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Abstract

Semantic Bird Eye View (BEV) map prediction is a widely utilized environmental

perception technique in autonomous driving, converting forward­facing images

captured by on­board cameras into top­down two­dimensional images. The se­

mantic BEV map not only encompasses spatial positional information of the driv­

ing scene but also includes semantic information of different objects within the

scene. This top­down representation facilitates the fusion of multiple sensor data,

eliminates perspective distortions caused by camera imaging process, and intu­

itively conveys the spatial relationships between the autonomous vehicle and sur­

rounding obstacles. This provides a solid perceptual foundation for downstream

tasks in autonomous driving. Additionally, the embedded semantic information

aids autonomous vehicles in achieving a high­level understanding of their environ­

ment. Due to its numerous advantages, semantic BEVmap prediction has become

a primary research focus in environmental perception.

The prevailing approach for generating semantic BEV map relies on deep

learning models. This method is fundamentally data­driven, with its performance

significantly influenced by the quality of the training datasets. However, generat­

ing semantic BEV map involves view transformation, making it difficult to label

corresponding semantic BEV labels. Manual annotation can introduce significant
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errors, leading to insufficient labeled samples and decreased label quality. The

issue related to training samples present significant challenges for the prediction

of semantic BEV map. Additionally, the limited field of view (FOV) of cameras

constrains the expression of environmental information in semantic BEV map.

This dissertation focuses on the prediction of semantic BEV map, exploring semi­

supervised learning methods to ensure segmentation accuracy while reducing the

dependency on labeled samples during training. To tackle the limitation in infor­

mation expression, the dissertation explores sequential image fusion algorithms,

using historical observations to enhance the information expression capability of

semantic BEV map. The main research contributions are as follows:

To reduce the dependence of the semantic BEV map prediction network on

labeled samples, this dissertation proposes a semi­supervised semantic BEV map

prediction network based on contrastive learning. This network innovatively inte­

grates view transformation with contrastive learning, avoiding the usage of com­

plex data augmentation in traditional contrastive learning networks. The proposed

network is capable of end­to­end training with both labeled and unlabeled samples,

resulting in accurate and stable semantic BEV map.

To address the issue of limited environmental observation due to the restricted

FOV of cameras, this dissertation proposes a full­view semantic BEVmap predic­

tion network based on equidistant sequence fusion. This network utilizes equidis­

tant image sequences to expand the observation range of the environment. The

proposed network is capable of generating accurate and clear semantic BEV map

in full view with an explainable view transformation module.

To provide autonomous driving systems with perception of future scenes, this

dissertation proposes a short­term future semantic BEV map prediction network
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based on long short­term memory (LSTM). By predicting future scenes, this net­

work enhances the perception system’s ability to provide early warnings for au­

tonomous vehicles, enabling timely reactions to the changes in driving environ­

ment.
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Chapter 1

Introduction

1.1 Background and Motivation

Autonomous driving is a cutting­edge technology that relies on advancements in

computer science and artificial intelligence. The principal aim of this technol­

ogy is to facilitate vehicles in autonomously executing safe driving operations and

achieving destination without human manipulation. Effective deployment of au­

tonomous driving systems is anticipated to enhance traffic safety, improve road

efficiency, and optimize the utilization of road resources in an environmentally

sustainable manner. Additionally, this technology is poised to create new oppor­

tunities for societal advancement.

However, owing to the considerable complexity and inherent risks of driving

environments, the progression of autonomous driving technology is exhibiting a

deceleration. Currently, the advancement of autonomous driving still necessitates

further developments in automation, informatization, and intelligence. There are

two different manners to achieve the complete autonomous driving, including the

1



2 CHAPTER 1. INTRODUCTION

end­to­end framework and the modular structure. As shown in fig. 1.1, the former

employs the black­box feature of the deep learning technology, directly producing

the control signal towards the vehicle according to the sensor inputs. The latter

decomposes the autonomous driving task into three primary functional modules:

environmental perception, decision­making and planning, and control execution.

The environmental perception module utilizes driving scenario information col­

lected by sensors (such as camera, LiDAR, etc) to accurately perceive the environ­

ment and fully understand objects, events, and states in the environment through

various computer vision technologies such as detection, segmentation, and local­

izaiton. As the forefront task within the autonomous driving framework, the pre­

cise sensing capabilities of the environmental perception module are essential for

ensuring the safety and reliability of subsequent tasks in autonomous driving.

控制系统

Autonomous Driving System

Perception

• Observing 

environment

• Detect the vehicle 

status

Decision-making

• Behavior prediction

• Trajectory planning

Control

• Path tracking

• Chassis Control 

Figure 1.1: The modular structure of autonomous driving

To achieve the accurate environmental perception ability, autonomous vehi­

cles are equipped with an increasing variety of sensors. LiDAR and camera are

two commonly used sensors in the environmental perception module. LiDAR ex­

cels in collecting distance information, whereas cameras are able to capture color

and texture details of the surrounding environment. Those two complement each

other, enhancing the overall ability to perceive environmental information. How­
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ever, LiDAR and cameras convey environmental data through point clouds and

images, respectively. The different data formats complicate the autonomous driv­

ing system’s environmental understanding. Consequently, developing a unified

representation that integrates the diverse data forms from multiple sensors holds

significant research importance.

Front

Back

Lift Right

Front View Bird Eye View

Simulation Environment Real Scenes

(a)

(b)

(c)

Figure 1.2: The advantages of semantic BEV map

The semantic bird­eye­view (BEV) map represents environmental information

by categorizing it into specific semantic groups and illustrating their spatial dis­

tribution from a top­down perspective. One merit of semantic BEV map lies in

its ability to express the information captured by variety sensors. Point clouds

can be transformed into the bird­eye view through downwards projection, while

the extensive details provided by images facilitate semantic extraction. Further­

more, compared to other environmental representations, the semantic BEV offers

additional advantages. Fig. 1.2 summarizes those advantages: (1) The seman­

tic BEV map can function as a medium for conveying environmental information
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from various perspectives. To acquire comprehensive information surrounding the

autonomous vehicle, multiple sensors of the same type are mounted around the ve­

hicle’s body. For instance, multiple cameras are positioned at different angles to

achieve 360° field­of­view coverage. As illustrated in Fig. 1.2 (a), environmental

information from diverse perspectives can be concatenated and integrated into a

BEV map. (2) Semantic BEV map can mitigate scale and occlusion issues aris­

ing from imaging perspective principles. In real­world scenarios, the objects of

identical size appear differently in images depending on their distance from the

camera. The red boxes in Fig 1.2 (b) illustrate the varying sizes of vehicles in the

front view, whereas the BEV map unifies their display size. Additionally, objects

closer to the camera may obscure those farther away, resulting in information loss.

The BEV map can also eliminate the occlusion. (3) The semantic bird’s­eye view

(BEV) map facilitates the execution of downstream tasks within the autonomous

driving system. Accurate perception of the surrounding environment is essential

for behavior prediction [1–3] and trajectory planning [4–6]. As illustrated by the

green line in Fig 1.2 (b), the BEV map intuitively represents the distance and an­

gle relationships between the ego­vehicle and other road objects. This provides

a robust perceptual foundation for interactions between the ego­vehicle and the

driving environment during autonomous driving. (4) The semantic BEV map can

mitigate the discrepancies between real­world and simulation environments. Due

to the complexity and high­risk of real­world driving, autonomous driving sys­

tems in the experimental stage often utilize simulators such as CARLA [7] for

training and testing. However, as depicted in 1.2 (c), simulation environments

lack the texture details and lightness variations present in real driving scenes. The

semantic BEV map abstracts driving scenes into semantic representations, reduc­
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ing the visual disparity between real and simulated environments, thereby making

the training of autonomous driving more realistic.

Transforming the image from the front view into the bird­eye view involves

computer vision tasks such as visual geometry transformation and semantic seg­

mentation. Compared to LiDAR input, generating semantic BEV map from im­

ages poses greater challenges in research. Additionally, cameras are characterized

by their low cost, minimal impact from weather, and easy for installation. Con­

sequently, the primary focus of this dissertation is to develop an algorithm for

generating semantic BEV map using monocular images as input.

1.2 Existing Research Questions

With the rapid advancement of deep learning techniques, semantic BEV map gen­

erating methodsare continually being developed. However, current approaches

mainly concentrate on designing network architecture and enhancing performance,

which are often tested under ideal experimental conditions. These methods over­

look the challenges present in real­world environments, such as the issues related

to learning samples and information representation. The former refers to insuffi­

cient training data and the latter is about the limitations of camera’s field­of­view

(FoV) and the constrained warning capability of single­frame images. The short­

comings and the areas worthy of further research in semantic BEVmap prediction

are summarized as follows:

(1) The perspective transformation involved in the semantic BEV map predic­

tion poses challenges for labelling the semantic BEV ground truth, resulting in

a scarcity of labeled samples in the training dataset. Typically, semantic ground



6 CHAPTER 1. INTRODUCTION

truth is created by assigning each pixel a semantic class based on the content of

the RGB image, ensuring pixel­level alignment between the RGB image and its

ground truth. However, for the semantic BEV map prediction task, the input and

output are the front­view image and the BEV semantic map, respectively, which

originate from different perspectives. The conversion between the front view and

bird’s­eye view disrupts the pixel correspondence between the input and output.

As a result, considerable labor is required to estimate the positions of the variety

road objects due to the view transformation during labelling. This estimation pro­

cess introduces inaccuracies and errors, resulting in noisy semantic BEV ground

truth. Those factors contribute to a scarcity of labeled samples and unsatisfactory

quality in the training dataset. Existing reseach on semantic BEV map relies on

fully supervised training methods, which depend on the quantity and quality of la­

beled samples. Therefore, exploring how to effectively use limited semantic BEV

labels to train the network and generate reliable semantic BEV maps is a highly

worthwhile research direction.

(2) The FoV of on­board cameras is generally restricted, spanning from 30° to

100°. As a result, when images captured by a single camera are converted to the

bird’s­eye view, effective visual information is concentrated in the conical area,

while a significant portion of pixels outside this region remains uninformative.

Additionally, due to the restricted FoV of camera, it is sometimes impossible to

capture the road information on the left and right sides of the autonomous vehicle,

leading to information loss and increased driving risk. Therefore, it is crucial to

enhance the environmental information captured by the camera through advanced

algorithms and design appropriate networks to obtain a full view semantic BEV

map, ensuring safe driving.
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(3) Current semantic BEV map prediction methods only depict the environ­

mental content of the current frame, lacking the ability to predict future road con­

ditions or obstacle positions. This limitation impairs the environmental warning

capabilities for autonomous driving and hinders the detection of potential road

hazards. In contrast, human drivers, due to the continuity of road scenes, can infer

upcoming events and respond promptly by analyzing multiple consecutive frames.

Hence, investigating the design of a semantic BEV map prediction network capa­

ble of predicting future scenarios holds significant research value.

1.3 Mean Contributions and Chapter Organization

This dissertation concentrates on the task of environment perception in autonomous

driving, employing deep learning methods to investigate the prediction of seman­

tic BEV map, and exploring various network structures to address problems en­

countered in real­world scenarios. The structure diagram of the dissertation is

illustrated in Fig. 1.3. Chapter 1 provides an introduction. Chapters 2 reviews the

previous research invovled in semantic BEV map prediction. Chapters 3 mainly

addresses the issue related to learning samples. Chapters 4 and 5 aim to compen­

sate for the deficiencies in information representation within semantic BEV maps.

The specific organization of the chapters is as follows:

The primary obstacle in addressing sample­related challenges is the scarcity of

labeled training samples. To mitigate this problem, Chapter 3 introduces a semi­

supervised semantic BEV map prediction model based on contrastive learning.

The objective is to explore methods to diminish the reliance of semantic BEV

map prediction networks on labeled samples while maintaining the accuracy of



8 CHAPTER 1. INTRODUCTION
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Figure 1.3: The organization of chapters

the generated semantic BEV map. To this end, Semi­supervised Semantic BEV

Grid map Generation network (S2G2) is proposed. The proposed network utilizes

a dual attentionmodule to complete the perspective transformation from front view

to bird’s­eye view, and cooperates with a contrastive learning based dual branch

semantic generator to enable the network to be trained under the joint supervision

of labeled and unlabeled samples. The experimental findings indicate that the

proposed dual attention module effectively facilitates view transformation. Ad­

ditionally, the dual branch semantic generator decreases the necessity for labeled

samples during training. The S2G2 network employs its inherent architecture,

instead of relying on complex data augmentation techniques, to accomplish semi­
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supervised learning.

Another type of problem discussed in this dissertation is the insufficient ability

to express semantic BEV information. One reason for this problem is the limited

FoV of the on­board camera, which results in restricted observation of environ­

ment and wasted space for semantic expression. To address this problem, Chap­

ter 4 introduces a full­view semantic BEV map prediction network based on the

self­adapted sequence fusion, namely Seq­BEV. The network introduces a novel

approach by utilizing equidistant sequence images as input, enhancing the envi­

ronmental information obtained from a single frame through a self­adaptive se­

quence fusion module. This module adjusts the degree of sequence fusion during

the training process, resulting in the prediction of a full view semantic BEV map.

Additionally, a road­aware view transformation module is developed, adhering

to the principles of visual geometry to perform interpretable view transformation.

Experimental results validate the effectiveness of the proposed method, demon­

strating that Seq­BEV conveys semantic information more comprehensively and

achieves more accurate semantic BEV segmentation compared to existing meth­

ods.

In order to further expand the information expression ability of semantic BEV

map, Chapter 5 proposes a short­term forecasting network to generate seman­

tic BEV map for the future scene based on Long Short Term Memory (LSTM).

Existing semantic BEV map prediction networks take current environmental ob­

servations as input to generate corresponding BEV map. The current frame has

limited warning ability for autonomous vehicles during driving. Deep learning

models have powerful predictive reasoning abilities and can reasonably predict

future scene changes based on historical observations. This chapter proposes a
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short­term forecasting network that can generate a semantic BEV map of future

scenes. The network extracts contextual and depth features from historical frames

and then uses a future semantic prediction module based on LSTM to infer the

semantic features of future scenes. To demonstrate the effectiveness of the pro­

posed method, we established a set of baseline methods based on existing methods

and compared them with our future forecasting network. The experimental results

show that our proposed future forecasting network can effectively predict the se­

mantic BEV map for unobserved road scenes, and the segmentation accuracy is

higher than other methods.



Chapter 2

Literature Review

In this chapter, the previous work related to the semantic BEV map prediction

is reviewed. The prediction of a semantic BEV map primarily involves two key

issues: semantic prediction and view transformation. Typically, semantic seg­

mentation tasks predict the semantic category of each pixel based on the content

of front view images. Although the research objective of this dissertation is to

generate semantic maps from the front view to the bird­eye view, the prediction

of semantic BEV map still falls under the task of semantic segmentation. View

transformation is a prominent research topic in the field of autonomous driving.

In tasks related to vehicle­road semantic segmentation, object detection, and lane

line detection, view transformation has been extensively explored. This disser­

tation categorizes the perception tasks in autonomous driving that involve view

transformation as BEV perception research. The subsequent sections will review

the predominant algorithms for semantic segmentation and BEV perception.

11
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2.1 Related Work in Semantic Segmentation

Image segmentation, as a prerequisite task for image understanding and analysis,

is an important part of the field of computer vision. Image segmentation can divide

an image into a set of non overlapping regions based on its feature similarity, and

assign different semantic categories to these regions. The collection of all seman­

tic regions forms the entire image [8]. The research on image segmentation has a

long history. Even before deep learning technology was applied to the field of im­

ages, researchers used edge detection [9, 10], Random walk [11–14], Traditional

computer vision methods such as clustering [15–18] are used to segment images.

At this stage, image segmentation techniques typically follow manually set seg­

mentation rules, utilizing visual features such as grayscale, color, texture, or shape

to divide the image into regions. However, practical application scenarios often

have a high degree of complexity. The segmentation rules preset in traditional

methods cannot make real­time changes and adjustments according to different

situations, lack flexibility, and are difficult to deal with fine features in images,

resulting in unsatisfactory segmentation results. The emergence of deep learning

techniques [19–21] has made it possible to automatically explore deep features

in images. Image segmentation instead utilizes abstract high­level semantic in­

formation in the image to partition regions, achieving more accurate and efficient

segmentation while having stronger generalization ability. The development of

deep learning has brought research on image segmentation into the stage based on

neural network models.

