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Summary

This thesis is written based on two main topics: Scene semantic recognition and road

lane marks recognition. The thesis first reviews the studies of general scene understand-

ing or recognition method using semantic segmentation approaches, and then focuses

on a more specific topic of analyzing road scene images for detecting road lane marks.

Semantic segmentation has been a popular topic in the field of computer vision research.

The main purpose of semantic segmentation is to label pixels of interest in an image with

corresponding categories of the objects. This thesis mainly focuses on scene recogni-

tion, a branch of semantic segmentation which takes more contextual information into

consideration. This thesis presents an experimental study in which a multi-task method

for scene recognition is proposed. In this method, edge information is used in enhanc-

ing recognition performance. A network which outputs both edge detection map and

pixel-wise segmentation is designed. The network is based on FCN and the prediction

branches of the two outputs are parallel. Each branch uses multi-scale features con-

catenation as the image representations. The method expects that the information from

edge detection could contribute to the ability of extracting image features for pixel-wise

segmentation.

Modern approaches on multiple road lane marks detection are facing several problems.

First, insufficient database make related solutions with machine learning technique dif-

ficult to train a robust model for application; second, current researches focus on single

lane marks detection, which pays less attention to entire roads’ condition. To solve the

problems, a database with proper ground truth of marks’ label set is constructed and

a method is developed for detecting and classifying road lane marks of entire roads

v



Summary

with Extreme Learning Machines (ELM). The implementation result shows promising

performance and further improvement could be expected.

vi
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Chapter 1

Introduction

1.1 Background

Computer vision has been developing fast over the years. Its theories and applications

have become one of most practical technologies among multiple fields. Such technolo-

gies, at present, considerably improve efficiency of humans’ works in different fields.

Essentially, computer vision represents works on analyzing images. As the ability of the

analysis increases, computer vision technology succeeds in assisting humans’ work, for

example, medical affairs, traffic environment, security, and entertainment.

The development of computer vision is closely associated with related algorithms and

the computation ability of computers. A great innovation of computer vision technol-

ogy is based on the generating and development of machine learning. A major target of

computer vision research is image recognition which extracts meaningful information or

representation from arbitrary images input. Traditional solutions have limited capability

of extracting features from images for the functions used for processing are relatively

fixed, making the extraction not robust. Machine learning technology provides multiple

approaches to image representation as it has ability of adjusting functions’ parameters

based on images input, which makes them more flexible for image processing. In the

modern time, deep learning, the framework that owns strong ability of function fitting,
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possesses large part of image processing solutions. It could generate function models

based on large number of data inputs of big variance for certain purpose. Based on

such ability, more approaches of complicated image processing problems turn to deep

learning for solutions and the results turns to be expecting. Besides, as more high-

performance computation devices are developed and applied, the speed of the process-

ing are accelerated and some applications satisfy real-time requirements while they are

impossible in traditional ways.

In the field of public traffic, different approaches are involved in depicting traffic situa-

tions or solving related recognition problems. Featured solutions contain vehicles detec-

tion, traffic signs recognition, road surface detections. Problems of these fields usually

have complicated data, in which images’ color, structures, textures differ greatly. Ma-

chine learning solutions have proved robust on generating models from such data. The

development of modern traffic makes auto-driving applications possible for practical im-

plementations. An ideal auto-driving system relies on robust computer vision solutions.

For example, to recognize road surface, the system must have pixel-wise recognition

ability on traffic images to locate road regions precisely. On the other hand, the system

should be aware of the lane where the vehicle is running. Both missions are essential for

a regular driving system. In this thesis, the pixel-wise recognition and lane recognition

solutions are discussed in detail.

1.2 Motivation

Scene recognition, or scene parsing, is a typical task of semantic segmentation. It labels

a whole input image with corresponding categories. It is a pixel level labeling procedure.

After an ideal scene parsing, every scene component and every object is delineated and

tagged. Scene recognition is a combination of multi-label classification, segmentation,

and detection. Different from common process, scene recognition does not only detect

objects or regions, it also shapes them, which requires recognition methods to be sen-

sitive on pixel-level information. Therefore, the related approaches consider of factors
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that are different from normal object detection tasks.

