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Abstract: As autonomous vehicles navigate through complex environments, 

understanding the scene poses a significant challenge. Traditional computer 

vision-based methods struggle to segment complex driving scenarios, making 

deep learning techniques increasingly popular. Semantic segmentation is 

essential for scene understanding in India’s cluttered and diverse roads, where 

structure is often lacking. In this paper, we evaluate the performance of deep 

learning-based architectures including Linknet and Unet for semantic 

segmentation using the driving dataset of India’s variety and cluttered roads, 

IDD-Lite. Through a series of experiments, we examine the combined effect of 

Linknet and Unet on IDD-lite. By harnessing the localization prowess and 

contextual understanding inherent in both models, our unified approach raises 

the bar for scene recognition tasks. Our approach is designed to work on Indian 

roads and prioritizes precision, efficiency and adaptability to various 

environmental conditions. Experimental results show our ensemble model has 

a MIoU of 0.69 and F1 score of 0.9. This is better than conventional ensemble 

methods and a big jump forward for semantic segmentation in autonomous 

driving systems for Indian roads. 

Keywords: encoder-decoder, ensemble models, Indian Driving Dataset Lite, 

LinkNet, Semantic segmentation, Unet. 

 
1. Introduction 

Indian urban traffic is tough for autonomous 

driving systems. The roads are crowded, with 

multiple types of vehicles and inconsistent lane 

usage and traffic flow. To tackle these 

complexities, the Indian Driving Dataset (IDD) Lite 

was created to mimic the unstructured and densely 

populated road conditions of Indian cities [1]. As 

self-driving technology evolves to handle such 

environments, high precision scene interpretation 

becomes more important. Traditional road 

segmentation techniques fail on these roads which 
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are irregular and chaotic. Deep learning methods 

which rely on large and diverse datasets for 

training are more adaptable. Datasets like IDD Lite 

enable these models to learn and respond to the 

variability in Indian traffic scenarios [2]. 

 Semantic segmentation is key for 

autonomous cars to understand driving scenarios. 

Precise mapping of category labels to image pixels 

allows to identify important features like roads, 

lanes, cars, signs and people. This pixel level 

parsing helps in navigation planning and decision 

making. Scene complexity, occlusion, size 

variation, and other factors make segmentation 

difficult [3]. Crowded roads, lack of discipline 

among road users, diverse traffic patterns, varying 

illumination and weather conditions. Addressing 

these specific challenges necessitates tailored 

solutions.  The Indian Driving Dataset (IDD) Lite 

benchmark covers dense metropolitan areas and 

highways, including various scenarios. Until 

recently, segmentation algorithms depended on 

hand-crafted features; however, with enough 

training data, deep neural networks currently 

dominate. Encoder-decoder designs such as 

LinkNet provide efficiency by progressive 

downsampling and upsampling, balanced with 

lateral connections in UNet, resulting in a 

multiscale context. Such hybrid models with 

pretrained encoders attain great accuracy, as 

LinkNet and UNet models demonstrate.

 

Fig. 1. Layout of an encoder and decoder based on Semantic segmentation models

UNet developed an encoder-decoder 

architecture with connections that bypass 

segmentation, allowing for precise localization and 

various scale contexts. The encoder gradually 

downsamples input pictures to record high-level 

context, whilst the symmetrical decoder increases 

to full fidelity to produce pixel-accurate results. 

LinkNet improves the fundamental encoder-

decoder structure's efficiency by requiring only a 

few selected skip connections rather than complete 

concatenation [4]. 

The LinkNet and UNet models are highly 

suitable for the image segmentation of the IDD-Lite 

(Indian driving dataset) as they balance the 

contextual representation and accuracy. While the 

encoder-decoder structure of LinkNet allows for 

fine spatial localization, the skip connections of 

UNet exhibit multiscale properties. Together, they 

provide a lightweight and accurate framework for 

parsing complicated driving scenarios. Studies 

conducted on the Indian Driving Dataset Lite 

support these mutually beneficial impacts, with the 

combined model beating any individual model. The 

combined framework learns category-level 

characteristics and excellent spatial cues required 

for detecting critical items, such as road agents, 

during navigation in congested urban 

environments. Overall, the model’s ability to quickly 

and accurately encode spatial features, 

adaptability via the encoder-decoder framework 

and use of local and global context makes it a good 

fit for Indian road conditions in the IDD Lite dataset. 
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We are driven by the need for specialized metrics 

and algorithms to extract structure from the chaos 

of Indian roads. Fig. 1 shows the encoder and 

decoder architecture for semantic segmentation 

tasks. These designs use many layers that build 

receptive fields to record low- and high-level 

information. 