Fully Convolutional Neural Network (FCN) [22] has pioneered the application

of deep learningmethods in the field of image semantic segmentation. The purpose
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of semantic segmentation task is to convert a image into a multi region semantic

mask. The input and output of this task are both images, and maintaining the spa­

tial structure of the image is of great significance for understanding the contextual

features of the image. Compared to previous convolutional neural network mod­

els, FCN abandons the Fully Connected Layer in the classification network [20,

23, 24] and adopts a fully convolutional structure for dense semantic classification

for the first time, ensuring the integrity of the image space structure while breaking

the limitation of using fixed size images as input. In addition, when upsampling

image features, FCN uses multiple deconvolution layers instead of simple interpo­

lation operations, achieving image size restoration through learning. Since then,

semantic segmentation methods based on deep learning have rapidly developed

on the basis of FCN, and their development direction is generally moving towards

innovative convolutional neural network model structures, combining with other

deep learning methods, and exploring new segmentation loss functions.

2.1.1 Application of Convolutional Neural Networks in

Semantic Segmentation

Although FCN pioneered the use of fully convolutional operations in the field of

semantic segmentation, the image resolution continuously decreases during the

downsampling process, leading to blurred segmentation results. Subsequent re­

searchers proposed the Encoder­Decoder structure, [25], where an encoder ex­

tracts high­level abstract features from the image while reducing its resolution, and

a symmetrical decoder network restores the low­resolution image features into a

semantic distribution map of the same size as the original image. Building on the
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Encoder­Decoder structure, Badrinarayanan et al. [26] proposed SegNet and for

the first time attempted to establish a connection between the encoder and decoder.

The innovation lies in preserving the pooling indices from the max­pooling opera­

tions during feature encoding and using these indices in the corresponding decoder

to recover feature positions. U­Net [27] further strengthened the information con­

nection between the encoder and decoder. Inspired by the residual network [28],

U­Net introduced skip connections between the encoder and decoder. This con­

nection structure passes image features obtained after a corresponding number of

encoder layers to the decoder, allowing the fusion of high­level abstract feature

maps with shallow high­resolution features, thus facilitating information interac­

tion during the upsampling and downsampling processes. Subsequently, similar

skip connection structures were widely adopted in the semantic segmentation field.

Milletari et al. [29] proposed V­Net for segmenting 3D medical images. Jégou et

al. [30] added skip connections to DenseNet [31] to segment images with a deeper

network structure. Networks such as G­FRNet [32], U­Net++ [33], and U­Net3+

[34] modified the skip connection structure to improve the combination of shallow

features in the encoder and deep features in the decoder.

Skip connections can be viewed as an innovative way to establish links be­

tween the encoder and decoder. Beyond this, improvements to the structure of

either the encoder or decoder have also become a focal point in the research of

neural network­based semantic segmentation methods. Encoders and decoders

are composed of multiple stacked convolutional and pooling layers, utilizing this

abstract structure to learn complex mapping relationships. Some works [35–39]

leverage this characteristic, focusing on modifying the hierarchical structure of

the network to achieve better segmentation results. Liu et al. [40], through ob­
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servation and analysis of the FCN architecture and its segmentation performance,

discovered that contextual information is crucial for comprehensively understand­

ing semantic segmentation scenes. They proposed using global average pooling to

provide global contextual priors for semantic segmentation. However, in complex

scenarios, global average pooling tends to overlook detailed information and spa­

tial correlations in the image, merging small areas of different objects into a single

vector and causing blurred semantic segmentation. To enable the model to better

capture multi­scale contextual information, Zhao et al. [41] designed the Spatial

Pyramid Pooling module in the proposed PSPNet model. This module uses pool­

ing kernels of different sizes to capture image features at various scales, aggregat­

ing contextual information from different regions to obtain both global and local

priors. Similarly, Chen et al. [42–44], in their DeepLab series of networks, ex­

panded the application of atrous convolution [45] by using different dilation rates

to obtain receptive fields of varying sizes, thereby extracting features at different

scales from the same feature map. The DeepLab V3+ network [44], also proposed

by Chen et al., integrates features from different levels, significantly improving

segmentation results. Lin et al. [46] applied the multi­scale concept to the input

of the network, using images of different resolutions as inputs to obtain features

at various scales.

2.1.2 Application of Other Neural Networks in Semantic

Segmentation

With the development of deep learning, it has also been applied to a wider range

of fields, and more and more network structures have emerged, such as Recur­
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rent Neural Network (RNN) [47, 48], the self attention model (Transformer) [49–

53] and the generation based model [54–57]. These models are gradually being

applied to computer vision tasks, providing new ideas for the study of semantic

segmentation. Among them, RNN is designed to handle sequence problems and is

often used for medical image segmentation in visual tasks. ReSeg [58] attempts to

use RNN to compensate for the FCN model’s neglect of contextual information.

Bai et al. [59] utilized the correlation ability of RNN for image sequences and

integrated spatial and temporal information on the basis of FCN. The Long Short

Term Memory (LSTM) [60, 61], as an improved version of RNN, introduces dif­

ferent gating signals when processing sequence information, selectively preserves

sequence features, and achieves good results in processing sequence data. Subse­

quently, a large number of LSTM based methods [62–64] were used for medical

image segmentation.

Unlike convolutional neural networks (CNNs) and recurrent neural networks

(RNNs), the Transformer architecture is entirely composed of attention mecha­

nisms. Transformers use this mechanism to focus on the intrinsic correlations of

features, enabling the network to automatically identify meaningful parts of the

data through training [65]. Zheng et al. [66] proposed the SETR network, extend­

ing the Vision Transformer (ViT) [67] concept to semantic segmentation. SETR

abandons convolutional layers, with its architecture consisting entirely of attention

modules, abstracting the semantic segmentation task into a sequence­to­sequence

transformation process. Wang et al. [68] integrated the Transformer into a pyramid

structure, enabling the Transformer to output image features at various resolutions.

However, unlike tasks such as natural language processing, visual tasks use im­

ages as inputs, leading to a substantial number of network parameters. This results
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in increased computational costs for Transformers in visual tasks. Semantic seg­

mentation requires the network to output segmentation maps that match the input

image size, further increasing computational demands. To address this issue, Chen

et al. [69] proposed a hybrid convolutional­attention model, TransUNet. This net­

work combines the strengths of UNet [27] and Transformers, using features from

convolutional encoding layers as inputs to the Transformer. This approach lever­

ages the Transformer’s capability to model global context while preserving low­

level visual features through convolution operations. Xie et al. [70] simplified

the Transformer structure in SegFormer, introducing a Transformer network that

does not rely on positional encoding and utilizes a lightweight encoder. The Swin

Transformer [71] and Twins [72] focus on the design of the Transformer encoder.

In the field of artificial intelligence, generative models [73] and discriminative

models [74] differ fundamentally in principle but hold equal research value. The

aforementioned convolutional and other feedforward neural networks fall under

the category of discriminative models. These models learn from the feature space

of training data, modeling the decision boundaries between classes to achieve clas­

sification. In contrast, generative models focus on understanding and capturing

the underlying patterns and distribution of the training data, enabling them to gen­

erate new data with similar characteristics to the original data. Luc et al. [75]

successfully introduced adversarial generative models into the semantic segmen­

tation domain. The authors designed a convolution­based semantic segmentation

network and an adversarial network, where the adversarial network’s role is to

distinguish whether the semantic map is from ground truth data or the prediction

of the semantic segmentation network. The adversarial and semantic segmenta­

tion networks compete against each other, ultimately training a well­performing
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semantic segmentation network. Subsequently, other works [76–78] have lever­

aged adversarial generative approaches to successfully accomplish medical im­

age segmentation tasks. Zhang et al. [79] proposed an end­to­end framework,

VerseDiff­UNet, integrating denoising diffusion probabilistic mechanisms into the

commonly used U­shaped structure in semantic segmentation, enhancing segmen­

tation accuracy. EMIT­DIFF [80] incorporates text describing image content into

the diffusion probabilistic model, using textual descriptions as conditional prompts

to guide the segmentation process. Khani et al. [81] utilized Stable Diffusion [57]

to construct a one­shot learning framework, SLiME, training with a small number

of samples to achieve image segmentation capability.

2.2 Related Work in BEV Perception

Stable and safe autonomous driving relies on the accurate perception of the sur­

rounding environment by autonomous vehicles. The surrounding environment in­

cludes static elements such as road layouts and dynamic elements such as other

vehicles and pedestrians. This environmental information can be conveniently

represented using bird’s­eye view maps, which also facilitate the deployment of

downstream tasks in autonomous driving, such as behavior prediction [2, 3] and

trajectory planning [4, 5]. The outstanding performance of bird’s­eye views in au­

tonomous driving tasks has attracted increasing attention from researchers in the

perception field. The images captured by cameras are two­dimensional frontal­

view images in a perspective space. Mapping environmental information from the

perspective space to the bird’s­eye view has become a critical research issue. In­

verse Perspective Mapping (IPM) projects frontal­view images onto the bird’s­eye
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plane through the homography matrix between the camera plane and the ground

plane. However, the IPM method relies on strong assumptions, including the

ground plane assumption and fixed camera extrinsics [82]. These conditions are

difficult to meet in the real world, leading to significant distortions in the bird’s­eye

views obtained using the IPMmethod. Accurately mapping frontal­view informa­

tion to the bird’s­eye view requires knowing the depth information of each pixel

in the frontal­view image, but the lack of depth information in monocular images

poses challenges for image­based bird’s­eye perception research. In recent years,

various solutions have been proposed to address this issue in image­based bird’s­

eye perception methods. These methods can be broadly classified into end­to­end

learning methods, Transformer­based methods, and depth estimation­based meth­

ods.

2.2.1 End­to­End Learning Methods

End­to­end learning methods implicitly address the viewpoint transformation is­

sue in bird’s­eye perception. These methods leverage the black­box nature of

neural networks to train the network directly in an end­to­end manner, model­

ing the transformation process from perspective space to bird’s­eye space in a

data­driven way. The VED method proposed by Lu et al. [83] marked the be­

ginning of end­to­end learning approaches. This network uses a variational au­

toencoder [55] to directly transform frontal color images into semantic bird’s­eye

views. The VED network significantly outperforms the IPM method in generat­

ing semantic bird’s­eye views and is robust to changes in viewpoint directions.

Cam2BEV [84] uses the semantic segmentation map of frontal­view images as in­
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put. It employs a spatial transformer network [85] to simulate the IPM projection

operation and uses a convolutional neural network to correct the transformed fea­

ture map, eliminating object distortion caused by the planar assumption. However,

this method, which first predicts the semantic segmentation of the frontal­view im­

age and then converts it to the bird’s­eye view, tends to accumulate intermediate

process errors. Therefore, subsequent bird’s­eye perception methods mostly adopt

end­to­end learning approaches, using frontal­view images as input and directly

outputting semantic bird’s­eye views. Pan et al. [86] proposed the VPN network,

which simultaneously learns feature information from both depth maps and color

images, combining these features to complete the viewpoint transformation. The

VPN network also utilizes adversarial learning, employing a discriminator to dis­

tinguish between the outputs of the semantic bird’s­eye view prediction network

and the ground truth labels, thereby encouraging the network’s output to resem­

ble the real labels. MonoLayout [87] employs adversarial learning and uses two

branches to predict static and dynamic categories separately. Discriminators are

then added after the static and dynamic category segmentation heads to improve

the network’s ability to segment static and dynamic objects. Roddick et al. [88]

proposed the PON network, which projects multi­scale features extracted from

different network levels onto the bird’s­eye plane. This network also adopts a

semantic Bayesian occupancy grid framework, achieving the fusion of semantic

information from multiple cameras and multiple time steps. Yang et al. [89] con­

structed a cyclic viewpoint transformation module, where two networks respec­

tively transform frontal­view feature maps to the bird’s­eye view and reconstruct

the bird’s­eye feature maps back to the frontal­view. This network is trained by

minimizing the cyclic consistency loss between the original frontal­view features
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and the reconstructed frontal­view features, ultimately decoding the bird’s­eye fea­

ture maps to obtain semantic bird’s­eye views.

2.2.2 Transformer­based Methods

Typically, Transformer structures [67] consist of self­attention modules and cross­

attention modules, both of which are built upon three learned matrices: Query (Q),

Key (K), and Value (V). The self­attention module learns these matrices layer by

layer in the original feature domain for feature extraction and enhancement, while

the cross­attention module uses the K and V matrices learned from the original

feature domain and separately learns the Q matrix from the target domain to ex­

tract attention between different domains. In the context of bird’s­eye perception,

Transformer models typically use a combination of convolutional neural networks

and self­attention to extract features from frontal­view images, and then employ

cross­attention to generate bird’s­eye view features. During the bird’s­eye feature

generation process, many Transformer­based bird’s­eye perception methods draw

inspiration from the object query approach in the cross­attention module of the

DETR network [90]. This involves using the K and V matrices output by the self­

attention module, while treating the Qmatrix as a blank target feature template that

is iteratively filled with bird’s­eye view features during training. Chitta et al. [91]

enhance the template filling process by incorporating temporal features along with

spatial and semantic features of the bird’s­eye view, predicting the corresponding

semantic information from the frontal­view image content. Can et al. [92] pro­

posed a Transformer­based road centerline regression network that extracts road

network structures and detects vehicles in the bird’s­eye view. This network itera­
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tively learns static road structure features and dynamic vehicle features, using dif­

ferent segmentation and regression heads to predict vehicle semantics and extract

road centerlines in the bird’s­eye view. DETR3D [93] extends DETR by using ob­

ject queries to establish connections between original 2D image features and 3D

object detection tasks, directly identifying the center points of 3D bounding boxes

and projecting them onto 2D feature maps using camera intrinsic and extrinsic ma­

trices. Similarly, the CVT network by Zhou et al. [94] uses object queries to fill

in semantic bird’s­eye views, implicitly completing the viewpoint transformation.

Liu et al. [95] proposed the PETR network, which refines DETR3D by using 3D

position encoding to replace the original 3D­to­2D projection, addressing issues

of coordinate errors and limited feature representation range. PETRv2 [96] fur­

ther improves the 3D position encoder tomodel time series, leveraging information

from previous frames to enhance 3D object detection performance. Saha et al. [97]

noted the one­to­one correspondence between vertical pixel columns in frontal­

view images and rays through the center in bird’s­eye views, transforming the

bird’s­eye semantic prediction problem into a sequence­to­sequence transforma­

tion. By leveraging the Transformer’s strengths in sequence processing, they used

convolution to capture features around image columns, achieving good perfor­

mance in semantic bird’s­eye view prediction. BEVFormer [98] introduced spatial

cross­attention and temporal self­attention modules, integrating multi­camera and

multi­time­step image information. This network also utilized Deformable DETR

[53] to accelerate the attention extraction process. Subsequently, Yang et al. [99]

proposed BEVFormer v2, adding a frontal­view 3D detection head as auxiliary

supervision in bird’s­eye view detection tasks. The PersFormer network [100]

applied Transformer principles for lane detection in bird’s­eye views, initializing
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bird’s­eye features using a homography matrix derived from the IPM algorithm

and optimizing features with a Transformer structure. Peng et al. [101] employed

multi­scale self­attention modules and object query­based cross­attention modules

to segment roads and predict vehicle positions within them.