The main challenges for scene recognition tasks is to produce valid representation of the

visual information and the utilization of contextual information in the images. To realize

ideal recognition, the representation for each region or pixel directly influences parsing

result. If the representation is not properly built, classification errors may occur on some

regions of images, or even the entire images. Contextual information extraction has been

a popular topic among recognition approaches. As scene recognition requires precise

segmentation on every object and region, the interaction between pixels or regions has

value on performing more accurate predictions.

In the field of road lane marks detection, computer vision approaches are widely utilized

to recognize the features of road lane marks. Besides, graphical model methods are

used for video lane marks tracking tasks. Recent researches have paid more attention on

discriminating the categories of lane marks. Different from the detection, classification

on lane marks requires more knowledge on image patches’ features. modern solutions

of classification rely more on machine learning approaches, and some solutions have

been presented. Among the solutions, lane marks are classified using simple criterion.

By discriminating shapes and colors, the marks are categorized in different labels.

The main challenges of the lane marks detection and classification is the feature ex-

traction and marks localization. Since the marks’ samples are simple and contain less

texture or symbols than other objects, less information can be obtained using general

features extracting methods, which makes classification hard to determine the categories

of the marks samples. In actual implementations, the scenarios of lane marks detection

are changing in camera’s viewpoints, illumination of the environments and surrounding

conditions of the road surfaces. These factors influence the marks’ features extraction

difficult for more noises of different kind may interrupt. Therefore, finding the location

of the marks are more difficult.
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1.3 Objectives

The Main focuses of the thesis based on two independent sections. The first section

introduces the research work on scene recognition is introduced. This work contains

two parts. One is the project based tasks on refined scene recognition of normal Singa-

pore scenarios. The other is the experiment on optimizing segmentation precision using

multi-task network frameworks. The second focuses on optimizing road lane marks’

detection and classification performance using machine learning methods. The solution

is expected to optimize the classification performance on multiple marks’ categories.

1.4 Contributions

The works presented in the thesis contains following parts. In the scene recognition

part, a possible method for refining image features is proposed. It utilizes multi-task

deep network framework for simultaneous feature extraction of both regions and edges,

which in return potentially benefits the capability of the network for analyzing images’

textures and structures. Besides, for the corporation project, a new convolution method

called dilated convolution is used for high-resolution segmentation. The convolution

method enables network process images without pooling convolved layers, which con-

sequently retains image features’ resolution and produces detailed segmentation map.

In the section of road lane mark detection, a dataset is collected based on Singapore

road. the dataset contains road lane marks of 6 categories from different road condi-

tions, covering almost all situations of Singapore environments. Therefore, the dataset

is able to represent Singapore road lane marks. The section also provides a method for

detecting and classifying road lane marks. In the method, RANdom SAmple Consen-

sus (RANSAC) is used for detecting road lane marks,in which it clusters neighbored

lane marks edges and form a representation line for marks. Extreme Learning Machines

(ELM) is used for lane marks classification. ELM is a single layer feedforward network.

It has faster training speeds while preserving competitive performance of inference. The

solution is experimented on the Singapore road lane marks dataset and the performance

4



is expecting.

1.5 Organization of the thesis

The thesis first introduces my study of scene recognition methods and road lane marks

detection. Then an implementation of scene recognition for STE project is presented.

An experiment is also performed on multi-task based scene recognition for more precise

segmentation. The second part of the thesis is introducing my solution of multiple lane

marks detection and classification in different scenarios.
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Chapter 2

Literature Review

2.1 Scene recognition using non-deep learning methods

2.1.1 Representation of spatial context information

Scene recognition is a task that labels every pixel with corresponding categories. In the

view of computer vision, scene recognition is a typical pixel-level task which execute

computations on each pixel. Intuitively, scene recognition groups pixels of certain log-

ics into one corresponding labels, which is similar to superpixel. As a typical non-deep

learning solution of image segmentation, superpixel calculates entire image of input and

draws a map of regions that groups visual similar pixels. The method is capable of ex-

tracting informations from input to depict an approximated structure of input. However,

the method lacks ability of classifying grouped regions with proper labels, and does not

provide information of connections among the grouped regions. Since the connection

represents the context information over the image, certain model is required so that the

image can be represented with both regions’ internal features and the context.