This paper makes several key contributions 

to the field. Firstly, it recommends the adoption of 

the LinkNet-UNet paradigm for semantic 

segmentation within India's unique environment, 

specifically focusing on its application in 

autonomous vehicle operations. Secondly, it 

meticulously evaluates and scrutinizes the 

effectiveness of the fused LinkNet-UNet model 

compared to other state-of-the-art deep neural 

network semantic segmentation models. Lastly, it 

validates the performance of this proposed fusion 

approach by leveraging the benchmark IDD-Lite 

dataset, demonstrating its efficacy in handling the 

complexities of real-world Indian driving scenarios. 

Overall, these contributions collectively enhance 

our understanding and application of semantic 

segmentation techniques within the context of 

autonomous vehicle navigation in challenging 

environments like India. 

Our new approach is based on the fusion of 

UNet with the LinkNet model. This generates a 

synthesis of the two models' abilities. This 

synergistic combination can use UNet’s Semantic 

segmentation and Linknet's very effective 

sampling. In comparison to using each model on its 

own, the results of these experiments demonstrate 

that our fusion technique is efficient regarding 

linguistic segmentation challenges and shows 

significant improvements in accuracy and MIoU. 

We found that the accuracy was 0.9039 when we 

combined these two models and compared them. 

The validation MIou for the same is 0.6926. The 

results of this study show that combining the UNet 

and LinkNet models will produce an optimal blend 

that exceeds the different models. This 

demonstrates the value of integrating different skill 

sets into a comprehensive approach. 

The paper is organized as follows: Section 2 

covers relevant research on autonomous cars and 

semantic segmentation. Methodology for the 

proposed architectural system is detailed in 

Section 3. Section 4 discusses the Indian Driving 

Dataset (IDD-Lite) and its experimental setup. An 

overview of experiments and discussions is 

presented in Section 5. Section 6 summarizes 

completed research and results. References are 

listed in Section 7. 

2. Literature Review 

Semantic segmentation is a fundamental 

problem in computer vision. It involves grouping an 

image into semantically meaningful regions and 

labelling each pixel to the object or class it belongs 

to. Over the past decade, significant progress has 

been made in semantic segmentation mainly due 

to the advent of deep learning techniques, 

especially convolutional neural network models 

(CNNs). This literature survey aims to provide a 

comprehensive overview of recent developments 

and techniques for semantic segmentation. The 

papers below explore key concepts, challenges, 

and trends in the area to understand the current 

state and future directions for semantic 

segmentation research. 

  In [1], they explain their research to 

increase public trust in self driving cars by listing 

the performance metrics to evaluate the GradCAM 

Inception UNet model to see a scene. Evaluation 

of the model is to look at metrics like recall, 

accuracy and precision or similar. To show how the 

Inception UNet model understands driving 

conditions, this paper uses a gradient weighted 

class activation mapping algorithm called 

GradCAM. Within structural segmentation, 

GradCAM looks at which parts like pedestrians 

affect the model’s decision making and categorizes 

them accordingly. 

Deep learning methods like DFE-AVD 

enhance vehicle detection by combining multiple 

CNN models through ensemble techniques [5]. 

Autonomous vehicles rely on deep learning for 

environmental perception, handling challenges 
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such as lighting, weather, and road conditions 

using CNNs trained on large datasets [6]. Similarly, 

UAV-based remote sensing leverages CNNs for 

land classification and object detection, addressing 

the scarcity of high-quality labeled data [7]. 

The autonomous driving system needs to 

model and forecast dynamic agents like vehicles 

and pedestrians. Artificial intelligence techniques 

like machine learning and computer vision are 

used for that. When understanding complex traffic 

patterns, data-driven approaches like neural and 

Bayesian networks work. Further research is 

necessary in uncertainty management and mixed 

artificial intelligence [8]. Deep neural networks are 

being used to train control policies for self-driving 

cars, with recent surveys analyzing DRL 

approaches for vehicle control, path planning, and 

navigation tasks. While promising for simulation 

and closed-track applications, deep learning 

remains a challenge to ensure safety and clarity in 

the decision-making process when driving on 

public roads [9]. 