2.2.3 Depth Estimation­based Methods

The prediction of semantic bird’s­eye views involves viewpoint transformation. If

the depth of each pixel in the image could be obtained, the distance between the ob­

served objects and the camera could be accurately determined, resulting in precise

bird’s­eye information. However, most cameras used in autonomous driving are

monocular and cannot inherently capture depth information. Consequently, some

bird’s­eye perception research focuses on explicit depth prediction to enhance per­

ception accuracy. Lift­Splat­Shoot (LSS) [102] was the first work to integrate

depth estimation into bird’s­eye perception. This method pre­sets a set of depth

values for each pixel and, through network training, learns the depth distribution

probability for each pixel. Combined with image features, it projects the semantic

bird’s­eye view downward. The CaDDN network [103] utilizes the depth estima­

tion concept from LSS to accomplish 3D object detection tasks. BEVDet [104]

also employs a similar method for 3D object detection. However, since the LSS

method requires predicting the depth distribution for each pixel, it consumes a sig­

nificant amount of memory. To manage memory usage,M2BEV [105] designed

a weight­sharing feature encoder while assuming a uniform depth distribution for

each pixel in the image. Unlike the LSS method, this network does not predict the

depth distribution, thereby reducing the parameters the network needs to learn,
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improving computational efficiency, and saving memory usage. Liu et al. [106]

proposed BEVFusion, which uses both image and point cloud data as inputs to

extract semantic features from images and geometric features from point clouds.

In the image branch of the network, BEVFusion also adopts the LSS approach,

assigning a set of depth values to each pixel in the image to lift the 2D image to

3D. During the projection of 3D features to the bird’s­eye view, Liu et al. intro­

duced an efficient bird’s­eye pooling operation to optimize the grid association and

feature aggregation in LSS, enhancing computational efficiency. MatrixVT [107]

addressed the high computational cost of the Lift and Splat operations in the LSS

method by proposing the concept of element extraction. This approach allows the

network to focus on the main content of image features and corresponding depths,

reducing the dimensions of image features and depth distributions and lightening

the bird’s­eye perception network.

Unlike the LSS method, other depth estimation­based approaches integrate

existing monocular depth estimation networks to explicitly predict image depth,

thereby enhancing the reliability of depth prediction and improving bird’s­eye

perception performance. BEVDepth [108] designed a depth network that takes

frontal­view image features and camera intrinsics as input to predict the depth dis­

tribution of the scene. This network uses point cloud data to supervise depth pre­

diction and subsequently feeds the depth features into a depth correction module

constructed with convolutional layers, further enhancing the reliability of depth

prediction.BEVStereo [109] builds upon BEVDepth by altering the depth predic­

tion method. This approach estimates the stereo vision of the scene using the

disparity between consecutive image frames.



Chapter 3

Semi­Supervised Semantic BEV

Map Prediction

3.1 Motivation

Data representation for semantic environment perception is critical in autonomous

driving. In recent years, semantic bird­eye­view (BEV) grid maps have attracted

increasing attention in the robotics research community. Compared to the com­

mon data representation (i.e., front­view semantic segmentation images), semantic

BEV grid maps are more straightforward to use. In semantic BEV maps, geomet­

ric relationships between ego­vehicle and obstacles are explicitly illustrated in a

natural view. This advantage makes them more suitable for downstream tasks,

such as motion planning [110–112], trajectory prediction, etc. Moreover, many

networks of these downstream tasks are trained with visual images in simulation

environments (e.g., CARLA). They suffer from the domain gap issue when trans­

ferred to real­world environments, since simulation environments lack real texture

25
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details compared to real­world environments. Using semantic BEV grid maps in­

stead of visual images could alleviate this issue, because semantic maps almost

have the same style in both simulation and real­world environments.

Different from semantic segmentation algorithms that label front­view camera

images pixel­wisely into front­view semantic maps, our task is more like a predic­

tion process which generates semantic BEVmaps from front­view camera images.

To achieve this goal, some works [113, 114] first generate standard front­view se­

mantic maps from front­view camera images, and then project the segmentation

maps into the bird eye view using view transforming algorithms, such as the in­

verse perspective mapping (IPM) algorithm. However, the IPM algorithm suffers

from the flat ground assumption [82], and the pipeline accumulates errors through

the two steps. The issues make this stream of methods less generalizable. To ad­

dress these issues, recent methods [83, 86, 89] resort to generating semantic BEV

maps in an end­to­end manner, which could avoid using the IPM algorithm and

alleviate the error propagation issue. However, most of the existing end­to­end

methods adopt supervised learning to train their networks, which requires a large

amount of ground­truth images to achieve acceptable results. The datasets with

hand­labeled ground truth for semantic BEV grid maps are limited. In addition,

manually labeling images is tedious and labor­intensive, and manually drawing

semantic BEV maps according to the front­view camera images is difficult for

humans.

To provide a solution to this problem, we propose a novel Semi­Supervised

semantic BEV Grid­map Generation (S2G2) network, which requires only a small

amount of labeled data and a large amount of unlabeled data to achieve superior

performance. Our network is end­to­end. It consists of two major components:
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view transformation from front­view to bird eye view, and semantic labeling on

the bird eye view.

To the best of our knowledge, our network S2G2 is the first solution to gen­

erate semantic BEV maps in a semi­supervised manner. We implement multiple

baselines to perform extensive comparative studies on a public dataset [83]. The

results demonstrate our superiority. The contributions of this work are summa­

rized as follows:

1. We propose S2G2, a novel semi­supervised semantic BEV prediction net­

work that can be trained with unlabeled data.

2. We introduce a new dual­attention view transformation module to transform

the front­view input into the bird­eye­view feature maps.

3. We create several semi­supervised baseline methods and compare our net­

work with the baselines and the state­of­the­art supervised methods.

3.2 Background

3.2.1 Contrastive Learning VS Transfer Learning

The existing semi­supervised learning methods can be roughly divided into two

categories, namely contrastive learning [115, 116] and transfer learning [117]. The

network piplines of the two methods are shown in Fig. 3.1. The contrastive learn­

ing assumes that the fundamental nature of data remains unchanged despite the in­

troduction of various perturbations. Based on this principle, the contrastive learn­

ing framework comprises two branches with identical network structures, referred
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Figure 3.1: The pipelines of contrastive learning and transfer learning

to as student network and the teacher network, as depicted in the blue background

in Fig. 3.1. Following random data augmentation on the image, two new images,

A and B, are generated, each with different appearances but retaining the same

essential content. These augmented images, A and B, are then fed into the student

and teacher networks for result prediction. It is worth noting that only the student

network is supervised using a small amount of ground truth labels to calculate

the segmentation loss. The core idea of contrastive learning posits that when im­

ages with identical essential content are used as input, regardless of appearance

changes, the two branch networks with the same structure should yield identical

results. Consequently, the predictions of the student network and the teacher net­

work should match, prompting the introduction of a consistency loss to supervise

the output similarity of the two branch networks. Subsequently, gradients based
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on segmentation loss and consistency loss are calculated, and error backpropaga­

tion is performed through the student network to update its parameters. In contrast,

the teacher network adjusts its parameters based on those of the student network,

without participating in the gradient backpropagation process. Through multiple

iterations of training, the student network acquires the ability to learn from images

under the supervision of a limited amount of ground truth labels. The parameter

update mechanism between the student network and the teacher network enables

the transfer of learning ability, allowing the teacher network to segment images

without direct supervision.

The green background in Fig. 3.1 illustrates the pipeline of transfer learning.

Transfer learning methods divide the semi­supervised learning into three distinct

steps. The first step involves pre­training a complex network, characterized by a

large structure and numerous parameters, using a substantial amount of relevant

scene data or multimodal data (such as depth data, disparity images, etc.) in a

fully supervised manner. By leveraging the complexity of the network and the

substantial quantity of training data, these complex networks can achieve robust

segmentation capabilities. The network is fine­tuned in the second step by a small

amount of labeled data from the specific scenarios to futher adjust the parameters

of the complex network and enhance its performance in specific tasks. The third

step is to transfer the learning ability of complex networks to more compact and

simple networks. During transfer training, the network reduces its dependence on

labeled samples by utilizing the learning capabilities of the pre­trained complex

network to perform semantic segmentation on images. The predicted results of the

complex network are then used as pseudo labels to supervise the simpler network.

Transfer learning methods heavily rely on the training of complex networks. In the
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final step, the simple network depends entirely on the segmentation performance

of the complex network. If the complex network is not adequately trained, it will

not only waste training resources but also result in suboptimal performance of the

simple network.

3.2.2 Mean Teacher Model

TheMean Teacher model [115] is developed for classification tasks and serves as a

notable example of contrastive learning­based semi­supervised models. At the in­

put stage, the Mean Teacher model employs various data augmentation techniques

(η, η′) on the image, preserving the underlying content to generate two visually

distinct images. Following the contrastive learning approach, two networks with

identical structures are utilized to classify the images with different appearances.

Finally, a consistency loss J is applied to penalize the discrepancies between the

outputs of the student network and the teacher network. The consistency loss is

calculated using the Mean Square Error (MSE) and can be expressed by the fol­

lowing formula:

J(θ) = Ex,η′,η[∥f(x, θ′, η′)− f(x, θ, η)∥2], (3.1)

with η and η′ representing the data augmentation noise added to the images fed into

the student network and the teacher network, respectively. θ, θ′ denote the weight

parameters of the student network and the teacher network. At the same time, the

student network is supervised by a classification loss. After each training iteration,

the student network updates its parameters under the supervision of consistency

loss and classification loss.
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To update the teacher network, the Mean Teacher model employs the concept

of Ensemble Learning by first applying the Exponential Moving Average (EMA)

to the parameters of the continuously updated student network and then allocating

these averaged parameters to the teacher network, rather than sharing parameters

with the student network as in previous approaches. Let θt represent the parameters

of the student network after the t­th training iteration. The current teacher network

parameters θ′t are updated as follows:

θ′t = αθ′t−1 + (1− α)θt, (3.2)

where α is the smoothing parameter of EMA. By using EMA as a strategy for

updating the teacher network parameters, the teacher network can be considered

as the averaged state of the student network after multiple consecutive updates.

Each training session involves feeding small batches of data into the network and

adjusting the network parameters accordingly, making it difficult to capture the

characteristics of the entire dataset comprehensively. The parameter updates may

occasionally deviate, and averaging the network parameters helps to broaden the

network’s observation range on the data, leading to improved classification results.

TheMean Teachermodel suggests that to achieve better semi­supervised learn­

ing results, stronger data augmentation methods such as Mixup [118], Cutout

[119], CutMix [120] should be applied to the input images. These techniques

generate two images with higher discrimination for the student and teacher net­

works, enabling the network to gain a deeper understanding of the abstract essence

of the images. However, data augmentation methods like Cutout can disrupt the

spatial structure of images. Unlike the classification tasks handled by the Mean
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Teacher model, generating semantic BEV map requires determining semantic re­

lationships and performing view transformations based on the spatial associations

in the front view image. Consequently, such data augmentation methods are not

suitable for the task of generating semantic BEV map. Comparing to the single

network structure, the contrastive learning­based semi­supervised method neces­

sitates two identical networks, thereby increasing the scale of network parameters

and consuming relatively high computational resources. To address this issues, a

network that integrates view transformation and contrastive learning is proposed.

This network can produce two different representations of the same image through

its own internal module. These representations are then fed into a dual branch se­

mantic generator, facilitating semi­supervised training using a small number of

labeled samples and a large number of unlabeled samples.

3.3 The Proposed Network

3.3.1 The Overall Architecture

The motivation of this work is to generate semantic BEV grid maps from input

front­view monocular images in an end­to­end manner. A contrastive learning­

based semi­supervised learning framework with double branches is proposed and

its network architecture is illustrated in Fig. 3.2. As we can see, our S2G2 takes

as input both labeled and unlabeled front­view images. It consists of a feature ex­

tractor, a dual­attention view transformation (DVT) module, and a double branch

generator (DBG). We employ the EfficientNet [121] as the backbone of the fea­

ture extractor to extract front­view features from the input images. This encoder
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is shared for both passive and active branches. The network first extracts front­

view feature maps Ffront from the input front­view images, then transforms the

viewpoint from front­view to BEV through the DVT module. Two distinct BEV

feature maps, FI and FC , originating from the same input image, denoted as the

homologous features, are generated by the dual­attention block in the DVT mod­

ule. The contrastive learning strategy adjusts the network parameters by minimiz­

ing the consistency loss between two identical networks. Therefore, the homolo­

gous features from the DVT module serve as the diversely augmented versions of

one original image, which are the naturally suitable inputs for this semi­supervised

scheme. With the semantic heads in both branches, a semantic BEV grid map can

be generated.
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Figure 3.2: The overall architecture of the proposed S2G2

3.3.2 The Feature Extractor

Apre­trained CNNmodel, EfficientNet [121], is used as our feature extractor. Dif­

ferent from the existing contrastive learning methods [115], we employ a shared

encoder to extract the low­level features from both labeled and unlabeled images

rather than using a parallel architecture with two identical networks, which results
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in a larger network model. With the increase of stages in EfficientNet, the recep­

tive fields are enlarged, the backbone gradually reduces the feature­map resolution

but increases the number of feature­map channels. The output feature map of the

encoder is denote as Ffront. Since the EfficientNet has various variants, the num­

ber of channels of Ffront can be different. Detailed channel numbers are display

in Tab. 3.1

Table 3.1: The numbers of the channel of front­view feature map Ffront after the
feature extraction with different EfficientNet variants as the backbone, ranging
from EfficientNet­B0 to EfficientNet­B7. EffNet is the short for EfficientNet.

EffNet­B0 EffNet­B1 EffNet­B2 EffNet­B3

Channels 320 320 352 384

EffNet­B4 EffNet­B5 EffNet­B6 EffNet­B7

Channels 448 512 576 640

3.3.3 The Dual­Attention View Transformation Module

To transform feature maps from front­view to BEV, we design the DVT module.

According to the frontal features, this module predicts the corresponding feature

maps in bird­eye view. The DVT module includes a view transformation block

and a dual attention block. The former is designed to perform the view projection

in a learning­based approach and the later will strengthen the transformed results.

3.3.3.1 View Transformation Block

Inspired by [122], the view transformation can be realized by training a transfor­

mation module HF
B that transforms the feature maps from the front­view to BEV,
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FBEV = HF
B (Ffront). Another transformation function HB

F is the inverse of HF
B .

HB
F transforms the FBEV back to the front view, F̃front = HB

F (FBEV ). To train

the view transformation block, a cycle consistency loss is introduced here:

Lcycle = ||HB
F (H

F
B (Ffront))−Ffront||1. (3.3)

MinimizingLcycle encourages the re­transformed front­view featuremap F̃front

to be similar to the original one, Ffront. The input of the module HF
B is the front­

view feature map and a corresponding BEV feature map is the output. Here, we

use double convolutional layers to fit the transformation module HF
B and HB

F .

The convolutional operation focuses on the local features and preserves the spa­

tial information. The designed double­layer convolution enlarges the receptive

field layer by layer until covering the whole input feature, Ffront. This could al­

low our view transformation block considering both local and global information

during the view transformation.

3.3.3.2 Dual Attention Block

Based on the work [89], we design a dual attention block to improve the view

transformation results. We keep the cross­view attention part unchanged, follow­

ing [89], which takes Ffront, FBEV and F̃front as inputs to infer the attention

score between the front­view and BEV. The cross­view attention emphasizes the

relationship between the two different views. However, the internal relationship

within the generated BEV feature map is also worth noting. Since the convo­

lution layer can be seen as a feature extractor, the feature maps produced from

multi­layer convolutions already gathered different kinds of features, stacking in
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the channel dimension. Moreover, the salient features are located differently in

each feature layer at the spatial dimension. Therefore, we design an inter­view at­

tention sub­block, which combines both channel and spatial attention to highlight

the internal relationship of the BEV feature map, FBEV . The inter­view atten­

tion sub­block and cross­view attention sub­block together form the dual attention

block and complement to each other.
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Figure 3.3: The structure of the inter­view attention block

Fig. 3.3 demonstrates the proposed inter­view attention sub­block. In this sub­

block, we first perform n depthwise convolution kernels [123] on n­channel input

feature map separately without changing the depth. This operation reduces the res­

olution of the feature map and the salient features located in the spatial dimension

can be learned as training. We repeat depthwise convolution twice in our proposed

S2G2. An 1 × 1 convolution is applied to the intermediate features sequentially,

which exploits the channel relationship of the feature maps. Both types of convo­
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lution are followedwith amax­pooling operation. In short, the inter­view attention

is computed as:

SA = sigmoid{C1[Cd(Fin)]}, (3.4)

Fout =Fin ⊗ SA, (3.5)

where Cd and C1 denote the depthwise convolution and 1× 1 convolution respec­

tively. After two successive attention extraction, a Sigmoid function is applied to

map the convolution output into the range from 0 to 1. Then, an attention score, SA

is produced. ⊗ represents element­wise multiplication. Through multiplication,

the internal attention is spread into the input feature map.