Based on the requirement, the graphical model and its theory is utilized as a solution.

According to formal definition, graphical model is sourced in probability modeling that

provide an environment for depicting conditional dependence among random variables.
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It contains vertices that represents elements and edges among vertices that represents

the connection the elements. A typical graphical model encodes distribution of a set of

variables or a graph. The input is not only limited in one dimensional sequences or inde-

pendent elements but also complicated network of random variables. Some instances of

graphical model have shown strong ability of collecting information of sequences and

multi-dimensional networks. In the field of scene recognition, the input can be regarded

as a two dimensional graph. To efficiently represent the image as required, a model that

can handle both internal and context information is introduced which is called Markov

Random Fields (MRF). Furthermore, to better build representation of the context, an

integration of MRF, Conditional Random Fields (CRFs) is utilized in actual implemen-

tations.

Graphical CRFs

The CRFs models have two kinds: Linear-chain CRFs and Graphical CRFs. The Linear-

chain CRFs is fundamental for CRFs theory and has been successfully used in natural

languages processing. The graphical CRFs can be regraded as an expansion of Linear-

chain CRFs. Following the basic properties of graphical models, CRFs consist of ob-

servations and labels. Denoting Y,X as random vectors, Y as labels and X as observa-

tions. In CRFs models, the observations and corresponding labels’ distribution p(y|x)

is formed with:

p(y|x) =
1

Z(x)

T∏
t=1

exp{
K∑
k=1

θkfk(yt, yt−1,xt)} (2.1)

where {fk(y, y,xt)}Kk=1 is a set of feature functions of observations and θ = {θk} ∈ RK

is corresponding parameter. Z(x) is an input-dependent normalization function.

The distribution can be extended into graphical mode. Define a graph G on X and Y .

And x, y are values of X, Y , respectively. If the distribution The (X, Y ) is a conditional

random field p(y|x) factorizes in G, then (X, Y ) is a conditional random field.
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Here the distribution is defined as:

p(y|x) =
1

Z(x)

A∏
a=1

Ψa(ya,xa) (2.2)

where a is the clique index that a = 1, ..., A covering entire graph. Ψa(ya,xa) is the

clique feature function on clique a and Z is the normalization function.

The inference through CRFs is to find y? = argmaxy p(y|x) for the input x. The input

could be sentences to perform natural language processing, and images to perform the

image segmentation. Due to the robust ability of obtaining information of neighbor

variables, CRFs models are able to collect context information in an arbitrary image.

However, directly computing the CRF’s distribution is difficult. because the inference

requires large storage space and computation resources.

Several methods are used for computing approximated results with CRFs. For exam-

ple, Markov Chain Monte Carlo (MCMC) methods solves the problem of difficulty on

approximate a marginal distribution directly. The method generates approximate sam-

ples from the joint distribution p(y). Belief Propagation (BP) is a direct generalization

that imitates ground truth distribution for linear-chain CRFs as well as tree-structured

graphs. Both methods are proved valid for CRF model inference. But for general graph-

ical CRFs inference, such methods may become more complex to perform computation.

Fully-connected CRFs

Graphical CRFs provide a structure for efficiently storing internal and context infor-

mation of an image. However, inference of graphical CRFs is time-consuming due to

the normalization function’s computation and parameter updates. Therefore, a new ap-

proach to solve the computation problem is introduced, and the graphical CRFs model is

changed accordingly. Standard CRFs, including graphical CRFs, only connects neigh-

bor elements in the graph. The modified CRF model connects and encodes arbitrary

two elements in the graph. Thus this new member of CRF model family is called full-

connected CRFs[13].
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By setting more connections between elements, fully-connected CRFs stores more in-

formation of context, which enables one element’s receive enough information form

entire image for inference. It seems to enlarge the computation load. Actually, a new

method for the inference suits such model better, which saves time for computation.