In [10], the authors studied integrated 

architecture frameworks for context modelling 

using neural modules and graphical models, 

focusing on human-centric mechanisms, causality, 

spatial-temporal dependencies, and rules, but 

faced challenges in commonsense reasoning, 

model decision explanation, and safety 

compliance. They dealt with the issue of the 

prediction of motion in autonomous cars, which is 

crucial for navigation and route planning. They 

used a massive amount of a realistic Lyft Level 5 

prediction dataset containing over 55,000 real-

world driving events. Further, they presented a 

deep neural network model based on the CNN 

LSTM encoder-decoder architecture to predict the 

vehicle's trajectory. 

  In [11], the model incorporates dynamic 

and static scene context, such as traffic signals or 

prior movements. Their study revealed that a 

significant contributor to road safety concerns is 

the increased usage of motor vehicles without 

improvements to safer systems, highlighting the 

need for priority action in areas like speed 

management and safety enforcement. In [12], the 

authors proposed LaneNet, a specialized encoder-

decoder CNN for automated drive perception, 

aiming for 10ms inference speed on a single GPU. 

It prioritizes the early output of lane-related 

semantic features, optimizing runtime performance 

without sacrificing quality. Trained on TuSimple 

datasets, LaneNet demonstrates state-of-the-art 

FPS performance with strong accuracy metrics. 

Open-sourcing LaneNet and evaluation tools push 

the boundaries of efficiency-aware algorithm 

design [13]. 

Deoli et al. (2024) studied off-road automated 

vehicle segmentation models' vulnerability against 

adversarially manipulated inputs [14]. They created 

a benchmark dataset that shows weak robustness 

and proposed an analytical training methodology in 

multiple scales of antagonistic training for external 

robustness. Xu et al. (2023) compared the 

optimum selection of loss functions for deep neural 

network-based road segmentation models using 

overhead remote sensing imagery. They compared 

eight loss formulations with two publicly available 

data sets and found substantial deviations in 

performance. Optimized hybrid Dice+cross entropy 

losses are identified as the ideal solution to the 

problem of class imbalance. These findings are of 

interest to the remote sensing community [15]. 

[16] developed a unique convolutional neural 

network architecture called Eff-Unet, which is 

specifically designed to process scenes captured 

during rapid driving. This architecture has used the 

UNet structure to combine contextual data with 

complex geographic details by combining encoder-

decoder skip links. A significant advance has been 

made in adding effective attention management 

blocks. These blocks help the network focus on the 

primary components by weighting map features in 

relation to them. The authors highlighted the trade-

offs made in accuracy, inference time, and model 

size by contrasting Eff-Unet with other 

segmentation CNNs currently in use. To assess 

the effectiveness of EffUNET in realistic scenarios, 
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data from India and Cameroon have been used to 

evaluate it based on datasets that show 

unpredictable driving conditions. The project's 

objective was to use a robust semantic 

segmentation approach to solve specific problems 

associated with unconcealed driving situations 

[16]. 

To address the challenges of generalizing 

across various road textures, lighting conditions, 

vehicle types, and cluttered backgrounds 

encountered in uncontrolled driving environments, 

[4] developed an ensemble model based on meta-

learning. This approach aimed to enhance the 

model's capability to handle unexpected variations 

in real-world driving situations. The proposed 

NuWaNet architecture utilized an omniscient 

supervised training method, which combined 

labeled samples, synthetic labels, and 

independently supervised auxiliary tasks to 

optimize the diversity of the training data. 

Combining predictions from multiple NuWaNet 

variations through trained fusion techniques, the 

final segmentation result was obtained during meta 

testing. Tests conducted on unstructured data from 

India and Malaysia demonstrated greater flexibility 

than previous approaches. The study provides a 

valuable foundation for comprehending complex, 

highly heterogeneous scenarios in real-world 

settings. 

[17] introduces a novel contextual data 

aggregation module named OCNET. This module 

systematically aggregates multilevel features 

under an umbrella pathway to enhance 

segmentation in complex scenarios. The authors 

have devised a method to accurately and efficiently 

interpret scenes, utilizing a dual-path coordination 

system incorporating compact decoders and 

ResNet encoders with Layerwise Interoperability. 