In order to make the inter­view attention and cross­view attention complemen­

tary, we introduce a cross entropy loss function, LBEV , between the outputs of

the separate attention block. The DVT module maintains the same dimension in

the input and output feature maps, so it can be inserted into any existing network

seamlessly.

3.3.4 The Double Branch Generator

Grounded on the contrastive learning strategy, we propose a double branch gen­

erator, which is composed of an active branch and a passive branch to implement

semi­supervised learning. The main idea behind contrastive learning is that sim­

ilar data are clustered together and different data are pushed away. This assumes

that the network should generate consistent outputs, given similar inputs. In such

a way, the unlabeled data can be utilized to boost the training process. Therefore,

the performance of the contrastive learning­based semi­supervised methods relies
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largely on the prediction of the homologous data. The existing contrastive learn­

ing approaches perform strong data augmentation combinations, as such Mixup

[124], Cutout [119], and CutMix [120] to generate diverse versions of the same

data. In our work, the output feature map is not aligned with the input image due to

the view transformation task. Therefore, those data augmentation techniques that

require the alignment between the input and output, do not apply to our network.

With the dual attention block, we get two outputs, FI andFC . The two feature

maps concentrate on the inter­view relationship and cross­view relationship, re­

spectively. The two attention­included outputs originate from the same input but

differ from each other. Therefore, we take them as inputs for the active branch and

passive branch, naturally. To endow the network with the ability to output sim­

ilar predictions for the similar inputs, we introduce a consistency loss, Lcon that

calculates the differences between the predictions from the active branch and the

passive branch with mean squared error. The consistency loss can be written as:

Lcon = ||Pact(Fc, ωa)− Ppas(FI , ωp)||2, (3.6)

wherePact(·) andPpas(·) are the predictions from active branch and passive branch.

The weights for the two branches are ωa and ωp, respectively.

At each training step, the active branch updates via the gradient descent from

the weighted sum of the segmentation loss, Lseg and consistency loss, Lcon. We

define the segmentation loss as the cross­entropy loss for the labeled images. The

consistency loss is used for both labeled and unlabeled images. Theweights in pas­

sive branch (ωp) are updated with an Exponential Moving Average (EMA) strategy
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instead of the gradient descent manner, which is formulated as:

ωi
p = λωi−1

p + (1− λ)ωi
a, (3.7)

where the superscript i represents the i­th training step. λ is a hyperparameter for

EMA decay, and it is set as 0.999 in our experiment.

3.3.5 Loss Function

We add losses from different modules together. We train our S2G2 in an end­to­

end manner. The overall loss function is formulated as:

L = Lseg + αLcycle + βLBEV + γLcon, (3.8)

where Lseg is the major loss for our network. α, β, and γ are the weighted coef­

ficient to balance each loss. In practice, we empirically set α, β both equal to 1,

and let consistancy weight, γ, be adjusted in a self­adaption way. We will discuss

the details of those hyperparameters in the experiment section.

3.4 Experimental Results and Discussions

3.4.1 The Dataset

We conducted our experiments using the dataset fromMonoOccupancy [83]. This

dataset includes 2600, 375 and 500 labeled images for training, validation and test.

The dataset preserves the input images of the public dataset, Cityscapes [125]. But

the authors create their own semantic BEV ground truth via semi­global match­
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ing (SGM) method [126], using the disparity maps provided by Cityscapes. The

ground truth contains 4 semantic classes, which are obstacles, sidewalk, terrain,

and road. Fig. 3.4 illustrates several examples from the dataset. The first line

shows front view RGB images, followed by manually annotated semantic BEV

labels and rough labels generated using the SGM algorithm. The figure demon­

strates that, compared to manually annotated labels, the rough labels exhibit some

semantic omissions and category errors. However, due to the high cost of man­

ual annotation, our experiments are conducted under weak supervision with these

noisy rough labels. To evaluate the semi­supervised architecture, we build three

groups with different ratios of unlabeled images. The ratios of the unlabeled im­

ages are 10%, 40%and 80%. Note that we use all the labeled images in the training

set. The input images are normalized to 256× 512 and the output size is 64× 64.

Obstacles RoadSidewalk Terrain Out of View

Figure 3.4: The examples from the training dataset

We randomly shuffle the input training data before feeding them to the net­

work. Because the input image and generated semantic maps are in different per­

spectives, we apply random flipping and random brightness changing to perform

the data augmentation, maintaining the relative position of the content in the im­

ages.
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3.4.2 Training Details

The training is performed with an NVIDIA GeForce RTX 3060 GPU. Due to the

limitedmemories of the GPU, we set the batch size to 4, which consists of 2 labeled

images and 2 unlabeled images. We train our network for 200 epochs with the

stochastic gradient descent (SGD) optimizer. The momentum and weight decay

are set to 0.9 and 1×10−4, respectively. We initialize the learning rate to 5×10−5

and adopt an exponential decay scheme to adjust the learning rate as training. The

decay coefficient of the learning rate is 0.995.

Specifically, we adopt EfficientNet­B4 with the pre­trained weights as our

backbone, the rest of our network parameters are randomly initialized. We em­

ploy a ramp­up tuning scheme to adjust the consistency weight, γ, following the

practice of the Mean Teacher [115]. The ramp­up scheme ensures that γ increases

to the set value gradually until the end of the ramp­up phase. Through an extensive

ablation study, we set the consistency weight, γ, to 1 and the ramp­up step to 100.

The selection details will be elaborated in the ablation study.

3.4.3 Ablation Study

We conduct several ablation experiments to verify the effectiveness of the structure

and parameters used in our S2G2. To assess the performance of our S2G2, Mean

Intersection over Union (mIoU) and Mean Average Precision (mAP) are adopted
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as evaluation metrics:

mIoU =
1

N + 1

N∑
i=0

pii∑N
j=0 pij +

∑N
j=0 pji − pii

, (3.9)

mAP =
1

N + 1

N∑
i=0

pii∑N
j=0 pji

, (3.10)

Where N represents the number of semantic categories. We denote i as the label

truth category and j as the predicted category. pii is the true example of category i,

pij represents the total number of pixels belonging to category i in the truth label,

and pji is the total number of pixels predicted to belong to category i.

According to the different amounts of the unlabeled images in the training

set, we conduct our ablation experiments with 3 different sets, which respectively

include 10%, 40%, and 80% of the unlabeled images.

3.4.3.1 Ablation on the Feature Extraction Module

In our S2G2, the implementation of semi­supervised learning depends on a double

branch generator which enlarges the scale of network parameters, compared with

the fully supervised network. Therefore, to make our network be efficient and

effective in terms of training speed and memory usage, a compact and powerful

backbone should be selected for the feature extraction module. EfficientNet is a

network that focuses both on accuracy and efficiency. The EfficientNet family

includes 8 variants, which are named as EfficientNet­B0 to EfficientNet­B7, re­

spectively. Those variants are different from each other in the depth, width, and

resolution.

In the ablation study, we first compare the performance of the proposed net­
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work with different EfficientNet variants. In our network, we only keep the feature

extraction part of the EfficientNet and remove the average pooling of the last layer,

as well as the classification head. The modified EfficientNet variants produce a

front­view feature map with a fixed size of 8 × 16 but with diverse numbers of

channels. The different channels of the output feature map are listed in Tab. 3.1.

Tab. 3.2 displays the results of the ablation study on the different EfficientNet

variants, including EfficientNet­B0 to EfficientNet­B7. The obvious raising trends

can be seen when increasing the complexity of EfficientNet fromB0 to B4. But af­

ter B4, the mIou and mAP of the prediction performance stay in a relatively stable

range. To trade off performance and computation cost, we select EfficientNet­B4

as the backbone of our S2G2.

Table 3.2: The ablation study results (%) of the variants of the EfficientNet Family.
According to the different amounts of the unlabeled images in the training set,
we conduct our ablation study into 3 groups, which contain 10%, 40%, and 80%
unlabeled images, respectively.

Variants
10% 40% 80%

mIou mAP mIou mAP mIou mAP

EfficientNet­B0 0.5468 0.6410 0.5834 0.7006 0.5795 0.6941
EfficientNet­B1 0.5847 0.6745 0.5703 0.6635 0.5863 0.7066
EfficientNet­B2 0.5774 0.6766 0.5807 0.6902 0.5839 0.7020
EfficientNet­B3 0.5840 0.7112 0.5747 0.6784 0.5877 0.7099
EfficientNet­B4 0.5894 0.7003 0.5889 0.6956 0.5879 0.7110
EfficientNet­B5 0.5852 0.7044 0.5890 0.6954 0.5830 0.7098
EfficientNet­B6 0.5854 0.7046 0.5880 0.7162 0.5879 0.6952
EfficientNet­B7 0.5794 0.6959 0.5852 0.6937 0.5835 0.6928
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3.4.3.2 Ablation on the Dual­Attention Block

To verify the effectiveness of the dual­attention block, we conduct two groups of

tests with and without a certain attention block. We first only keep the inter­view

attention block and discard the cross­view attention block. We term this variant

as Only Inter­View Attention (OIVA). Then, we remove the inter­view attention

block instead and get the Only Cross­View Attention (OCVA) variant. According

to the results of the previous ablation study, our network gets the best performance

with EfficientNet­B4. But EfficientNet­B7 is the most complicated variant with

the most number of parameters, it should perform better in OIVA or OCVA. So,

we chose the B4 and B7 variants as our feature extraction module to conduct this

ablation study.

Moreover, we also exchange the input order to the Double Branch Generator

module, which leads to two different structures. The first one takes the output

feature from the inter­view attention, FI as the input of passive branch and we

denote this variant as S2G2­IPCA (Inter­view attention feature map for Passive

branch and Cross­view attention feature map for Active branch). Note that S2G2­

IPCA is the same as the proposed S2G2. For the second one, we let the feature

map, FC be the input of passive branch and term this as S2G2­CPIA (Cross­view

attention feature map for Passive branch and Inter­view attention feature map for

Active branch).

Tab. 3.3 demonstrates the effectiveness of the dual­attention block. From

the table, the dual­attention that combines the inter­view and cross­view atten­

tion together, gets a superior performance against its counterparts. Tab. 3.4 shows

the comparative results of different input orders to the active branch and passive
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Table 3.3: The ablation study results (%) on dual­attention block. OIVA stands for
the variant that only keeps the inter­view attention sub­block and OCVAmeans the
module that only have the cross­view attention sub­block. B4 and B7 present the
experiments are conducted with the EfficientNet­B4 and EfficientNet­B7 as their
backbone.

Variants
10% 40% 80%

mIou mAP mIou mAP mIou mAP

OIVA(B4) 0.5610 0.6632 0.5371 0.5750 0.5597 0.6725
OCVA(B4) 0.5277 0.6820 0.5372 0.6551 0.5605 0.6673
S2G2­B4 0.5894 0.7003 0.5889 0.6956 0.5879 0.7110

OIVA(B7) 0.5327 0.5957 0.5467 0.6368 0.5593 0.6550
OCVA(B7) 0.5425 0.4809 0.5308 0.5793 0.5471 0.6173
S2G2­B7 0.5794 0.6959 0.5852 0.6937 0.5835 0.6928

branch. The results indicate that the IPCA variant has a higher mIoUwith 58.94%,

compared with the CPIA variant, 56.95%. This is also true for the metric mAP.

Table 3.4: The ablation study results (%) on the different input orders to the finial
double branch generator. S2G2­CPIA module feeds the cross­view attention fea­
ture map, FC , to the passive branch and the inter­view attention feature map, FI ,
to the active branch. S2G2­IPCA is the opposite version of S2G2­CPIA.

Variants mIoU mAP

S2G2­CPIA 0.5695 0.6657
S2G2­IPCA 0.5894 0.7003

3.4.3.3 Ablation on the Double Branch Generator Module

For the double branch generator module, we test different sets of parameters to

check the impacts on the intensity of contrastive learning. Specifically, the consis­

tency loss is linked to the prediction of similar outputs from the active branch and
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passive branch. The learning effectiveness of the unlabeled images of the network

is affected by the consistency loss­related hyperparameters, including consistency

weight γ and the ramp­up step. Therefore, we set 6 different values for the con­

sistency weight (0.05, 0.1, 0.5, 1, 5, 10) and 5 different ramp­up step (50, 75, 100,

125, 150) in this experiment.

(a)

γ R

(b)

γ R

Figure 3.5: Impacts of the ramp­up steps (R) and the weighted coefficient of con­
sistency loss (γ) on the mIoU and mAP.

The process of parameter tuning is presented in Fig. 3.5. We find that when the

weight of the consistency loss equals to 1, and the ramp­up step is set as 100, the

network produces the best performance. These two parameters impose an effect on

how well the network can learn from the unlabeled data. We also find that a small

consistency loss weight and a big ramp­up step can lead to insufficient contrastive

learning due to less punishment towards the consistency loss. This means that the

network could not predict the consistent outputs for the homologous features. But

large weight value and too quick ramp­up may force the assimilation of the two

branches, still resulting in a deficient learning capacity.
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3.4.4 Comparative Results

3.4.4.1 Comparison with Baseline Methods

As our S2G2 is the first method that generates the semantic BEV grid map in

a semi­supervised manner, we develop several baseline methods to perform the

comparative experiments. Our target outputs are still in the image domain, so

to form our baselines, we take advantage of the popular semantic segmentation

methods, including U­Net [27], DeepLab V3+ [44], RTFNet [127], SegNet [26],

HRNet [128]. Other than those semantic segmentation methods, we also take

the MonoOccupancy [83] as consideration. However, the above methods are all

trained in a supervised manner. In order to train the networks with the unlabeled

images, we integrate the mentioned segmentation networks into the Mean Teacher

[115] framework, which is originally designed for semi­supervised classification.

Specifically, we modify the aforementioned methods by adding an aspect­ratio

changing layer and adjusting the output size of their decoders, because the input

resolution (256 × 512) is not the same as that of the output (64 × 64). The Mean

Teacher framework depends on the two identical networks to perform contrastive

learning. Sowe duplicate the aforementionedmethods as the two parallel networks

in the Mean Teacher framework. To follow the idea of contrastive learning, we

apply the random Gaussian noise to make the input image a pair of homologous

similar ones. Then the noise­injected images are fed into the two networks of the

Mean Teacher framework, respectively.

We report the quantitative comparative results for the baseline methods in

Tab. 3.5. The results show that our proposed S2G2 achieves the best performance

in terms of mIoU and mAP across all the networks. From the table, we can see
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that the MonoOccupancy gets the second­best results. MonoOccupancy is also a

semantic BEV grid map generator.

We conjecture the reason for the inferior performance of MonoOccupancy is

the flattened operation in its supervised variational automatic encoder (VAE) struc­

ture, which converts the 2D feature map into 1D vector, dropping the spatial in­

formation. Although the generated semantic BEV grid map is a form of an image,

the better performance of our proposed S2G2 and MonoOccupancy indicates that

there are still great gaps laying between the tasks of semantic BEV grid map pre­

diction and the classical semantic segmentation. Therefore the semantic BEV grid

map prediction needs a specially designed structure.

Table 3.5: The comparative results (%) on the baseline methods. The various
semantic segmentation methods are integrated into the mean teacher framework
to perform semi­supervised learning. The random Gaussian noise is added to the
input images before fed into the separate networks. The bold Font highlight the
best results in each column. Our proposed S2G2 outperforms the others.