Inferences that uses fully-connected CRFs compute the energy of the whole graphical

model. The model can be an image or a sequence of images. Here only a single im-

age is discussed. In terms of fully-connected CRFs, the model’s energy follows Gibbs

Distribution:

Definition 2.1 A probability distribution P is Gibbs Distribution when it can be written

as:

P (x) =
∏
A∈C

VA(x) (2.3)

where C is a clique of variables, VA is a positive function that depends only on x through

the {xt : t ∈ A}.

Based on the definition of Gibbs distribution, HMMs and CRFs can be described by

Gibbs concepts.

Figure 2.1: A brief illustration of fully-connected CRFs[1].

A fully-connected CRF (X,Y) is characterized by a Gibbs distribution. In the case of

image segmentation, the model is described as fully connected pairwise CRF. In this

model, the Gibbs energy is as following:

E(y) =
∑
i

ψu(yi) +
∑
i<j

ψp(yi, yj) (2.4)

In this definition, i and j denotes the pixel indices, which ranges all over the image.
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ψu(yi) is the unary potential that measures the energy independently for each pixel by

certain classifier to recognize the pixel’s label yi based on the input image’s features;

ψp(yi, yj) is denoted as pairwise potential. In this model, the potential has the form:

ψp(yi, yj) = µ(yi, yj)
K∑
m=1

w(m)k(m)(fi, fj) (2.5)

Each k(m) in the expression is a Gaussian kernel k(m)(fi, fj) = exp(−1
2
(fi−fj)TΛ(m)(fi−

fj)), the vector fi and fj are features that represent pixel i and j, w(m) are weights for

each kernel, and µ is a label compatibility function. Each kernel k(m) consists of in-

formation from color and position which are defined as Ii, Ij and pi, pj , respectively;

k(fi, fj) = w(1) exp

(
− |pi − pj|

2

2θ2
α

− |Ii − Ij|
2

2θ2
β

)
︸ ︷︷ ︸

appearance kernel

+w(2) exp

(
− |pi − pj|

2

2θ2
γ

)
︸ ︷︷ ︸

smoothness kernel

(2.6)

where parameter m here is 2. In the equation, the appearance kernel depicts the sim-

ilarity of two neighbored pixels’ color. If two neighbored pixels are similar or same

in color, then they are more likely to be of one label. The similarity measurement is

controlled by the factor θα and θβ . The smoothness kernel suppresses small scattered

regions. The parameters are trained with corresponding data.

The function µ computes label compatibility from Potts model, µ(xi, xj) = [xi 6= xj].

Through this function, similar pixels that are assigned with different labels will increase

the value of the function result, which leads to increase in overall energy of the model.

To accelerate the inference speed, a methods called Mean Field Approximation[14] helps

the inference task. It approximates a distribution Q(Y) based on given features of the

input and minimizes the KL-divergence D (Q‖P) among all distributions candidates Q

that can be decomposed into a product of independent factors, Q(Y) =
∏

iQi(Yi).

A detailed algorithm of the inference is as following:

In the algorithm, each step possesses different proportion of entire execution time, in

10



Algorithm 1 Mean Field Approximation

InitializeQ B Qi(yi)← 1
Zi

exp{−ψu(yi)}
while not converge do
Q̃

(m)
i ←

∑
j 6=i k

(m)(fi, fj)Qj(l)∀m B Message passing from all Yj to all Yi
Q̂i(yi)←

∑
l∈L µ

m(yi, l)
∑

mw
(m)Q̃

(m)
i (l) B Compatibility transform

Qi(yi)← exp{−ψu(yi)− Q̂(m)
i } B Local update

normalize Qi(xi)
end while

which the message passing step is most time-consuming. The message passing step

collects information for one variable from all other variables, which means a summation

is computed. And the summation iterates over all variables. Obviously the computation

load is heavy. Here the High-Dimensional Filtering method is used to alleviate the

computation load.

