, any wrong prediction of the region due to a lesser total number of pixels for the class may
cause the future stages of training to be affected. On the contrary, cross entropy loss and weighted cross
entropy loss are pixel level losses, and hence they have a chance for moving towards the correct class
prediction at each pixel level giving a much better mIoU for the person class. A similar reason, may be
attributed to the poor mloU for dice loss over traffic sign class. Relatively poorer performance of cross
entropy loss over weighted cross entropy loss can be attributed to the imbalance in the dataset. Animal,
bicycle and traffic light classes have poor mloUs for all the three losses in discussion as they have a

lesser number of instances and total pixels(see Figures 4.2, 4.3).
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Figure 4.6: (a) Accuracies Plot for Cross Entropy Loss for 160000 iterations (b) Loss Plot for Cross
Entropy Loss for 160000 iterations
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Figure 4.7: (a) Accuracies Plot for Weighted Cross Entropy Loss for 336000 iterations (b) Loss Plot for
Weighted Cross Entropy Loss for 336000 iterations

Figures 4.9, 4.10 4.11 illustrate predictions using Dice Loss for three sample images. Notably,
the person class is often misclassified, whereas the rider class—also part of the broader human cate-
gory—is segmented with a higher mloU. The disparity in performance between the rider class and the
person class, despite both belonging to the same category, raises an intriguing question. Understanding
why Dice Loss achieves better segmentation for the rider class compared to the person class could be

considered for future research.

Our analysis and experiments yield the following key observations:

* Indian outdoor environments, particularly road settings, contain a significant number of small

objects, making the problem uniquely challenging.
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Figure 4.8: (a) Accuracies Plot for Dice Loss for 416000 iterations (b) Loss Plot for Dice Loss for
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Figure 4.9: T Qualitative result of Dice Loss- Image and Prediciton

Figure 4.10: II Qualitative result of Dice Loss- Image and Prediciton

* Semantic segmentation of small objects is notably difficult, with average performance (mloU)

being significantly lower compared to larger objects.
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Figure 4.11: III Qualitative result of Dice Loss- Image and Prediciton

* In the context of driving and road safety, small objects hold critical importance, warranting dedi-
cated future efforts to improve their segmentation.

* The performance of semantic segmentation is highly influenced by the choice of loss function,
highlighting the need for further research into designing specialized loss functions or strategies to

achieve robust segmentation of road scenes.

4.2 Object Detection

4.2.1 Methods

We employ a CNN-based object detection architecture. We employ the Faster-RCNN [27] (Figure
4.12) model which has two modules - RPN(Region Proposal Network) module which proposes regions
and Fast-RCNN [26]module which uses the proposed regions.

The backbone considered is Resnet-50 [12]. Resnet-50, a residual network, uses residual connections
which are identity mappings on a plain network. A Feature Pyramid Network(FPN) [35] is used as a
neck.

The loss functions considered are Cross Entropy Loss for classification and L1 loss for regression.

4.2.2 Experiments

Training has been conducted using the Indian Driving Dataset (IDD) with Resnet-50 as the backbone
and Faster-RCNN for the object detection task. The IDD detection provides bounding box level images
for training. The images in the dataset come in different resolutions like 19201080 and 1280x964.
Experiment has been conducted with Cross Entrpoy loss and L1 loss as classification and regression
losses respectively —and observations have been documented.

In the image data loading during training, scale factors of 2048x800 and 2048x1024 are used. The
training utilizes the SGD optimizer, with an initial learning rate of 2e-05, a momentum coefficient of
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Figure 4.12: Faster R-CNN is a single, unified network for object detection [27].

0.9, and a weight decay coefficient of 0.0005. A linear learning rate schedule is applied with a start
factor of 0.001, and a multistep learning rate is applied at epochs 8 and 11.

The performance graph for the experiment using Cross Entropy Loss andL.1 loss for classification
and regression respectively—is shown in Figure 4.14. Objective performance is evaluated using the
mean Average Precision (mAP). Table 4.3 presents the recall, AP and mAP for all 11 classes in the IDD

dataset for the parameters and losses specified.
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Figure 4.13: Resnet set of architectures. Resnet-50 can be seen [12].
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Figure 4.14: (a) mAP plot for 12 epochs (b) Loss Plot for Cross Entopy loss and L.1 loss for 3e6 iterations

class gts dets | recall ap
person 18078 | 50287 | 0.798 | 0.648
animal 1460 | 3515 | 0.453 | 0.332
rider 24518 | 48949 | 0.755 | 0.670
motorcycle 25489 | 46178 | 0.817 | 0.758
bicycle 569 | 2127 | 0.698 | 0.542
autorickshaw | 7782 | 17615 | 0.875 | 0.782
car 24844 | 48170 | 0.832 | 0.766
truck 7078 | 19228 | 0.824 | 0.703
bus 4916 | 10908 | 0.853 | 0.764
traffic sign 4287 | 7948 | 0.563 | 0.434
traffic light 919 | 1452 | 0.430 | 0.351
mAP 0.614

Table 4.3: Evaluation results on IDD detection (gts = ground truths, dets = detections).
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4.2.3 Discussion of Results

The loss functions-Cross entropy loss and L1 loss for classification and regression-perform well on
all the 8 classes of IDD detection dataset but do not perform well on the three classes-animal, traffic sign
and traffic light classes. This can probably be attributed to an imbalance in the dataset with respect to
these three classes. The imbalance can be due to lesser instances. This imbalance can also be attribuited
to lesser pixels bringing them under the ambit of smaller objects. However, the exact reasons can be
known only after an analysis of the IDD detection dataset similar to the IDD segmentation dataset which

can be considered for future work.
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Chapter 5

Conclusion

5.1 Summmary

In this thesis, study was conducted on small objects in road situations and specifically on small
objects in Indian Driving Dataset and their semantic segmentation. It also talks about Indian Driving
Dataset and object detection.

Chapter 1 small objects commonly seen in road situations and practical issues on roads due to small
objects and small objects in Indian Driving scenes. Contributions of the thesis have been highlighted.

Chapter 2 talks about related work corresponding to object detection, segmentation and small objects
in detection and segmentation.

Chapter 3 discusses in detail the various loss functions. Three loss functions have been adopted from
the extensive list of the discussed loss functions for study on small objects and Indian Driving Dataset
segmentaion. One loss function from the extensive list has been adopted for IDD detection dataset.

Chapter 4 discusses the experiments conducted, qualitative and quantitative results on IDD segmen-
tation dataset. Plots analyzing the Indian Driving Dataset have been discussed. The results of the three
losses have been discussed. The reasons for performance and non-performance of losses have been
discussed. The images inferred using a particular loss (Dice Loss) have been discussed conveying the
reason behind the performance of that loss. The reason behind varying accuracies of the three losses
across certain classes has been discussed. Further, the experiments conducted and quantitative results
of the IDD detection dataset have been discussed. Probable reasons for non-performance across three

classes have also been discussed.

5.2 Future Directions
There are many possible future directions for this thesis. We list some of them here:
* Design of novel loss functions that can help in segmentation and detection of small objects.

* Development of novel algorithms and architectures for solving perception problems (detection,

segmentation, pose estimation etc.) of small objects.
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* Development of a practical driver assistance system that pay special attention to small objects on

the Indian road scenes.
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