Methods
10% 40% 80%

mIoU mAP mIoU mAP mIoU mAP

SegNet 0.5084 0.6138 0.5224 0.5205 0.5184 0.5561
U­Net 0.4413 0.5417 0.4554 0.5050 0.4535 0.4996
RTFNet 0.5256 0.6343 0.5346 0.5985 0.5258 0.5801
HRNet 0.5539 0.6670 0.5568 0.5970 0.5535 0.5938
DeepLab V3+ 0.5144 0.6060 0.5145 0.5808 0.5024 0.5923
MonoOccupancy 0.5262 0.6787 0.5338 0.6575 0.5329 0.6148
S2G2 (ours) 0.5894 0.7003 0.5889 0.6956 0.5879 0.7110
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3.4.4.2 Comparison with the State­of­the­Art Methods

We also evaluate the performances of our S2G2 together with some of the state­

of­the­art supervised learning­based methods, including PYVA [89], PON [88],

MonoLayout [87], andMonoOccupancy [83]. It can be seen from Tab. 3.6, testing

on the dataset provided by MonoOccupancy, our proposed S2G2 outperforms all

the previous networks with 58.86% in mIoU and 70.23% in mAP. The second best

results were produced byMonoOccupancy. We attribute it to the fact that the other

methods could not adapt well to the noisy ground truth provided by the training

dataset.

Moreover, we compared the performance of the MonoOccupancy in the mean

teacher framework and the original one. We find that the results of the former one

are inferior to the latter. The reason for this case may be that the semi­supervised

semantic prediction requires strong perturbations to produce a qualified homolo­

gous similar input pair. We refer readers to [116] for more details.

Table 3.6: The comparative results (%) on the test dataset from [83]. All the
comparative methods predict the semantic BEV map in a supervised manner. The
table shows that our semi­supervised approach achieves the best performance.

Methods mIoU mAP

PYVA [89] (CVPR 2021) 0.5066 0.6219
PON [88] (CVPR 2020) 0.4883 0.6332
MonoLayout [87] (WACV 2020) 0.5307 0.6776
MonoOccupancy [83] (RA­L 2019) 0.5786 0.6513
S2G2 (ours) 0.5886 0.7023
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3.4.4.3 The Qualitative Demonstrations

Sample qualitative semantic BEV prediction results are shown in Fig. 3.6. In gen­

eral, our S2G2 generates a more precise and clear semantic BEV grid map. Note

that the ground truth contains noise since they are produced by the SGM method.

Even so, our S2G2 can still generate the compelling semantic BEV map. Ac­

cording to the results, we can see that our S2G2 is more sensitive to obstacles

compared to the other methods, which is crucial for safe navigation. The last two

rows display the more complicated driving environments due to the unusual road

conditions and the uneven sunlight. Most other methods fail to predict the correct

semantic classes, but our S2G2 still provides relatively clear and accurate semantic

boundaries.

3.5 Summary of This Chapter

A semantic BEV map provides an intuitive representation of driving scene infor­

mation. Existing methods typically train networks in a fully supervised manner,

with performance heavily dependent on the quantity and quality of labeled sam­

ples in the training set. Due to the high cost and difficulty of annotating semantic

BEV labels, existing datasets often lack sufficient reliable labeled samples, hin­

dering the development of semantic BEV map prediction networks. To address

this issue, this chapter proposes a semi­supervised semantic BEV map prediction

network, termed the S2G2 network.

The effectiveness of the proposed S2G2 network was validated on the pub­

lic Cityscapes dataset, utilizing mean Intersection over Union (mIoU) and mean

Average Precision (mAP) as evaluation metrics. Extensive ablation experiments
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were conducted to demonstrate the selection of hyperparameters and the design of

the network structure. Additionally, to verify the semi­supervised capability, we

established semi­supervised baseline methods using existing semantic segmenta­

tion networks. Our proposed method was compared with these baseline methods

under identical experimental conditions, demonstrating superior performance in

semi­supervised learning. Finally, compared to existing state­of­the­art semantic

BEV map prediction methods, the S2G2 network achieved the highest segmenta­

tion accuracy in mIoU and mAP metrics, and effectively handled extreme lighting

conditions and unusual road structures.

Although the proposed S2G2 network outperforms other existing methods in

semantic BEV map prediction, it is still constrained by the narrow field of view of

the camera, resulting in the generated BEV semantics being limited to a conical

region. Therefore, in future research, wewill explore improvements to the network

structure to enable the prediction of a full­view semantic BEV map.



Chapter 4

Semantic BEV Map Prediction in

Full View

4.1 Motivation

Semantic scene understanding is a fundamental component for autonomous driv­

ing. Suitable formats of data representation for semantic scene understanding

could facilitate downstream tasks, such as motion planning [111, 112, 129] and

trajectory prediction [130, 131]. Compared with semantic segmentation in front

view, semantic maps in bird­eye­view (BEV) are more appropriate for the down­

stream tasks in autonomous driving due to the following reasons: 1) the distances

and geometric relationships between the ego­vehicle and other road users can be

explicitly indicated; 2) semantic BEV maps have no distortions that appear on

front­view semantic segmentation maps. For example, the same object keeps the

same size no matter how far the object is from the camera; 3) semantic BEV maps

are high­level abstractions of the surrounding environment. So, using such maps

53
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to train control networks for autonomous driving in simulation environments, like

CARLA [7], could alleviate the domain gap issue when deploying the networks in

the real world.

(a) Equidistant Sequence Images

(b) V-shaped BEV Map

(c) Full BEV Map

Figure 4.1: Comparison between V­shaped semantic BEVmap and full BEVmap.

To generate semantic BEV maps using front­view images, traditional methods

involve a number of algorithms, such as geometric projection and semantic seg­

mentation. Recently, deep learning­based end­to­end methods have shown great

potential [83, 86, 132]. However, most existing methods that take as input the

front­view image from a single camera suffer from the limited Field of View (FOV)

issue. As illustrated in Fig. 4.1, due to the lack of visual information that is out­

side the FOV of the front­facing camera, the BEV map generated from a single

front­view image is limited by the camera FOV, leading to a V­shaped BEV map.

To get a full­view map, some work [88, 99, 133, 134] uses images from multiple
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cameras around the ego­vehicle. However, those methods usually need to simul­

taneously process 6 or more images, which increases time and computing costs.

There are also some attempts [98, 135] using the images from a temporal sequence

to get more views of the environment. But in practice, the ego­vehicle could slow

down or stop for a while on roads to wait for pedestrians or traffic lights. In such

cases, the camera may repeatedly capture redundant images for the same scene,

and existing methods could fail to get a larger view or full view when receiving

these redundant images.

To provide a solution to this issue, we propose a novel network, Seq­BEV,

which takes as input the equidistant sequential images and directly outputs se­

mantic BEV maps in full view (i.e., 180◦ field­of­view). The equidistant sequen­

tial images refer to the images sampled at uniform distance intervals rather than

time intervals. Our network is end­to­end trainable. It is composed of a sequence

fusion module and a road­aware view transformation module. The former fuses

the equidistant sequential images during the feature extraction process, and the

latter transforms the front­view features into BEV with an attention mechanism.

To the best of our knowledge, our network is the first solution to use equidistant

sequential images to get a semantic BEV map in full view. To train and evaluate

the proposed network, we create a dataset with semantic BEV map labels in full

view from the nuScenes dataset [136]. The experimental results demonstrate our

effectiveness and superiority. The contributions of this work are summarized as

follows:

1. We propose a novel semantic BEV map prediction network that takes as

input a set of equidistant sequential images sampled at uniform distance
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intervals and outputs a semantic BEV map in full view.

2. We design a new self­adapted sequence fusion module to fuse the features

from different images, which provides complementary information to get

more views.

3. We provide a new method for view transformation by first extracting the

attention of road planes and then projecting attention­based features to BEV.

4. We create a dataset with semantic ground truth labels in full view from the

nuScenes dataset to train and test our method. The code and dataset will be

available upon acceptance of this paper.

4.2 Background

The proposed Seq­BEV network primarily employs the Inverse Perspective Map­

ping (IPM) algorithm to perform view transformations. To facilitate a better un­

derstanding of our proposed network, we will now introduce the fundamental con­

cepts of the homography matrix and the IPM algorithm.

4.2.1 Homography Matrix

Homography is a crucial concept in the field of computer vision, used to describe

the relationship between images captured by a camera viewing the same planar

object from different positions. As illustrated in Fig. 4.2, the camera captures im­

ages of the same object from perspectives A andB. Due to the differing viewpoints,

the same object produces distinct projections on image planes A and B. There is

a specific correlation between these two images, such that through homography
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Image 
Plane A

Image 
PlaneB

Viewpoint A Viewpoint B

Homography 
Transformation

Objects in the World Coordinate

Images A Images B

Figure 4.2: An example for the homography matrix between two images

transformation, points on the same plane in one image can be mapped to the cor­

responding points in another image. This transformation process is described by

the homography matrix H:

H =


h1 h2 h3

h4 h5 h6

h7 h8 h9

 (4.1)

Eq. 4.2 represents the process of mapping the pixel p1(u1, v1) in image A to

its corresponding point p2(u2, v2) in image B using a homography matrix:


u2

v2

1

 = H


u1

v1

1

 =


h1 h2 h3

h4 h5 h6

h7 h8 h9




u1

v1

1

 =


h1u1 + h2v1 + h3

h4u1 + h5v1 + h6

h7u1 + h8v1 + h9


(4.2)
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The pixel p1 and p2 are represented in Homogeneous coordinates. Typically,

the homography matrix is scaled by a non­zero factor, such that the last element

h9 in matrix H is equal to 1. Then, according to the third row in the matrix, this

non­zero factor is eliminated, resulting in:

u2 =
h1u1 + h2v1 + h3

h7u1 + h8v1 + h9

(4.3)

v2 =
h4u1 + h5v1 + h6

h7u1 + h8v1 + h9

(4.4)

The corresponding points in the two images is a set of matching points. Ac­

cording to Eq. 4.3 and 4.4, each set of matching points can construct two constraint

terms for solving the homography matrixH . The homography matrixH is a 3×3

matrix, but since h9 = 1, it only has 8 degrees of freedom. Therefore, we need

four sets of non collinear matching points to solve the homographymatrix between

two planes.

(a) (c)(b)

Figure 4.3: An example for the homography transform: (a) is the source image;
(b) shows the target image; (c) is the image after the homography transform.

As shown in Fig. 4.2, we have marked four different sets of matching points

in images A and B, with the same color. Using these four sets of points, we can
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solve for the homography matrix between the planes where these two books are

located. Through this matrix, we can calculate the corresponding position of each

pixel in image A from perspective B. The images before and after homography

transformation are shown in Fig. 4.3. Among them, (a) displays image A, as the

source image before transformation; (b) illustrates the target image B. We use

homography matrix to transform the perspective of image A to that of image B,

and (c) is the transformed image in the target perspective.

4.2.2 Inverse Perspective Mapping

Due to the perspective effects, the parallel lines in the real world appear to intersect

with each other in a perspective image. IPM algorithm is a method for eliminating

these perspective distortions. By utilizing a homography matrix, it transforms an

image from a front view to a bird’s­eye view.

(a) Forward Mapping
Source Image Target Image 

�

���,  ��� ���,  ���

(b) Inverse Mapping
Source Image Target Template

�−1

���,  ������,  ���

Figure 4.4: Forward mapping and inverse mapping

The transformation process from the source image to the target image depicted

in Sec. 4.2.1 is known as forward mapping, as illustrated in Fig. 4.4 (a). Different

from this forward process, the IPM algorithm first calculate the inverse transforma­

tion matrix from the target space to the source. To distinguish it from the forward
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transformation matrix, we use T−1 to represent the inverse transformation matrix.

By using T−1, the corresponding position (xs, ys) of the pixel (ut, vt) in the image

template from the target perspective can be found in the source image. Finally,

interpolation is performed on the source image based on the pixel position (xs, ys)

to obtain the target pixel value. Similar to obtaining the forward transformation

matrix, the inverse transformation matrix can also be calculated using four sets of

corresponding points.

The inverse transformation begins from the target perspective and calculates

the source image position according to each pixel in the target template:

(xs, ys) = T−1(ut, vt), (4.5)

This reverse calculation can prevent issues such as holes and overlaps that occur

in forward transformation, ensuring that each pixel in the target image template

finds its corresponding pixel value in the source image.

(a) Front View Image (b) BEV Image After IPM

Figure 4.5: The front­view image of the road and that in bird­eye view after IPM

Similar to homography transformation, IPM is also constrained by the plane

assumption. This means that IPM can only accurately transform pixels on the same

plane to another perspective, leading to severe deformation in non­planar scenes.
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As illustrated in Fig. 4.5, we perform IPM on an image captured by the front

camera, mapping the road plane in the front image to a bird’s­eye view. The blue

line segments in the figure, which intersect at a distance in the forward view, are

restored to their original parallel state in the transformed bird’s­eye view. How­

ever, objects such as cars that do not lie on the road surface (indicated by the red

area) undergo significant deformation in the bird’s­eye view due to the flat surface

assumption.

4.3 The Proposed Network

4.3.1 The Overall Architecture

Our motivation is to generate semantic BEV maps in full view using sequential

images that are sampled at equal distances. The structure of our network is illus­

trated in Fig. 4.6. As we can see, our network has two streams that respectively

take as input single and sequential images at the same time. The two kinds of inputs

are respectively fed into the spatial and sequential encoders, where the low­level

features and high­level features are extracted at different stages of the encoder.

To complement the vision information from the equidistant sequential images

and get the full view, we design a self­adapted sequence fusion module in the se­

quential encoder. This is a parameter­free module that can directly manipulate the

feature tensor. The spatial low­level feature and the sequential low­level feature

are fused into the S&S fusion feature via convolution operation. The S&S refers

to spatial and sequential. The road­aware view transformation module takes as

input the S&S fusion feature and computes the road layout attention under explicit
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Figure 4.6: The overall architecture of our proposed Seq­BEV network

supervision before projecting it into the road BEV feature. We concatenate the

high­level features and the road BEV feature, producing the fused feature, and

then send it to the decoder to get the semantic BEV map in full view.

4.3.2 The Two­stream Encoder

We design a two­stream encoder to extract the spatial and sequential features, re­

spectively. In such a way, the spatial integrity of the images can be preserved when

performing the equidistant sequence fusion. The structures of the spatial and se­

quential encoders are similar. The only difference is that there is a sequence fusion

module in the sequential encoder. So, in the following text, we do not particularly

distinguish the spatial encoder from the sequential encoder and briefly term both

of them as encoder.

We use theDeepLabV3+ [44] to extract the features and chooseMobileNet V2 [137]

as the backbone. MobileNet V2 is a lightweight network that requires relatively
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few computation resources. In the encoder, we take out the low­level features FL

from the low stage of the backbone and the high­level features FH from the high

stage of the backbone. The low­level features keep the higher resolution and richer

spatial information but contain relatively less semantic information. The spatial

information covered in the low­level features, such as geometrical structure, could

be helpful for our road layout attention extraction.

In contrast, the high­level features encode more semantic information, and

these high­level features could be invariant in scale because they pass through

the multi­scale dilated convolutions. In the front­view image, the same­sized ob­

jects may have various scales due to the different distances from the camera. So,

the high­level features would be more suitable for sensing objects on roads. It

should be noted that the low­ and high­level features are extracted from the 3rd

and 17th layers of the backbone, respectively. The 3rd layer corresponds to the

one following the first downsampling operation, while the 17th layer represents

the final layer of the feature extractor.

4.3.3 The Sequence Fusion Module

We design a self­adapted sequence fusion module to fuse the complementary in­

formation from the equidistant sequential images and get a semantic BEV map in

full view. This module fuses the sequential features by applying varying degrees

of grouping and shifting operations, based on the number of training iterations.