By re-writing the message passing step, it is ’transformed’ into a convolution version

with Gaussian kernel GΛ(m) in feature space:

Q̃
(m)
i (l) =

∑
j∈V

k(m)(fi, fj)Qj(l)−Qi(l)︸ ︷︷ ︸
message passing

= [GΛ(m) ⊗Q(l)]︸ ︷︷ ︸
Q

(m)
i (l)

−Qi(l) (2.7)

Using this expression, Q̃(m)
i (l) is to be ’convolved’ from Q

(m)

i (l) because the convolu-

tion sums over all variables, while message passing does not sum over Qi.

This step is similar to the low-pass filtering in the field of typical signal processing

theorem. Based on this theorem, the message are ’sampled’ with a band-limited function

where the band width is Q
(m)

i . And to ensure message reconstruction without loss, the

band width of the filter in the frequency domain must wider than the band width of

the message. Thus ensures the sampling or so-called downsampling and reconstruction

(upsampling) can be completed without error.

The estimation for parameter of the model divides in three parts. For parameter w(1),

expectation maximization and high-dimensional filtering is used; For parameter θα, θβ ,

grid search on a holdout validation is efficient, which is also available for estimating
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Algorithm 2 High-dimensional filtering on message passing

Q↓(l)← downsample(Q(l))

∀i∈V↓Q
(m)

↓i (l)←
∑

j∈V ↓ k
(m)(f↓i, f↓j)Q↓j(l)

Q
(m)

(l)← upsample(Q
(m)

↓ (l))

q(1); For parameter w(2) and θγ , in the smooth kernel, they do not affect classification

accuracy, significantly. Here they are set by 1, which proved to work well in practice.

Integration

In the modern technique of scene recognition, CRFs and their extensions still contributes

to high-accuracy tasks[1]. Combined with deep networks, CRFs acts as a final adjust-

ment for labeling results. It corrects some tiny errors on the labeling maps to make the

shapes and boundaries of the map more precise. Besides, its high-performance repre-

sentation on graphic model still makes contribution to related fields[15].

2.1.2 Flexible modeling for image

Solutions using CRFs model are capable of encoding images with local and context

feature. Related researches have made progress on the semantic segmentation tasks.

However, such methods have some disadvantages: (1) Functions used for CRFs models

are limited in categories; (2) CRFs and their integrations may faces limited topology for

modeling relationship between elements; (3)although several estimation algorithm are

presented, CRFs’ computation speed is not satisfying.

Auto-context method provides a faster and easier routine for image segmentation and

related tasks. The method aims at computing posterior distribution directly in a su-

pervised approach. The method also aims at computing a marginal distribution of the

posterior. Each image for training is input along with its corresponding labeling map

ground truth. A classifier is trained to recognize the label of each pixel. Two kinds

of features can be utilized by the classifier for training: (1) image features extracted

from the local image patches centered at the current pixel, and (2) context information
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Figure 2.2: Illustration of auto-context procedure where the classification map updates
at each iteration. The red patches are selected context patches for the pixel in training[2].

or features which connect to the current image patch. Auto-context initially produces

a classification map using certain classifier, which is an initial feature for further iter-

ation. The initial classification map does not construct any context information. The

trained classifier will produce an updated classification map for the next classifier. The

algorithm perform iterative approach to the ground truth until the error between ground

truth and predicted map convergence. In the actual implementation, the method follows

the same processing steps as the forward steps of training in which the trained classifier

sequence is applied.

Auto-context

Auto-context[2] is presented to better compute the marginals. To start an auto-context

procedure, an initial classification result or label map of image patches is produced by a

learned classification model. The result can be written as:

P(0) = (p
(0)
1 , ...,p(0)

n ) (2.8)

where p
(0)
i is the posterior marginal for each pixel i learned by certain classifier.