SegFormer, a novel method for semantic 

segmentation that utilizes transformers instead of 

convolutional neural networks (CNNs), has been 

developed [18]. Their model uses a meticulously 

crafted transformer encoder to attain comparable 

performance to CNN techniques, eliminating the 

requirement for convolutional layers. This 

innovation represents a significant shift in the 

semantic segmentation domain. 

In [19], a Pixelwise encoding Network was 

introduced for scene segmentation. This paper 

defines the challenge of scene segmentation, a 

critical task for autonomous vehicles, as a 

classification difficulty [19]. In another study, they 

incorporated attenuating convolutions into the 

FCN-VGG16 model to improve road scene 

segmentation. Comparing this approach to 

previous ones, the mean Intersection over Union 

(IoU) on the CamVid test set significantly increased 

to 73.1% [20]. 

To perform natural scene segmentation, [21] 

integrated VGG19 with fully linked CRFs, achieving 

a 79.7% MIoU on the Pascal VOC 2012 

benchmark. [22] discusses TernausNet, which 

utilizes pre-trained VGG19 encoders and decoders 

with U-Nets in between, achieving 84.5% accuracy 

on the ISBI Challenge for segmentation. DeepLab 

v3+, based on the Xception model, and 

incorporated depth-wise separable convolution 

built on top of ResNet. They achieved an MIoU of 

82.1% on the Pascal VOC 2012 leaderboard [23]. 

In another study, [24] optimized a RefineNet for 

cardiac MRI segmentation using ResNet-152 as an 

encoder, achieving a dice metric of 0.938 on the 

ACDC dataset. 

In [25], the authors utilized a UNet 

segmented framework with a MobileNet v2 

encoder pre-trained on ImageNet for satellite 

imagery, demonstrating a good balance between 

accuracy and efficiency. They also developed a 

real-time scene parsing network using a modified 

MobileNetv2 encoder and efficient propagation of 

space modules, achieving 71.4% mIoU on 

cityscapes at 67 FPS inference speed. The study 

enhanced LinkNet by incorporating multiple scales 

feature aggregating interconnections for robust 

segmentation of irregular Indian driving datasets, 

achieving a mean IoU of 66.2% on the IDD 

challenge. In contrast, the study in [26] explores 

the UNet model with ResNeXt encoders to address 
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low-light, transient camera captures in feature-

sparse traffic monitoring datasets, achieving 87.3% 

accuracy for nighttime road scene segmentation. 

Various deep learning techniques, including 

architectures like VGG16 and VGG19, have been 

employed for different applications, such as face 

liveness detection, as demonstrated in [27]. They 

have also been utilized for Iris liveness detection 

[28]. Additionally, researchers [29] have utilized 

transfer learning methods like AlexNet, VGG16, 

and VGG19 with pretrained versions for analyzing 

species of Pistachio, resulting in higher success 

rates. Evaluation was conducted on specific 

parameters such as precision, F1 Score, 

specificity, and sensitivity. The most recent 

research [30] involves using various deep-learning 

models for image style transfer to extract features 

and generate images with artistic value. 

While existing approaches have produced 

outstanding results, there is always room for future 

performance improvements. This paper proposes 

merging chosen models as a possibility of 

advancement. Fusing techniques and measuring 

the mean Intersection over Union (mIoU) for these 

models on benchmark datasets will determine if 

our proposed variants can improve state-of-the-art 

accuracy. Additional tests combining effective 

strategies may uncover complementary strengths 

and accelerate advancement beyond existing 

segmentation capabilities. 

3. Methodology 

Various network topologies create exact 

segmentation maps on complicated real-world 

pictures motivated by data sets, metrics, and scene 

interpretation issues. The proposed technique 

involves experimenting with several models, such 

as LinkNet and Unet. Fusion of two models is also 

performed, specifically LinkNet and UNet. 

LinkNet and UNet are encoder-decoder 

convolutional neural networks used for semantic 

segmentation. Both designs include an encoding 

system that extracts hierarchical characteristics 

from an input picture using techniques such as 

convolution and pooling. The primary distinction is 

the lack of connections between the encoder and 

decoder. In LinkNet, the encoder output is linked 

directly to the decoder via skip connections, which 

transport information from previous encoder layers. 

The decoding device recovers spatial information 

and uses the conveyed data to create precise 

pixel-wise segmentation masks. UNet uses skip 

connections, but only between matched encoder 

and decoder layers. Lower-level encoder 

characteristics are transferred straight to many 

higher-resolution decoding layers during 

upsampling. This multiscale synthesis of 

information and context allows for exact 

localization in the final segmentation masks. 