The input and output sizes (i.e., channel and resolution) of the self­adapted se­

quence fusion module are the same, thus, it can be inserted into existing networks

seamlessly.
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Figure 4.7: The demonstration of the sequence fusion module

The self­adapted sequence fusion module is shown in Fig. 4.7. The sequential

feature is a 4 dimension tensor, which is denoted as Fseq ∈ RB×S×C×H×W ,

where B, S,C,H,W are the batch size, numbers of the images in the sequence,

number of channels, height, and width, respectively. The example provided shows

a sequence of three frames, with different colors representing each one. The fusing

operation is inspired by TSM [138]. The channel dimension is divided into groups,

each containing a subset of the image features. As shown in Fig. 4.7, we assign

two channels per group for demonstration. The groups are then shifted according

to a defined principle to fuse the features across frames. However, TSM relies

on a fixed­size grouping (e.g., 1/8 of the channel dimension), where the group

size is a pre­defined parameter. Selecting an inappropriate group size can result in

suboptimal outcomes.

During experimentation, we observed that as the network training progresses,
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its feature extraction capacity improves, and a larger shift portion becomes nec­

essary for more effective fusion. In response to this observation, we introduced a

self­adaptive mechanism to the sequence fusion process. First, we divide the chan­

nel dimension into n groups {G1, G2, ..., Gn}. The proposed self­adapted fusion

method dynamically adjusts the number of channels within each group according

to the training iterations. The number of channels in each group is determined by

the following calculation:

α = 1/min{⌊C/N⌋,max(⌊λIt/Ic⌋, 1)}, (4.6)

m = αC/N, (4.7)

where α is the grouping coefficient, which is a dynamic parameter intended to

adjust the channel number in a group according to the current number of iterations.

N and C are the minimum number of groups and the total channel number of the

current feature tensor, respectively. The total number and the current number of

the iterations are denoted as It and Ic, respectively. λ is a parameter that indicates

the reliability of the network feature extraction capability. The larger λ is, the

fewer channels are assigned to each group. Here, we set λ as 0.5 empirically. ⌊·⌋

represents the round down operation. m is the current channel number in a group.

As illustrated in Fig. 4.7, wemove the individual group with different strides in

either up or down directions after figuring outm. This module does not consume

extra computation costs because the self­adapted grouping and shifting operations

need no learnable parameters. We conduct the sequence fusion at the 2nd, 4th, 7th,

and 14th layer of the backbone network before the downsampling operations. It

is worth noting that the shifting operation exchanges the channels among different
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frames, breaking the feature completeness of an individual frame in terms of the

spatial dimension. So, we employ a spatial encoder to extract the feature map from

a single image for better spatial modeling.

4.3.4 The Road­aware View Transformation Module

Most current view transformation approaches employ data­driven methods to gen­

erate BEV maps, relying on the complex mapping relationships learned by deep

neural networks. However, this process often lacks interpretability. To achieve

a more reliable and explainable view transformation, we project front­view fea­

tures onto the BEV plane using a learnable homography transformation, which is

applied after extracting attention from the road surface. The use of a learnable ho­

mography enhances the interpretability of the transformation while incorporating

road­aware features helps mitigate the distortion commonly associated with the

flat­ground assumption[82].

To acquire an accurate road layout during the view transformation, we conduct

a road attention extraction in an auxiliary supervision manner before projecting

the front view feature into the bird­eye view. As shown in Fig. 4.8, the road­aware

view transformation module consists of the auxiliary road attention extractor and

the learning­based Spatial Transformer Network (STN).

The auxiliary road attention extractor employs SENet [139] to emphasize the

informative components in the feature map. The input feature Fin, which is pro­

duced by the low­level encoders, is fed into the extractor, and through a squeeze

operation compresses the global spatial information into a 1× 1× C feature Fsq,

where C refers to the number of channels. The following excitation operation
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Figure 4.8: The pipeline of the road­aware view transformation module

(a) (b)

Figure 4.9: Qualitative demonstrations of the attention extracted by the road at­
tention extractor

captures the channel­wise relations in Fsq via two fully connected (FC) layers and

generatesFex. Fex can be seen as a set of channel weights that indicates the salient

features with a high score. Finally, the informative components are selected by

multiplying Fin and Fex. The above steps can be formulated as:

Fsq =
1

H ′ ×W ′

H′∑
u=1

W ′∑
v=1

Fin(u, v), (4.8)

Fex = FC(Fsq,W), (4.9)
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FRL = Fin ⊗Fex, (4.10)

whereH ′ andW ′ are the height and width of the input feature mapFin. The fully­

connected operation is denoted as FC(·) and W is the learnable parameter. ⊗

represents element­wisemultiplication. Fig. 4.9 qualitatively demonstrates sample

salient features extracted by the attention mechanism. To get a more reliable road

layout segmentation, we conduct this attention extraction under the auxiliary road

layout supervision.

The view transformation is implemented on the feature map FRL, which en­

codes the road plane attention. The STN [85] is employed to regress a 3× 3 pro­

jection matrix θ via the localization net. Then, with the projection matrix, the grid

generator creates a sampling grid before sending it to the sampler. The sampler

samples FRL at the sampling grid points. We refer readers to STN [85] for more

details. Usually, the geometric projection methods suffer from the flat ground

assumption [82], leading to distortions for objects above roads or distortions for

roads that are not flat. But our proposed view transformation method focuses on

the road plane through the attention mechanism before the projection, which alle­

viates the limitation of the flat plane assumption.

4.3.5 Loss Functions

We use two losses in this work. One is the auxiliary loss LAux, which supervises

the road attention extractor. The other is the BEV loss LBEV , which enables the

network to produce semantic BEV maps. Due to the class imbalance issue in the

dataset, the Focal Loss [140] is used as LAux and LBEV . We train our network in
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an end­to­end manner. The overall loss function is formulated as:

L = LBEV + γLAux, (4.11)

where γ is the weighting parameter to balance the two losses. We empirically set

γ as 1.

4.4 Experimnetal Results and Discussions

4.4.1 The Dataset

The semantic BEV data used in this chapter is created based on the publicly avail­

able autonomous driving dataset, nuScenes [136]. We present an image example

of the dataset we used in Fig. 4.10. The nuScenes dataset collected 850 road scene

segments in different areas of Singapore and Boston, each lasting approximately

20 seconds and containing around 30 frames of images. The dataset also provides

different forms of ground truth, including: (1) the 3D bounding box for point cloud

recognition tasks, through which we can obtain the position information, size, and

category information of target objects in the driving scene (as shown in Fig. 4.10

(b)); (2) The semantic segmentation map of the front view image, which divides

the image into different semantic regions based on the categories of objects in the

image; (3) The High­Definition (HD) map covering the entire collection scene,

consists of basic units of different shapes’ polygons, representing the road sur­

face semantics. We refer to these polygons containing semantics as road semantic

masks. Multiple different types of semantic masks are stacked and concatenated

to form a high­precision map of the entire scene (as shown in Fig. 4.10 (c))
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(a) (b) (c)

(d) (e)

(f) (h)(g)

Figure 4.10: Examples from the dataset: (a) original front­view image; (b) The 3D
bounding box for the point cloud detection; (c) The HD map for the whole city;
(d) The road semantics projected in the front­view image; (e) The map patch for
the current scene; (f) The road semantic segmentation in the front view; (g) The
different types of BEV semantic masks; (h) The semantic BEV label.

To creating semantic BEV labels, we first identify the area around the au­

tonomous vehicle in the HD map based on the ego­pose information. We then ex­

tract and frame the relevant map segments around the autonomous vehicle. This

process is shown in Fig. 4.10 (e). The angle of the selected part is adjusted to

ensure that the vehicle’s front direction points north. Next, road masks for the

required semantic categories are selected from these map segments. Overlaps be­

tween semantic masks are removed, and semantic IDs are assigned to different se­

mantic categories, as shown in Fig. 4.10 (g). This process yields a semantic map

of the road from a bird’s­eye view. Subsequently, 3D bounding boxes are pro­
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jected onto the semantic map, and new semantic IDs are assigned to road objects.

This results in the semantic BEV labels depicted in Fig. 4.10 (h). The semantic

labels used in this chapter encompass seven categories: background, drivable area,

sidewalk, pedestrian crossing, vehicle, obstacle, and pedestrian.

The road semantic labels in the front view is also utilized in the proposedmeth­

ods as auxiliary supervision for road attention extracion. Therefore, we projected

the road semantic masks from the HD map onto the front view image to obtain

the image shown in Fig. 4.10 (d). By encoding different semantics, we generated

the semantic labels of the road plane in the front view image, as illustrated in Fig.

4.10 (f). The road semantic labels used in this chapter include four categories:

background class, drivable area, sidewalk, and pedestrian crossing.

Compared to other semantic BEV labels, the dataset created in this chapter

overcomes the limitations of v­shaped view. Additionally, the original dataset or­

ganizes data using database tables, assigning unique tokens to each sample for

retrieval. We have modified the data organization by storing the images used for

training, validation, and testing in their respective folders. During training and

testing, the images are read directly from these folders as inputs to the network,

thereby reducing data reading time. It should be noted that in the process of cre­

ating semantic labels for front­view road surfaces, semantic fragments from HD

maps are projected onto front­view images. If the road surface is uneven, this can

lead to inaccurate semantic projection. Therefore, we manually removed scenes

with obvious projection errors, and divided the entire dataset into 548 training sets,

150 validation sets, and 148 testing sets. To achieve equal­distance sampling, three

images with equal intervals are sampled using the ego­pose information provided

by the dataset to construct a sequence. We set three dataset groups with different
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distance intervals for the experiment. Specifically, each group with the sequence

comprises three images acquired at distances of 10, 20, and 30 meters, respec­

tively, or at angular displacements exceeding 30◦. The input images are normal­

ized to the resolution of 256×512 pixels, and the size of the output semantic labels

is 150× 150 pixels, where each pixel encodes a semantic area of 0.2× 0.2 square

meters.

4.4.2 Training Details

We train our network with NVIDIA GeForce RTX 3090. To balance the memory

consumption and the time cost, we set the batch size to 8. We train our network

for 50 epochs using the AdamW optimizer [141]. We initialize the learning rate

as 5 × 10−4 and adopt the cosine annealing scheme [142] to adjust the learning

rate during training. The warm­up strategy is employed for the learning rate ad­

justment. This strategy gradually increases the learning rate until the preset epoch

for warm up ends (the 20th epoch in our network), and then decreases the learning

rate according to the decay scheme. The momentum and weight decay are set to

0.9 and 5× 10−4, respectively. MobileNet V2 is used as our backbone and initial­

ized with the pre­trained weight. The rest of our network parameters are initialized

randomly. The sequence fusion is inserted into the 2nd, 4th, 7th, and 14th block

of the backbone, and the minimum number of groups for the self­adapt grouping

N is set to 24.
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4.4.3 Ablation Study

To verify the effectiveness of our network structure and to choose appropriate pa­

rameters for our network, we conduct several ablation experiments. The mean

Intersection over Union (mIoU) and the mean Average Precision (mAP) are em­

ployed to quantitatively evaluate the performance of our network.

4.4.3.1 Ablation on Backbone

We compare the performance of our network with different backbones in the en­

coders, including MobileNet V2 [137], MobileNet V3 [143], ResNet family [28],

and Xception [123]. Similar to our proposed Seq­BEV, we modify each backbone

to get the low­level feature and the high­level feature and also insert the multiple

sequence fusion modules into the backbones.

Fig 4.11 demonstrates the results, which shows the trade­off between the net­

work performance and the number of parameters. The network runtime is assessed

in terms of Frames Per Second (FPS) on the RTX 3090 GPU and represented visu­

ally by the hollow purple circle, whose area is inversely proportional to the number

of network parameters. It is observed that MobileNet V2, which has the fewest

parameters, achieves a frame rate of 28.04 FPS while delivering satisfactory per­

formance. So, MobileNet V2 is chosen as our backbone.

4.4.3.2 Ablation on Different Variants

This ablation study is divided into two groups, which takes as input single (SGL)

image and equidistant sequential (SEQ) images, respectively. Note that the self­

adapted sequence fusion module is removed from the SGL group. For the first
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Figure 4.11: Impacts caused by backbone selection in terms of mIoU and mAP.
The blue solid line indicates the results measured by mIoU, while the green dotted
line corresponds to the mAP measurements. Additionally, the area of the solid
orange circle reflects the number of parameters within the network for various
backbone architectures. The area of the hollow purple circle represents the FPS
performance of each respective backbone. The figure is best viewed in color.

group, we employ the semantic segmentation network DeepLab V3+ [44] as the

baseline. For the second group, we add the plain STN to the baseline as our view

transformation module. We term this variant as PLVT. For the third group, we

integrate the road­attention extractor with the view transformation to test the per­

formance of the road­aware mechanism. We name this road­aware variant RAVT.

Tab. 4.1 displays the results. We can see that our proposed Seq­BEV (the

SEQ­RAVT variant), which contains the sequential input fusion module and the

road­aware view transformation module, achieves the best performance in terms

of both mIoU and mAP. The data in the table leads to the conclusion that all the

variants that take as input the sequential images get a superior performance against
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their counterparts. Comparing PLVT and RAVT, we can see that the prediction

performance increases due to the incorporation of road attention.

4.4.3.3 Ablation on Sequence Fusion Module

We fuse the information of different images from a sequence by shifting the se­

quential channel in a feature map. Since this fusion module directly manipulates

the feature tensor without any learnable parameters, it can be flexibly inserted into

any position of a CNN. So, the insert position of this sequence fusionmodule needs

to be chosen.

In our Seq­BEV, we select MobileNet V2 as our backbone network. The Mo­

bileNet V2 is stacked by the inverted residual blocks, which consist of an expan­

sion layer, a depthwise layer, and a projection layer. In this ablation study, we test

the performance of the Seq­BEV with the sequence fusion module inserted before

different layers.

In addition, we design a self­adapted mechanism to group different channel

numbers in the sequence dimension according to the training process. Here, we

also compare the performance of our proposed self­adapted grouping strategy with

that of the fixed grouping method. We set 3 fixed groups, dividing the sequence

channel into 8, 16, and 24 groups, respectively.

Tab. 4.2 displays the results. From the table, we can see that the self­adapted

grouping strategy improves the network performance in terms of mIoU.Moreover,

the network achieves the best results when we insert the sequence fusion module

before the depthwise layer. We conjecture the reason for this superior performance

is the expansion operation in the expansion layer, which extends the dimension of

the feature map. It can be seen as a process of data decompression. Thus, the
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Table 4.2: The ablation study results (%) on the sequence fusion module. We test
the networks with different insertion positions and the sequence channel grouping
schemes at the same time. The sequence fusion module is inserted before the
expansion layer, depthwise layer, and projection layer, respectively. To test the
performance of the designed self­adapted grouping mechanism, we compare it
with 3 fixed groups of the sequence channel, including 8, 16, and 24 groups.

Grouping
Expansion Layer Depthwise Layer Projection Layer

mIoU mAP mIoU mAP mIoU mAP

8­Groups 36.43 56.01 37.42 57.60 37.24 57.41
16­Groups 37.30 57.70 37.87 58.07 37.81 57.73
24­Groups 37.63 58.33 38.08 58.72 37.97 57.40
Self­adapted 37.75 56.93 38.86 57.96 38.58 57.44

feature map produced by the expansion layer could provide enough information

for the sequence fusion.

4.4.3.4 Ablation on Network Structure

In this ablation study, we first conduct experiments to determine the best way to

combine the road BEV feature and the high­level features. Then, we adjust the

input feature map of the road­aware view transformation module to choose the

most effective Seq­BEV structure. In addition, an ablation study is conducted

to determine the optimal loss weighting factor, denoted as γ, for appropriately

balancing the BEV loss, LBEV , and the auxiliary loss, LAux.

Element­wise addition and concatenation are two common ways to combine

the separate features. We report the results of the network that adopts the two

combination methods in Tab. 4.4. Note that in order to keep the feature dimen­

sion unchanged, a convolution layer is applied after the concatenation operation.

According to the results from Tab.4.4, the concatenation method gets the best per­
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Table 4.3: The ablation study results (%) on the loss weight factors γ. We set it to
0.5, 0.1, 1.0, 1.5, 2.0, and 10.0.