Because the algorithm requires computation on image patches, some definitions are set

in advance. Denote a training set S = {(yij, Xj(Vi)), j = 1, ...,m, i = 1, ..., n}. The

method receives image patches Xj(Vi) centered at each pixel (i is the pixel index) as

input where Vi denotes all the pixels in the patch.
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In auto-context, the training is executed in an iterative way. Based on the initial prob-

ability map P(0)
j (i) on image patch Xj(Vi) for each j in the image, a classifier is set

and trained using the probability maps and the training set. The training outputs a new

probability map which is iterated in a new classifier. Consequently, a classifier sequence

is built for actual implementation. For each image patch, a set of context pixels are

chosen and trained together with the patch in one iteration. These context pixels can

be chosen in neighbor regions of i pixel or the ranged regions. It is determined by the

learning algorithm. Once a new classifier is trained, the algorithm iteratively perform

the training based on the previous result until the error between ground truth and pre-

diction converges. To conclude, the algorithm is an iteration processing of the following

update on marginal distribution:

p(n)(yi|X(Vi),P(n−1))→ p(yi|X) =

∫
p(yi, y−i|X)dy−i (2.9)

In the actual implementation, the first classifier does not produce context feature for next

training. Because the probability map is not robust enough for clear recognition. How-

ever, some applications can utilize such properties. e.g. medical image segmentation,

the structure of image elements are relatively fixed in the view of certain organ, which

makes the features selection easy to determine. One then can use a probability map as

the initial P(0).

Algorithm 3 Auto-context method

Input: S = {(Yj, Xj), j = 1..m}
Produce probability maps P(0)

j for each input Xj with uniform distribution on all the
labels. For t = 1, ..., T :

(1) Set up St = {(yj, (Xj(Vi),P(i)
j )), j = 1..m, i = 1..n} as training set;

(2) Use image features fromXj(Vi) and context feature maps fromP(t−1)
j (i) to train

a classifier;

(3) Compute new classification maps P(i)
j with trained classifier;

Output: p(n)(yi|X(Vi),P(n−1)(i)). A sequence of trained classifiers
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Understanding auto-context

The auto-context method works mainly on computing marginal distribution, while Be-

lief Propagation (BP) has been a popular solution for the same problems. There are

some differences between BP and auto-context that influence their procedure signifi-

cantly: (1) On the graphical model, BP measures every pixel pairs on all possible labels;

Auto-context uses selected filters to evaluates a sequence of learned classifiers. There-

fore, auto-context is capable of measuring long range of support features. (2) BP is

performed on fixed structures and share same update procedure. Auto-context could

choose the specific way of classification. (3) In BP, the processing is separated into

several stages, computing pixel-wise energy and pair-wise energy then compute the

distribution. Auto-context directly computes the marginal distribution and the actual

inference have same steps of processing as the learning phase.

Integration

Auto-context method has great value on scene recognition development. In the manuscript,

one opinion is worth consideration that label (in probabilities) contexts greatly improve

the segmentation/labeling result. The opinion provides a important idea that context in-

formation is important for semantic segmentation. Current research also prove that in

some tasks of representing fixed structures, e.g. medical images, auto-context method

could still contribute to making good performance for it collect information with a fixed

routine on images, which could gather information not only from texture but also struc-

tures.
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2.2 Background of Scene Recognition and Deep Learn-

ing

2.2.1 Introduction

With the development of deep learning, image segmentation and its related tasks find a

robust way of extracting images’ information and performing further computing. Deep

learning methods and their applications benefit from modern computation device such

as high-performance CPU and GPU, getting state-of-the-art performance as well as high

processing speed. Compared with traditional methods, deep learning methods suits

GPU computation framework, which has been utilized in a number of video games’

high speed vision rendering. Besides, the methods provides big framework to extract

input data’s information, or called features, acquiring massive and valuable data for

related tasks. Based on the advantage of computation devices, some new methods of

convolution operation are introduced to accelerate convolution and optimize data usage

[17].Therefore, deep learning and its relative applications dominates the field of image

representation and processing.

Currently, a popular and robust network type is introduced and widely utilized: Convo-

lutional Neuron Networks (CNN). It produces a series of feature vectors for regions of

multiple sizes centered around every pixel in the image, covering a large context[18].

Generally, the features extracted from CNN mainly represents images’ pixel-wise in-

formation. For a feature map of an image, each level contains different degree of in-

formation As convolution level goes deeper, the feature map on every point could store

information with wider regions in the original images, and low-level features’ represen-

tations on original image are more local.