Combining the respective encoder-decoder 

modules benefits the fusion approach from the 

complementary characteristics of the LinkNet and 

the UNet designs. However, LinkNet can quickly 

develop accurate Semantic Maps, even if it often 

suffers from the distortion of object borders. As a 

result, UNet can precisely identify complicated 

shapes at significantly higher computational costs 

than other methods. Fusing them enhances their 

complementary exact positioning from Unet and 

performance from LinkNet while mitigating their 

limits. By combining these two, fusion model 

improves the segmentation results by speeding up 

and improving the accuracy of LinkNet and UNet. 

The feature maps from the last convolutional 

layers of the encoders of both Linknet and Unet 

models of the same size are fused by making sure 

the dimension of the individual feature map and the 

fusion feature map are the same. The output of 

these fused layers are then passed as input to the 

decoders of both models separately. Further the 

last convolutional layers of LinkNet and Unet are 

merged, we get the final output as the segmented 

image. So combining LinkNet and Unet in image 

segmentation is a strong solution for applications 

that requires both speed and accuracy in 

segmentation tasks. 

Fig. 2 depicts the suggested system 

combining Unet and LinkNet architectures to 

perform image segmentation tasks. To extract a 
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feature map, an input image with dimensions of 

256x320x3 height, width, and color channels is fed 

into the system and processed by the Unet 

Encoder 256x320x7. In addition, two different 

decoders called LinkNet256x320x7 and 

Unet259x320x7 are input to the feature map. Both 

decoders are upgrading the feature map to the 

original input resolution. Combining the final 

convolution layers of UNET and LinkNet decoders 

gives you a single output. The output of the LinkNet 

decoder is converted to a fused output from both 

designs’ final convolution layers in an ensuing 

transformation step. In this final fusion phase, the 

features of the Unet and LinkNet architectures are 

combined to create a segmented output image of 

256x320x7. In the segmented output image, the 

input image is divided into pixels, and each pixel is 

assigned a class label based on the attributes 

taught to it by the UNet and LinkNet designs. By 

exploiting the advantages of both architectures, 

this fusion method aims to improve the 

segmentation of images.

 
Fig. 2. Block diagram of the proposed system using a fusion of Unet and LinkNet for image 

segmentation

4. Experimental Setup 

This section includes the dataset, machine, 

configuration, and performance measures. 

4.1. Dataset 

Fig. 3 demonstrates IDD Lite (Indian Driving 

Dataset), a semantic segmentation dataset 

focusing on Indian driving situations. These images 

depict a range of driving settings, including low, 

medium, and congested traffic, highways, country 

roads, and even nighttime driving. Roads, vehicles 

(cars, trucks, etc.), two-wheelers (bikes, scooters), 

roadsides (people, excluding vehicles), sky, and 

buildings are among the key categories marked. 

There are also some miscellaneous categories. 

This dataset is around 50 MB and has 1380 training 

pictures and 204 test images at a resolution of 320 

× 227 pixels. It comprises two files: leftlmg8bit and 

gtFine, which contain labels for leftlmg8bit. gtFine 

has the val and train folders, whereas leftlmg8bit 

contains the val, train, and test folders. 

IDD Lite’s diversity of sceneries, with multiple 

dynamic actors and varied road kinds, makes it 

difficult for segmentation algorithms to test the 

limits of current methodologies. It has enabled 

benchmarking semantically segmented CNN 

models designed for self-driving visual processing 

in challenging urban situations [12]. 

Fig. 4 offers visuals and annotations for 

seven distinct items typically encountered in driving 

situations. The courses are living things, vehicles, 

non-drivable areas, sky, roadside, and far objects. 

These classes have been marked in the IDD Lite 

dataset to help train and evaluate object 

identification techniques for driving scenarios.
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Fig. 3. Sample images from IDD-Lite Dataset 

 
Fig. 4. Representation of IDD-Lite Dataset with 7 classes

4.2. Model Training 

The model was developed and trained using 

a system equipped with a Windows-based 

operating environment, powered by an AMD Ryzen 

5 processor and 8 GB of RAM. Google Colab Pro 

was utilized for enhanced computational capacity, 

offering a 64-bit architecture, 51 GB of RAM, and 

GPU support. The training and testing of the model 

were executed within the Colab Pro platform, which 

provided access to an NVIDIA T4 GPU and 

substantial memory resources suitable for deep 

learning tasks. 