Weight 0.1 0.5 1.0 1.5 2.0 10

mIoU 38.38 38.50 38.86 38.33 38.53 38.01
mAP 58.82 59.72 57.96 58.31 57.53 59.75

formance in terms of mIoU and mAP. We also note that the element­wise addition

method performs better in the segmentation of small objects on the road, like ob­

stacles, vehicles, and pedestrians. The reason for this case may be that compared

with the obvious road feature, those small object features become negligible ones

during the convolution operation in the concatenation method, leading to inferior

performance.

We use the low­level feature as the input of the road­aware view transformation

module. The low­level featuremaps preserve the high resolution and hence encode

rich spatial information, such as geometrical structure, which may be suitable for

road layout extraction. To verify this idea, we change the input of the road­aware

view transformation module to the high­level feature or both the low­level and

high­level features. Tab. 4.5 shows the experiment results. We can see that the

road­aware view transformation module conducted on the low­level feature has

the higher mIoU with 38.86%, compared with the others. This is also true for the

metric mAP. This result validates the applicability of low­level features to road

attention extraction.

The entire network is trained under the supervision of both the BEV loss,

LBEV , and an auxiliary loss, LAux. A suitable weighting factor can balance the

influence of these losses on the training process. Tab. 4.3 presents the network’s

performance across varying loss weights, based on which we assign a value of 1.0
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to this factor.

4.4.3.5 Ablation on the Distance Intervals

The distance sequence employed in our network is designed to address blind spots

resulting from the limited field of view. These distance intervals can be adjusted

as long as the sequential images capture environmental details beyond the frame’s

visual range. To evaluate the effectiveness of the sequence fusion and determine

the optimal distance configuration for processing inputs, we conducted an ablation

study on various distance intervals. In this experiment, we utilized intervals of 10,

20, and 30 meters.

The experiment results are displayed in Tab. 4.6, demonstrating that the net­

work achieves the highest performance when processing images at 10­meter in­

tervals. These findings suggest that increasing the distance between images may

lead to a decline in the accuracy of generating the full­view semantic BEV map,

as larger intervals fail to capture the necessary environmental information in blind

spots.

4.4.4 Comparative Results

4.4.4.1 The Quantitative Results

We evaluate the performance of our Seq­BEV with some state­of­the­art seman­

tic BEV prediction methods, including Cross­view Transformation (CVT) [89],

Variational Encoder­Decoder Networks (VED) [83], MonoLayout [87], and View

Parsing Network (VPN) [86]. Those methods originally take a single image as

input. In order to compare them with our Seq­BEV, we modify those networks
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and enable them to predict the full BEV map with sequential images as well. To

maintain the original network structure, we keep the original network unchanged

to extract the spatial feature while we duplicate the encoders of those networks

to fuse the sequential feature. Then, we feed the spatial and temporal features

together into the decoder for the semantic BEV map prediction.In addition, we

also compare our Seq­BEV with some state­of­the­art BEV detection networks,

such as BEVFormer [98], BEVdepth [108] and MatrixVT [144], by changing the

detection head into the segmentation one. Keeping the original input settings as

the same, the temporal sequential images from 6 vehicle­surrounding cameras are

fed into those networks. However, the multi­view inputs slow down the training

process. To trade off the computing resources and the training efficiency, we only

use the BEVFormer­tiny for the comparison.

The results are shown in Tab. 4.7. Testing with our own full BEV semantic

map, the proposed Seq­BEV achieves 38.86% in mIoU and 57.69% in mAP, out­

performing all the other methods for most categories. We find that our method is

more effective in segmenting small objects, especially for the pedestrian category.

It can also be seen that the performance of the original networks is better than the

modified networks that take as input sequential images. The reason behind this

result may be that the fusion of sequential information requires a special design to

get better performance.

4.4.4.2 The Qualitative Demonstrations

Fig. 4.12 shows sample qualitative demonstrations. Due to space limitation, we

only displayed the semantic BEV maps generated by the networks that achieved

better quantitative results. We can see that our Seq­BEV produces a more accu­
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rate semantic full­BEV map. From the first two rows, compared with the other

methods, our Seq­BEV is more sensitive to small objects, such as obstacles or

pedestrians on the road. However, the predicted position of the small objects is

not perfect because these categories account for a small proportion of the dataset.

Moreover, the size of the vehicle predicted by Seq­BEV is closer to the real one.

We credit this to the multi­scale dilated convolutions, which are used to process

the high­level feature and make it invariant in scale. The last row demonstrates

the semantic BEV prediction at nighttime, which indicates that Seq­BEV can still

generate a clear and precise result under dark illumination conditions.

4.5 Summary of This Chapter

Semantic BEV map is an environmental representation method for autonomous

driving environment information. However, existing methods use single­frame

front­view images as network inputs, and due to the limited FoV of the on­board

camera, these methods can only predict V­shaped semantic BEV maps, resulting

in incomplete observation of the driving environment. To address this issue, this

chapter proposes the Seq­BEV network, a full­view semantic BEVmap prediction

network based on equidistant sequence fusion.

To complete the content outside the camera FoV using multiple images, a self­

adapted sequence fusion module was designed in the proposed Seq­BEV network.

This module allows the network to adjust the degree of fusion between different

images based on the number of training iterations. Additionally, to achieve the

transformation from a front view to a bird’s­eye view, a road­aware view transfor­

mation module has been introduced. This module utilizes an attention mechanism
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to extract road layout features in the driving scene and then inputs these features

into a learning­based spatial transformer network, projecting them onto a bird’s­

eye view. This approach overcomes the limitations of traditional inverse perspec­

tive transformation, which assumes a flat plane, and provides interpretability for

the neural network during the view transformation process. By integrating the fea­

ture encoder, self­adapted sequence fusion module, and road­aware view transfor­

mation module, the Seq­BEV network is able to generate full­view semantic BEV

maps.

In addition, this chapter presents a dataset created for generating semantic BEV

maps, based on the existing autonomous driving dataset nuScenes, providing full­

view semantic BEV labels and road semantic labels. The performance of the pro­

posed Seq­BEV network was validated on this dataset using mIoU and mAP as

evaluation metrics. Multiple ablation experiments were designed to verify the ef­

fectiveness of the proposed network structure. Comparative experiments were also

conducted with the most advanced BEV perception methods, including semantic

BEV map prediction networks and BEV object detection networks. For the ob­

ject detection networks, we replaced the detection head with a segmentation head

to compare them with our proposed method under the same experimental condi­

tions. Qualitative and quantitative results from various experiments are provided

in the experimental section, demonstrating the superiority of the Seq­BEV network

through comparative analysis.
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Chapter 5

Future Semantic BEV Map

Forecasting

5.1 Motivation

Semantic forecasting aims to segment future frames pixel­wisely from previous

observations. It is important for semantic environment understanding, which is

a fundamental capability of autonomous vehicles [2, 145]. Semantic forecasting

could facilitate the intelligent decision­making process [146, 147] by predicting

the possible position of the other road agents and the road layout, enabling self­

driving cars to avoid obstacles. The semantic bird­eye­view (BEV) map is an ideal

format for such task because the BEV map is more flexible in representing the

dynamically changing environment. The relative distance between the self­driving

car and other agents can be explicitly illustrated. Compared with the front­view

images, the BEV map could eliminate the foreshortening due to the perspective

projection. Besides the advantages of representation, the BEV map provides a

89
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uniform coordinate to fuse the observation information from different modality

inputs. This is in line with the development of autonomous driving, where an

increasing number and variety of sensors are equipped for self­driving cars.

The conventional semantic segmentation tasks predict the semantic class for

each pixel according to the observation. The semantic segmentation pays attention

to the task under the front view. In contrast, the key point of the semantic BEV

map prediction is to predict the cross­view semantic position for the objects ob­

served by the front­faced cameras. Recent works [83, 86, 89, 132] have achieved

satisfactory results with deep neural networks. However, semantic forecasting is

required to predict the semantic distribution for the unobserved frame according to

the previous frames. Most existing works focus on front­view semantic forecast­

ing for the future frames or semantic BEV map prediction for the current frame

separately. Few attempts solve those two problems within a whole framework. In

this work, we aim to forecast the short­term future semantic segmentation in the

form of the BEV map. The most related work is proposed by Hoyer et al. [148]

in 2019. However, they conduct the semantic forecasting in two steps. They gen­

erate the semantic segmentation using the off­the­shelf method, DeepLabV3 [43],

then transform the semantic information into the bird­eye view in the second step.

Such two­step manipulation suffers error accumulation, resulting in inferior per­

formance.

Different from the previous method, we propose an end­to­end semantic fore­

casting network to predict the semantic BEV map for future frames. We extract

the front­view feature from the previously observed images and then predicting

the depth distribution with LSS [102]. We propose a dual­forecasting module for

semantic forecasting, in which the context and depth of the unobserved frames can
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be predicted together. To the best of our knowledge, this is the first network that

forecasts the semantic BEV map in an end­to­end manner. The contributions of

this work are summarized as follows:

1. We propose an end­to­end framework to forecast semantic BEV map for

future frames.

2. We design a depth­context forecasting module to predict and fuse the future

depth and context features.

3. We create a group of baseline methods based on the existing semantic BEV

map prediction networks and compare the performance of our network with

those baselines.

5.2 Background

The previous future forecasting methods can be divided into two categories as

illustrated in Fig. 5.1. Early semantics­to­semantics (S2S) methods [149, 150]

predict future semantic information with semantic segmentation from the past as

the input to the network. Those S2S networks separate the semantic segmentation

and forecasting into two tasks rather than predict the future semantics in an end­

to­end manner. Recently, feature­to­feature (F2F) forecasting has drawn attention

in the forecasting research field. The methods [151, 152] adopt such approach to

extract the feature from the origin RBG images and recover the feature maps to

the semantic map.

Compared to the S2S method, the F2F strategy directly learns and infers in­

formation about future scenes from image features. However, both approaches
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Figure 5.1: The semantics­to­semantics framework VS feature­to­feature frame­
work

focus on future semantic prediction from the same perspective as the historical

inputs. In contrast, this chapter aims to represent environmental information at fu­

ture moments as a semantic BEV map, involving cross­view semantic prediction.

Specifically, cross­view semantic prediction necessitates view transformation and

the fusion of information from both front and bird’s­eye views, which not only in­

creases computational complexity but also places higher demands on the model’s

generalization capability.

5.3 The Proposed Network

5.3.1 The Overall Architecture

Fig. 5.2 shows the overall architecture of our proposed network. The proposed

networkmainly consists of a feature extractor, a depth­context forecastingmodule,

and a frustum grid generator. In the first part of our network, the EfficientNet [121]
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Figure 5.2: The overall architecture of the proposed semantic forecasting network

is adopted as the backbone network. We employ the backbone network to extract

the front­view feature from the observed RGB images rather than directly using

the semantic maps as the S2S methods. Then, the depth and context feature for

the future frame is predicted based on the past frames’ feature maps within the

depth­context forecasting module. At the same time, the RGB images from the

past frames and the camera matrix are fed into the frustum grid generator to get

the frustum­shaped point cloud. Each point in this point cloud corresponds to a

pixel of the given image at various depths. After getting the point cloud, we assign

the obtained depth­context feature to each point and project those points into the

BEV plane. Through the semantic head at the end of the proposed network, a

semantic BEV map for the future frame can be generated.

5.3.2 BEV Feature Map Prediction

In this work, the images from the front­faced camera and the extrinsic and intrinsic

matrix are taken as input to the whole network. Let It ∈ R3×H×W denote the input

front­view images from the past t frames. Those images are fed into a pre­trained

CNNmodel, EifficientNet, to get the individual feature, Ffront. The dimension of
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Ffront is B × t × C × h × w, where B, t, C, h, w stand for the batch size, num­

bers of the past input, channel size, the height and width of the extracted feature

maps. Given those feature maps, our semantic forecasting network can predict the

semantic BEV maps for the future frame, Ft+m, where m denotes the timestamp

of the future.

After getting the past t frames’ feature maps, we transfer perspective from the

front view to BEV. To this end, the feature maps in BEV space are generated by

first lifting the 2D front­view images, It, into the 3D point cloud, Pt. Because

the input images are from a monocular camera, the depth estimation for a single

image seems like an ill­posed problem without any other input. Taking the camera

extrinsic matrix, and intrinsic matrix as the input, each pixel in the image can be

projected into the world coordinate, but the individual depth is not sure, which is

formulated as:

zc


u

v

1

 = K ·

 R T

01×3 1




xw

yw

zw

1


(5.1)

where (u, v, 1) is the coordinate of an image pixel p, represented in the form

of homogeneous coordinates. K denoted the camera intrinsic matrix. R and

T are the rotation and translation matrix, describing the camera’s motion pose.

(xw, yw, zw, 1) is the world coordinate of a point Pw, corresponding to pixel p. zc

is the distance between the real­world point Pw and the camera, namely the depth

of the pixel p. Note that the depth zc is uncertain for a monocular image.

To get the corresponding depths of the pixels in the given monocular image,

we base on [102], assigning n possible depths to each pixel in the It. The possible
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Figure 5.3: The illustration of frustum­shaped point cloud

depth D = {d0, d1, ..., dn} is a set of equidistant discrete values. Thus, the 2D

image can be projected into a frustum­shaped point cloud with depth D, as illus­

trated in Fig. 5.3. The depth distribution probability α is predicted, which can be

considered as the confidence score at the different depths.

5.3.3 Future Semantic Forecasting

After obtaining the contextual features and depth distribution probabilities of his­

torical images, we designed a depth­context forecasting module to predict future

scenes. Based on the concept of convLSTM, a depth­context forecasting module

is designed as shown in Figure 5­4. This module combines convolutional neural

networks and long short­term memory networks, which can capture spatial fea­

tures of images while preserving temporal features in sequence data. We use this
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Figure 5.4: The structure of the proposed depth­context forecasting module

module to process historical image sequences to predict contextual features and

depth of future scenes.

To predict the next state, we perform convolution on the contextual features

and depth distribution separately, and then apply the Sigmoid activation function

to obtain a set of gate signals with values in the [0,1] interval:

g = Sigmoid
{
Conv

[
W ,Cat(xi, hi−1)

]}
, (5.2)

where, g uniformly represents the different gate control signals calculated, includ­

ing forget f , information i, and output o. These gating signals control the infor­

mation transmitted to the next block. W is the weight matrix of different gating

signals, and xi is the i­th input of the module. H i−1 is the state output from the

previous prediction block, which we initialize to 0 at the beginning of training.

After performing state prediction on the context feature sequence and depth

distribution sequence of historical images, the spatial feature F and depth distri­



5.3. THE PROPOSED NETWORK 97

bution probability α about the future scene are obtained. As mentioned above,

the probability of depth distribution can be seen as the confidence score of pix­

els appearing in different spatial positions. Therefore, after multiplying the spatial

features with the spatial position confidence, we can obtain the feature distribution

F3d in three­dimensional space:

F3d = α⊗ F, (5.3)

we assign the F3d to a frustum spatial grid according to its spatial position, and use

the sum pooling to produce the BEV feature maps by projecting.

5.3.4 The Semantic BEV Head

After getting the BEV feature map, a semantic BEV head is introduced to gener­

ate the semantic BEV map. This module first conducts the feature learning from

the BEV space by a structure that contains the first three layers of the ResNet18

[28]. The size of the BEV feature map shrinks after those layers, and then the

upsampling operation is used to recover the output size of the semantic BEV map.

During training, we combine Focal loss and Dice loss to calculate the dif­

ference between the future semantic BEV map predicted by the network and its

ground truth labels, and update the network parameters through backpropagation

gradient:

L = Lfocal + γLdice, (5.4)

where, γ is the loss weight used to balance the impact of two types of losses on

network training. Through experiments, we set γ to 1.
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5.4 Experimnetal Results and Discussions

5.4.1 The Dataset

In our experiments, we use a public autonomous driving dataset, nuScenes [136],

to evaluate the performance of our network for semantic BEV map forecasting.