Obviously, deep network requires proper learning methods to construct a model for fur-

ther application. Back propagation (BP) is used in most of learning procedure. Because

of massive dataset and complexed parameter frameworks, learning procedure could be

time-consuming even in high-performance computing devices. A number of modern
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learning methods have shown that, once a general model is properly learned for a ba-

sic task, e.g. image classification, it could be further used in other tasks using same

network structures. Learning procedures that are based on such models could perform

fine-tuning with corresponding dataset instead of learning a new model, which could

save much time and the performance is still robust.

Another important part of deep learning is data. As mentioned above, deep learning

requires massive data to train and test networks. Generally, a dataset of images con-

tains images to train and corresponding classes or labels for loss computing and testing.

Datasets are established for certain target, e.g. ImageNet[19] is mainly for image clas-

sification, VOC[7] is mainly for image segmentation, NYU[20] dataset provides image

segmentation data as well as depth information for related researches; KITTI dataset[21]

focuses on traffic related data collection, including traffic objects detection and driving-

related scene components recognition. ADE20K[22] is for scene parsing. For each

dataset, categories differs for their unique purposes. For major datasets such as VOC

2010[7], 460 categories are contained in 19,840 images. Based on their images and la-

bels’ capacity and diversity, different dataset may influence learning result in different

degrees.

This section focuses on reviewing fundamental deep learning frameworks of scene recog-

nition and analysis of corresponding datasets.

2.2.2 Recurrent Neural Networks (RNN)

Introduction

The CRFs models and auto-context models provide robust routines for encoding inter-

nal and context information over images. However, such models’ execution is time-

consuming and reported low performance when processing complicated images. The

problems may source from the way of representation. The CRFs models build repre-

sentations directly from pixels. As an image contains numbers of pixels, computing

connections among them definitely costs large resources. Besides, computation over
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pixels pays less attentions on regional information. Admittedly, pixel-level processing

contributes representation over an image. However, such representation does not pro-

vide high-level features for classification since processing pixels individually cannot

bring more information. Therefore, when processing complicated or general image, its

robustness may fall. Similarly, auto-context sets up a fixed structure for extracting con-

text information, which may negatively influence its training on general images as they

do not share similar structures.

Based on these reasons, more techniques are used for enhancing the context representa-

tion. One efficient solution is that, grouping neighbor pixels into patches, and building

dependencies over these patches. Such routine is similar to the combination of CRFs

models and auto-context, which utilizes pixels clusters’ information and establish con-

text representation over entire image. One model called Recurrent Neural Networks

(RNN) [3] is capable of such representation. It encodes such context into spatial depen-

dency, which provides information among image patches over entire image.

For Recurrent Neural Networks (RNN), images can be represented in certain spatial

logic. The main target for RNN to extract spatial features is considering the spatial

dependencies in images. Recent studies [3] [4] usually separate original images or its

feature maps into n× n square regions and use RNN framework to learn the features in

certain orders. Such methods gains information of connections among image patches. A

straightforward way is to learn all types of image region combinations, which costs huge

resource of computation and the effect is not reliable. To better learn the dependencies,

the network should have ability of memory that all the processed data can be saved and

their correlations can be analyzed.

In this section, a typical RNN framework is introduced and the combination of RNN

and CNN is presented.
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RNN theory

RNNs are modified neural network that one hidden state receives feedback from the out-

put of the previous hidden states. The feedback procedure performs as a loop in basic

RNN frameworks. The frameworks are designed for extracting context features of cor-

responding data, especially for sequential data flows[3]. Recent researches report good

performances on natural language processing using RNN[16]. RNN mainly processes a

set of data with sequential order based on certain rule. Denote the length of sequence

as S. Set x(s) as the input data of the sequence at state s ∈ [1, ..., S], h(s) as the hidden

layer, and y(s) as the output. A typical RNN forward procedure can be described as:

h(s) = fh(Whhh
(s−1) +Wihx

(s) + bh) (2.10)

y(s) = fo(Whoh
(s) + bo) (2.11)

Wih,Whh,Who are the transformation matrices or parameters connecting x(s) and h(s),

h(s−1) and h(s), h(s) and y(s), respectively. bh and bo are the constant bias terms, and fh

and fo are the non-linear activation functions.