4.3. Performance Metrics 

The model trained on the data for semantic 
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segmentation performed admirably, as evidenced 

by numerous essential measures. LinkNet and 

Unet employ performance measurements for 

individual models, including loss, accuracy, mean 

IoU, val_loss, val_meanIoU, and val_accuracy. For 

the fusion of models LinkNet and Unet, 

performance measures such as loss, accuracy, 

mean IoU, val_loss, val_meanIoU, val_accuracy, 

specificity, sensitivity, and F1 score are employed. 

Specificity, sensitivity, and the F1 score are 

standard assessment measures for semantic 

segmentation tasks. 

Specificity refers to the fraction of accurate 

pessimistic predictions among all real negative 

samples.  

It’s computed as: 

Specificity = 
𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
      (1) 

Where TN: (true negative) forecasts, 

whereas FP: (number of false optimistic 

predictions).  

Sensitivity is the fraction of accurate 

optimistic predictions of all real positive samples. 

It's computed as:  

Sensitivity = 
𝑇𝑟𝑢𝑒  𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
      (2) 

Where TP denotes genuine optimistic 

predictions, and FN denotes false pessimistic 

predictions. 

The F1 score is the harmonic mean of recall 

and precision, and it is a measure of a model’s 

overall accuracy. It’s computed as: 

F1 score = 2 * ( 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +𝑅𝑒𝑐𝑎𝑙𝑙
 )                  (3) 

Precision is defined as the fraction of genuine 

optimistic predictions (correctly predicted positive 

cases) among all instances projected as positive 

by the algorithm.  

Precision =  
𝑇𝑟𝑢𝑒  𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
              

(4)                                                            

MIoU (mean intersection over union) 

averages IoU values (Jaccard index) across all the 

masks. IoU is computed as:  

IoU = 

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 

                 (5)                                            

The semantic differentiation measures for 

IDD Lite can be derived from comparing the 

predictions made by the model to the ground truth 

labels. Higher specificity, sensitivity, and F1 score 

indicate improved performance of the 

segmentation model. This showcases consistent 

segmentation accuracy across all classes, 

including pedestrians, cars, and roads. The model 

demonstrates efficient training for semantic 

segmentation on IDD Lite in a generalized setting, 

evidenced by excellent accuracy, region-based IoU 

metrics, and minimal loss values on training and 

validation datasets. Despite these achievements, 

there remains room for further advancement 

through alternative approaches. 

5. Results 

Using different models, such as LinkNet and 

Unet, the overall accuracy for 50 epochs was 

determined. It helps the model learn more accurate 

representations of features and patterns from the 

training dataset. The chaotic traffic patterns found 

in many developing world cities present distinct 

challenges for the perception systems of 

autonomous vehicles intended to navigate these 

unstructured environments safely. Unlike the 

organized flow of cars in structured urban settings, 

roads in these locations often have undefined 

lanes and streams of cars, bikes, pedestrians, 

carts, and animals intermingling unpredictably. 

Multi-label semantic segmentation algorithms that 

accurately categorize all road users in the scene 

and object detection networks pinpointing 

individual entities and their trajectories are critical 

front-end capabilities. Autonomous vehicles can 

only anticipate the actions of other drivers and 

create safe, defensive routes by detecting and 

understanding the chaos around them. However, 

progress in developing and evaluating perception 

pipelines specialized for disorderly developing 
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world driving has yet to be improved because of the 

lack of diverse public datasets. The Indian Driving 

Dataset (IDD-Lite), capturing hours of driving in 

complex urban and highway environments across 

Indian cities, remains the sole resource available to 

researchers to date. 

     Figs. 5, 6, and 7 show the input images, 

ground truth images, and their respective 

segmented output image of the proposed fusion 

architecture.
 

   

(a) (b) (c) 
Fig. 5. Sample input images from the original IDD-Lite Dataset 

   
(a) (b) (c) 

Fig. 6. Ground truth images of respective sample input 

   
(a) (b) (c) 

Fig. 7. Segmented output of respective input images for the proposed model

Fig. 8 depicts values of performance metrics 

across 50 training epochs for each model tested. 