There are 850 annotated scenes in the nuScenes dataset. The annotations include

the 3D object bounding boxes, the high­definition (HD) maps, and the camera

matrix for every frame. Using those annotations, we create the sequential input

images for semantic forecasting and the future semantic BEV map as the ground

truth labels. We annotate the 7 semantic classes, including the background, driv­

able area, pedestrian crossing, walkway, obstacle, vehicle and pedestrian. Note

that some ground truth labels may not be properly generated due to the limitation

of the flat ground assumption. To train the network, we randomly split the whole

dataset into 548 training sets, 150 validation sets, and 148 test sets, excluding the

sets that contain incorrect semantic BEV labels. For the input sequence, we choose

the 3 consecutive frames as the input and take the 4th or 6th frame for future fore­

casting. The size of the input images is 256× 512, and the output future semantic

BEV map contains 150× 150 grids, whose resolution is 0.2 m.

5.4.2 Training Details

Our proposed network is implemented on an NVIDIA GeForce RTX 3090 (24 GB

RAN) graphics card. Taking the computation cost and the time consumption into

consideration, we set the batch size to 16. We train our network for 30 epochs with

the Adam optimizer. The initial learning rate is 1×10−4 and the weight decay rate
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is 1× 10−5.

5.4.3 Ablation Study

We conduct ablation studies to verify the effectiveness of the proposed network.

In our experiments, the mean Intersection over Union (mIoU) and the mean Av­

erage Precision (mAP) are used as the evaluation metrics to assess the network

performance.

5.4.3.1 Ablation on the Backbone Network

Since we chose the F2F strategy to forecast the future semantics, it is important

to select a powerful backbone network to extract the front­view features from the

previously observed images. EfficientNet [121] is known for its accuracy and

efficiency. The EfficientNet includes 8 variants, whose structures mainly differ in

depth, channel andwidth. The names of the different variants range fromEfficient­

B0 to Efficient­B7. This ablation study compares the performance of the network

equipped with different EfficientNet variants.

We report the ablation study results in Tab. 5.1. The correct predictions of

the road layout and the objects on the road are both critical for autonomous driv­

ing. For the convenience of comparison, we divide the 7 semantic classes into

the static and dynamic categories. The former includes the background, drivable

area, pedestrian crossing, and walkway; the latter includes the obstacle, vehicle

and pedestrian. The table shows an obvious rising trend in mIoU and mAP when

the backbone changes from a simple structure to a complex one. Therefore, we

chose EfficientNet­B7 as our backbone for the proposed network.
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Table 5.1: The ablation study results (%) of the variants of the EfficientNet Family.
Eff is the short for the EfficientNet. The seven semantic classes are divided into
static and dynamic categories, and the mIoU and mAP for those two categories,
as well as the mean results across the seven classes, are reported respectively. The
best results are highlighted in bold font.

Variants Statics Dynamics mIoU mAP
mIoU mAP mIoU mAP

Eff­B0 36.55 62.17 8.21 24.76 27.85 46.14
Eff­B1 42.77 61.62 7.71 28.14 27.74 47.27
Eff­B2 42.61 60.01 8.26 26.41 27.89 45.61
Eff­B3 42.68 60.70 8.48 25.71 28.02 45.71
Eff­B4 42.94 62.51 8.26 25.46 28.08 46.63
Eff­B5 43.48 63.70 7.36 25.98 28.00 47.54
Eff­B6 43.03 62.01 8.30 23.59 28.14 45.54
Eff­B7 43.22 63.22 8.61 28.45 28.39 48.32

5.4.3.2 Ablation on the Semantic Forecasting

In this section, we compare the forecasting performance of the network with differ­

ent input and output conditions. This ablation study is separated into two groups,

which predict the semantic BEV map for the 1st and 3rd future frame, respec­

tively. Furthermore, we also set different numbers of the previously observed

frames as input for each group. Specifically, the 1, 3, and 5 past front­view im­

ages are fed into the network to forecast the future one or three frames.

Tab. 5.2 displays the results of this ablation study. We find that the network

forecasting the future one frame performed best when taking as input 3 past obser­

vations, while worse having 5 inputs. The situation is changed for forecasting the

3rd future frame. The table shows that the best performance can be achieved by

taking 5 past frames. We conjecture the reason for this change in the results is the
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Table 5.2: The ablation study results (%) of the semantic forecasting. The ex­
periment is separated into two groups, forecasting the 1st and 3rd future frame,
respectively. To further verify the semantic forecasting ability, we set three dif­
ferent inputs for each group. In stands for the number of previously observed
frames, and Of indicates which frame is predicted in the future. The best results
are highlighted in bold font for forecasting 1st and 3rd future frame, respectively.

In Of
Statics Dynamics mIoU mAP

mIoU mAP mIoU mAP

1 1st 41.09 63.96 6.71 26.48 26.36 47.90
3 1st 43.22 63.22 8.61 28.45 28.39 48.32
5 1st 41.61 61.44 7.37 26.03 26.93 46.27

1 3rd 36.74 56.64 5.07 21.89 23.10 41.75
3 3rd 38.24 56.22 6.03 24.36 24.43 42.57
5 3rd 38.84 58.00 7.22 26.94 25.29 44.69

information redundancy due to the increasing numbers of input. Using too many

past frames to forecast the near future frame is redundant, whereas longer­term

future prediction requires more past information to perform better.

5.4.4 Comparative Study

As the proposed network is the first method to forecast the semantic BEV map in

the F2F manner, we create several baseline methods to perform the comparative

experiments. The networks we chose for baseline comparison are specific to the

semantic BEV map prediction task. The networks include VPN [86], VED [83],

PYVA [89]. All those networks can only predict the current semantics without the

forecasting ability. So, to test the semantic forecasting performance of the pro­

posed module, we integrate the feature forecasting module into those networks.

The feature forecasting module is inserted behind the feature extractors to keep
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the original network structures unchanged. In this experiment, we also conduct

the test with different input and output conditions to compare the precision of se­

mantic forecasting. Meanwhile, we use the original network structures to predict

the semantic BEV map for the next future frame with the 1 frame input as a base­

line.

5.4.4.1 The Quantitative Results

The comparative results are shown in Tab. 5.3. Taking the three previously ob­

served frames, the proposed network achieves the best forecasting performance,

with 28.39% in mIoU and 48.32% in mAP. From the table, we can see that all the

networks inserted with the forecasting module get better forecasting results com­

pared with the origin structure (marked with 1/1 for the In/On term). This verifies

the effectiveness of our semantic forecasting module. In addition, the table shows

that our network performs best in predicting small dynamic objects, such as ob­

stacles, vehicles, and pedestrians, illustrating the superiority of our network.

5.4.4.2 The Qualitative Demonstrations

Some sample qualitative results are shown in Fig. 5.5. The networks take three

previous frames as input and forecast the next future semantic BEV map. In gen­

eral, our network achieves the best performance for the semantic forecasting task.

Compared with the other networks, Our network is sensitive to small objects like

obstacles and pedestrians (labeled in brown and yellow, respectively).
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5.5 Summary of This Chapter

The semantic BEV map offers a comprehensive representation of the environ­

mental information surrounding autonomous vehicles. However, existingmethods

only generate a semantic BEV map for the current frame. This limitation restricts

the observation range of the environment in a single frame, thereby limiting the

perception system’s warning capabilities for autonomous vehicles in special situa­

tions. To address this issue, this chapter proposes a network for forecasting future

semantic BEV maps.

Multiple frames of historical images are used as input to generate a semantic

BEV map for future scenes through the predictive capability of the proposed net­

work. we introduce a depth­context forecasting module that leverages the concept

of convolutional long short­term memory to simultaneously learn the spatial and

temporal features of sequence images. In our proposed future semantic forecast­

ing network, we first extract context features from historical observations and learn

depth distribution probabilities. The proposed depth­context forecasting module

is then employed to predict the features and depth distribution of future scenes.

In the experimental phase, we combined multiple historical images into an in­

put sequence using the publicly available autonomous driving dataset nuScenes

and created semantic BEV labels for future scenes. We validated the effective­

ness of the proposed method on the constructed dataset using mIoU and mAP as

evaluation metrics. Through ablation experiments, we determined the optimal pa­

rameters and network structure. Additionally, to compare with existing semantic

BEV map prediction methods, we established a set of baseline methods to fore­

cast future semantic BEV maps. The experimental results demonstrate that the
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proposed method achieves superior performance in future prediction, surpassing

existing baseline methods with mIoU and mAP scores of 28.39% and 48.32%,

respectively.

Although the proposed method demonstrates excellent capability in generating

future semantic BEV maps, this study did not account for the impact of dynamic

and static objects in the scene on future semantic predictions. Consequently, future

work will involve subdividing the objects in the scene and utilizing the attributes

of different objects as prior information for future scene prediction to enhance the

accuracy of the predictions.
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Conclusion

Environmental perception is a primary task in autonomous driving systems, pro­

viding crucial information about driving scenes. The semantic BEV map has be­

come a mainstream representation in environmental perception tasks due to its in­

herent advantages. Therefore, research on semantic BEVmap prediction is highly

significant for the advancement of autonomous driving. This dissertation focuses

on an in­depth study of semantic BEV map prediction tasks. Deep learning net­

works are commonly employed in generating semantic BEVmaps, which is a data­

driven approach heavily reliant on training datasets. However, due to the trans­

formation between the bird’s­eye view and the front view of the original collected

images, labeling semantic BEV ground truth presents many challenges. These

challenges result in an insufficient number of labeled images and labeling noise in

the dataset. To effectively address this issue, this dissertation first investigates a

semantic BEVmap prediction method under a semi­supervised framework, which

alleviates the network training process’s dependence on labeled samples while en­

suring the quality of the semantic BEVmap prediction. The ongoing advancement

107
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of autonomous driving systems necessitates enhanced capabilities for environmen­

tal perception systems. Current semantic BEVmaps still exhibit limitations in their

ability to convey comprehensive environmental information. To address this, this

dissertation investigates a method for generating full­view semantic BEV maps

using equidistant sequences. By incorporating historical environmental observa­

tions, the semantic BEV map extends its scope and predicts future scene changes,

thereby improving the perception system’s warning capabilities for autonomous

vehicles. The primary research contributions of this dissertation are as follows:

(1) A semi­supervised semantic BEVmap prediction network (S2G2 network)

leveraging contrastive learning is proposed to mitigate the reliance on labeled sam­

ples. The S2G2 network incorporates the contrastive learning framework into the

task of semantic BEV map prediction, facilitating training with both labeled and

unlabeled data. The network comprises a dual­attention view transformation mod­

ule and a dual­branch generator. The dual­attention view transformation module

employs attention mechanisms to extract inter­view and cross­view attention for

front­view and BEV features, generating two distinct BEV feature maps from the

same front­view input image and treating them as homologous similar features.

The dual­branch generator applies contrastive learning by inputting homologous

similar features into two identical network branches, achieving semi­supervised

learning through penalizing the consistency loss between the dual branch network

outputs. Experiments conducted on the publicly available Cityscapes autonomous

driving dataset demonstrate that the S2G2 network outperforms existing semantic

BEV map prediction networks, achieving superior results in semantic BEV map

prediction. The network improved semantic segmentation accuracy by approx­

imately 1%, reaching 58.86% mIoU and 70.23% mAP, and exhibited enhanced
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robustness to atypical lighting conditions.

(2) The Seq­BEV network, based on equidistant sequence fusion, is proposed

to address the issue of limited environmental observation due to constrained cam­

era field of view. To mitigate the failure of temporal series during driving, this

network innovatively utilizes equidistant sequence images to enhance the envi­

ronmental observation range of a single frame. The Seq­BEV network comprises

a two­stream encoder, a self­adapted sequence fusion module, and a road­aware

view transformation module. The two­stream encoder extracts sequence features

and spatial features separately, preserving the integrity of spatial features dur­

ing sequence fusion. The self­adapted sequence fusion module adjusts the de­

gree of fusion of different features from sequence images according to the training

progress. The road­aware view transformation module first extracts feature maps

containing road attention under auxiliary supervision, subsequently employing a

learnable spatial transformation network to project front­view road features onto a

bird’s­eye view. This module is designed based on principles of visual geometry,

which alleviate the limitations of the flat plane assumption in inverse perspective

mapping and provide explainability for view transformation. Using the publicly

available nuScenes autonomous driving dataset, this dissertation creates full­view

semantic BEV labels and semantic road layout labels. Experimental results on

this dataset demonstrate that the Seq­BEV network effectively extends the expres­

sion range of the semantic BEV map, resulting in a full­view semantic BEV map.

Compared to existing semantic BEVmap prediction methods, Seq­BEV improved

semantic segmentation accuracy from 35.25% to 38.86% as measured by mIoU.

(3) A future semantic BEV map forecasting network utilizing ConvLSTM is

proposed to equip autonomous driving systems with short­term future scene per­
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ception. The network employs the F2F strategy to forecast future scene informa­

tion, first extracting front­view context features and the depth distribution from

the historical observations. Additionally, a depth­context forecasting module is

designed, which uses the features and depths from historical images as input se­

quences to predict the features and depth distribution of future scenes. The com­

bination of depth distribution vectors and scene feature maps yields the feature

distribution in three­dimensional space. Finally, through BEV pooling, it is pro­

jected onto the BEV plane and decoded by a semantic encoder to obtain a semantic

BEV map for the future scene. Experimental evaluations on a publicly available

autonomous driving dataset demonstrate that when three frames of historical im­

ages are input into the proposed network, it effectively generates a semantic BEV

map for the subsequent one or three frames.

The key innovations of this dissertation are summarized as follows:

(1) A semi­supervised semantic BEV map prediction network leveraging con­

trastive learning has been proposed to reduce the reliance on labeled data during

training without the need for complex data augmentation techniques. A dual­

attention view transformation module was developed to convert front­view fea­

tures into a bird’s­eye view while generating a set of homologous similar features

as inputs for a contrastive learning­based dual­branch semantic generator.

(2) A full­view semantic BEV map prediction network based on equidistant

sequence fusion has been proposed. This network employs the training process to

control the fusion degree of sequence images and uses an explainable network for

view transformation. By innovatively using equidistant sequence images, the net­

work expands the observation range of a single frame image of the environment.

Additionally, a self­adapted sequence fusion module and a road­aware view trans­
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formation module are introduced.

(3) A future semantic BEV forecasting network based on ConvLSTM has been

proposed to accurately predict future scenarios and enhance the warning capabil­

ities of the perception system in autonomous vehicles. By employing a depth­

context forecasting module, historical environmental features are utilized as input

to infer a semantic BEV map for future moments, thereby enabling vehicles to

respond more promptly to forthcoming environmental changes.

In summary, this article has conducted an in­depth study on the prediction

method of semantic BEVmap in autonomous driving, yielding significant research

findings. Nevertheless, there remain several directions for further exploration in

future research, as outlined below:

(1) This dissertation addresses the issue of training samples and enhances the

information expression capability of semantic BEV maps. These challenges may

arise in various real­world scenarios. To adapt flexibly to changing conditions

in real­world applications, a unified network framework should be developed to

integrate the various capabilities of the network proposed in this dissertation. De­

pending on the specific task requirements, appropriate forms of semantic BEV

maps should be generated.

(2) Dynamic and static objects in a scene possess distinct attributes, necessitat­

ing an exploration of the impact of prior information, such as the motion state and

behavioral characteristics of different objects, on semantic BEV map prediction.

The advent of visual language models offers new perspectives for this research.

These models excel in understanding and generating natural language and images,

and can enhance semantic BEV map prediction networks by providing a more

accurate understanding of driving scene content.
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(3) In complex environments such as rain, snow, and low­light conditions,

visual sensors often face significant challenges in collecting environmental data.

Investigating the use of multimodal fusion for semantic BEV map prediction is

crucial. This approach involves integrating data from sources like laser radar point

clouds, which provide accurate distance information, with image data that offers

texture and color information. By combining these modalities, more reliable driv­

ing scene information can be obtained, thereby enhancing the autonomous driving

system’s ability to comprehend the complex scenes.

(4) In the process of generating semantic BEVmaps, height information of the

scene is often neglected, with only two­dimensional plane information being re­

tained. However, height information is crucial for distinguishing between ground

obstacles and suspended obstacles. Therefore, investigating the impact of height

information on semantic BEV map prediction can not only enhance the accuracy

of obstacle detection but also significantly improve the environmental perception

capabilities of autonomous driving systems.
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