Accuracy measures total pixel-level accuracy in 

semantic segmentation predictions. The graphic 

allows you to evaluate convergence and stability as 

optimization progresses. Fig. 8a depicts each 

architecture’s Mean Intersection over Union (MIoU) 

throughout 50 epochs. In addition to accuracy, 

MIoU is an important performance metric for 

semantic segmentation since it quantifies the 

class-specific gap between predictions and the 

truth on a per-class basis. Evaluating model 

sensitivity over time offers information on proper 

semantic class discovery consistency. Fig. 8b 
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shows the models' per-epoch accuracy values 

throughout 50 epochs. Higher numbers imply a 

better capacity to detect the existence of a class 

accurately.  

Finally, Fig. 8c shows the per-class F1 

scores for each model during optimization. The F1 

measure takes into account both accuracy and 

recall. Following F1 over-training examines 

balanced progress in accurately forecasting pixels 

of a particular class while collecting every pixel of 

that class. At the same time, Fig. 8d represents 

sensitivity across epochs. These four graphs, when 

combined, provide for a complete assessment of 

many elements of segmentation performance 

throughout each model's iterative optimization 

process. 

Table 1 depicts the performance results for 

numerous current semantic segmentation models. 

Performance metrics such as Mean IoU, Accuracy, 

Specificity, Sensitivity, F1 Score, and Dice 

Coefficient are mentioned. 

The results of the performance evaluation for 

a proposed fusion design combining LinkNet and 

UNET models are presented in Table 1. The fusion 

model is perfect in terms of training data and a 

number of metrics. There is a significant alignment 

between the model's predictions and the actual 

segmentation, as indicated by the mean 

Intersection over Union (IoU), a measure of the 

overlap between the ground truth and anticipated 

masks, which is reported at 0.7636. The model can 

accurately classify pixel with an accuracy score of 

0.9039. In addition, the model's robustness and 

sensitivity values demonstrate that it can 

distinguish between actual positive and true 

negative situations. The F1 score, the harmonic 

mean of accuracy and recall at 0.9854, also 

highlights the balanced performance of fusion 

models in all classification elements. In addition, 

the Dice coefficient, measuring spatial overlap, is 

reported to be 0.8640, indicating a high level of 

agreement between segmentations that have been 

predicted and those based on factual evidence. As 

a matter of fact, these findings show that the fusion 

architecture can segment images with a high 

degree of precision, recall, and spatial agreement. 

Table 2 displays the results of benchmarking 

experiments, which evaluated the effectiveness of 

existing semantic segmentation approaches to the 

proposed novel model. The results show that the 

suggested model outperforms existing cutting-

edge techniques on important parameters such as 

mean IoU. This demonstrates the better 

segmentation capability provided by the new 

model. 

The performance of existing popular 

semantic segmentation methods is compared in 

Table 3. This allows for a quantitative evaluation of 

the benefits and disadvantages of each recognised 

approach. The comparative study overviews the 

current environment and semantic segmentation 

capabilities. 
 

  

(a) MioU values across epochs (b) Accuracy values across epochs 

Fig. 8. performance metrics of proposed model across epochs 
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(c) f1 score values across epochs (d) Sensitivity values across epochs 

Fig. 8. (continued) 

Table 1. Performance evaluation for the proposed fusion architecture 

Model Dataset Mean 

IoU 

Accuracy Specificity Sensitivity F1 

score 

Dice 

Coefficient 
Fusion of Linknet and 

Unet 

Training 0.7636 0.9039 0.9888 0.8869 0.9854 0.8640 

Table 2. Performance evaluation for the proposed fusion architecture 

Model Mean 

IoU 

Accuracy Sensitivity Specificit

y 

F1 Score 

E-Net 0.566 0.9321 0.8669 0.9395 0.7229 

SegNet 0.3076 0.8971 0.8896 0.8975 0.4705 

U-Net 0.6031 0.9203 0.8534 0.9500 0.7056 

Inception U-Net 0.622 0.958 0.728 0.975 0.740 

Proposed fusion model 0.6926 0.8457 0.8255 0.9804 0.9750 

Table 3. Comparison of the proposed model with the SOTA models based on MIOU 

Model Proposed 

model 

U-Net Inception U-

Net 

UNet-

ResNet18 

SegNet E-Net UNet-

ResNet34 
MIoU 0.6926 0.6031 0.622 0.5981 0.3076 0.566 0.6174 

 
Fig. 9. Comparative analysis based on MIoU v of the proposed model with SOTA models
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6. Discussion 

Road scene segmentation is the backbone of 

Intelligent Transportation Systems (ITS) and is 

critical for navigation safety and situational 

awareness of autonomous vehicles. In densely 

populated and high traffic areas, the ability of these 

systems to understand their environment and 

predict the movement of nearby vehicles is key to 

performance. To facilitate research and innovation 

in this space, many industry leaders—Waymo, 

LYFT, Argoverse etc.—have made public datasets. 

But these datasets are mostly collected from highly 

structured traffic scenarios in developed countries. 

Addressing a different set of challenges, the Indian 

Driving Dataset (IDD) was created to represent the 

unstructured and less regulated road conditions of 

countries like India where traffic patterns are 

unstructured and unpredictable. 

In this work, a custom hybrid segmentation 

model was built by combining U-Net and LinkNet 

architectures. The methodology involved 

combining the encoder and decoder outputs of 

both the networks into one framework. This dual 

fusion approach was designed to improve the 

segmentation accuracy by leveraging the strengths 

of both the models. Once the fusion model was 

built, it was compared with several well known 

semantic segmentation models. 

The proposed fusion model performed well 

with an accuracy of 0.9039 and mIoU of 0.7636 on 

the training dataset. The proposed model 

performed better than other models on multiple 

metrics when validated against E-Net, SegNet, U-

Net and Inception U-Net. Specifically, the 

validation mIoU was 0.6926 which is better than 

the other models which had mIoU of 0.566, 0.3076, 

0.6031 and 0.622 respectively. 

Beyond mIoU, the proposed model also led 

in specificity, precision, and F1 score. Precision 

scores for the other models ranged from 0.8975 to 

0.975, whereas the proposed model achieved 

0.9804. Similarly, in terms of F1 score, the baseline 

models scored between 0.4705 and 0.740, while 

the fusion model reached an impressive 0.9750. 

This notable performance boost is attributed to the 

novel fusion technique, combining the final 

convolutional layers of U-Net and LinkNet’s 

encoder and decoder paths, enhancing feature 

representation and learning depth. 

Performance metrics are detailed in Tables 

1–3, while Fig. 9 visually compares model 

effectiveness based on the mIoU values. 

One limitation of the fusion model of U-Net 

and Link-Net is its potential for increased 

computational complexity. While combining the 

strengths of both architectures can improve 

performance, the fusion may result in a model with 

a larger number of layers and parameters. This can 

increase the computational burden during training 

and inference, requiring more computational 

resources and time than using either U-Net or Link-

Net individually. Therefore, while the fusion 

approach offers the promise of enhanced 

performance, it comes with the trade-off of 

heightened computational demands. 

In the future, this can be improved by 

applying model optimization techniques to reduce 

the computation without sacrificing accuracy. Also, 

attention mechanisms or transformer modules can 

be added to improve segmentation quality 

especially in complex urban scenes. Domain 

adaptation techniques can also help to generalize 

the model across different driving environments. 

7. Conclusions 

Extensive research and assessment have 

shown that combining these models produces 

better outcomes than separate designs alone. The 

integrated model incorporates high-level context 

and fine-grained features, resulting in more robust 

and accurate scene interpretation in harsh driving 

conditions. Fusing the LinkNet encoder-decoder 

with UNet connections shows potential for precise 

semantic segmentation on the IDD Lite dataset. 

The fused model outperforms each architecture 

because the LinkNet model captures global 

context, and the UNet model correctly localizes 

classes. Our results show that overall accuracy 

outperforms the distinct LinkNet and UNet models 
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by 0.9039 each. Mean IoU improves by up to 

0.6926, showing that the fused model is more 

reliable at classifying separate items such as 

vehicles and traffic signs. The fused decoder aids 

the model's generalization to new test data, as 

evidenced by higher validation metrics. These 

improvements can have practical applications in 

real-time driver assistance systems, especially in 

regions with unstructured traffic conditions. The 

model can also be used to enhance road 

infrastructure monitoring, helping urban planners 

identify traffic bottlenecks and areas needing 

safety interventions. There is room to improve 

these outcomes by including more data and 

attempting different fusion combinations. However, 

the work clearly shows the promise of blended 

decoder modules for better segmentation, with 

direct application to visual scene interpretation for 

autonomous car navigation. 
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