The feedback loop of RNNs enables the framework store all the previous inputs and their

extracted information. The storage is progressively increased by updating Wih,Whh.

Who. Ideally, the RNNs can store all the information they have processed. Such in-

formation is valuable for establishing useful connections between current data and its

context. In the field of computer vision or semantic segmentation, RNN is utilized for

extracting information for internal regions’ connection inside one image and find the

dependencies among regions.
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Input data for RNN processing

Generally, images can be directly sent to RNN for further processing. However, due to

huge diversity of every image, raw image inputs also carry massive noises which may

ruin RNN performance. Thus, the input data should keep their own feature as well as

enhancing the compatibility of interacting with other data. Fortunately, As CNN devel-

ops, such requirement can be easily satisfied. As talked before, CNN get raw images

and produce rich image representations for each image, which contains rich features

to describe images and suppresses noises of images. Therefore, the image features are

suitable as input data of RNN processing. And experiments proved it efficient. Here,

the combined network of CNN and RNN is called C-RNN.

RNN for images

Similar to text and sound, images also have contextual information and carries structured

dependencies.

In the view of human vision, images have multiple structures based on their colors,

edges, and different objects they contain. Such complexity produces information as

well as complications for image processing that they do not have existing routines to

store their structures. Using RNNs on them face difficulties of the ways to represent

the images’ context. To make the representation uniform and easy for further process-

ing, the image is transformed into 1D sequence that contains all the image patches of

same size. Using the sequence, RNN learns the spatial dependencies for these patches.

Furthermore, the RNN can only utilize previous context. In fact, future context is also

helpful, especially in image data, as images do not hold predetermined structures or

dependencies. Therefore, a four-direction sequences is generated from one image and

an RNN is used to process these sequences to extract context information of all the

directions mentioned.
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Figure 2.3: An illustration of RNN image sequence construction[3]

In the implementation, RNN searches all the sequences one by one in four orientations:

from bottom to top, from top to bottom, from left to right, and from right to left. For each

orientation, unified weights Whh and Wih are shared for all the image region features in

each orientation. The weights are specified by directions: Whh→ and Wih→ for the left-

right, Whh← and Wih← for the right-to-left, Whh↓ and Wih↓ for the top-bottom and Whh↑

and Wih↑ for the bottom-top.

For each sequence, the RNN can be formulated as:

h(s)
→ = fh(Whh→h

(s−1)
→ +Wih→x

(s) + bh→)

h(s)
← = fh(Whh←h

(s−1)
← +Wih←x

(s) + bh←)

h
(s)
↓ = fh(Whh↓h

(s−1)
↓ +Wih↓x

(s) + bh↓)

h
(s)
↑ = fh(Whh↑h

(s−1)
↑ +Wih↑x

(s) + bh↑)

h(s) = h(s)
→ + h(s)

← + h
(s)
↓ + h

(s)
↑

(2.12)

In the processing of training, the parameter updating is done by back propagation through

time (BPTT), which is a variant of BP.

Obtaining information by four sequences and take their summary reflects basic routine

of the image representation with RNN. However, the specific method has big space

for optimizing. Sequencing image regions direction by direction makes computation
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complicated and the information may get loss for each sequence contains context infor-

mation of one direction. A new kind of sequencing method is needed that also takes

image regions as element but uses different sequencing order.

DAG-Recurrent Neural Networks

One of the successful example is the Directed Acyclic Graph (DAG)-RNN framework.

The method also takes CNN image representation as input. Different from the RNN

method, DAG-RNN[4] uses Undirected Cyclic Graphs (UCG) and decomposes it into

multiple DAGs to store spatial dependencies information.

Since UCG is a cycle structure, it is unable to unfold its graph into an acyclic processing

condition for the context information in UCG is closed. Therefore, some new graph

representation for 2D images that is accessible in RNN should be used to construct the

representation of the image. Thus, the UCG is decomposed into many small cliques

called DAG.

In the method, an image I is stored in the form of graph G = {V , E}, where V =

{vi}i=1:N stores the images patches and E = {eij} stores the connection between

patches (eij denotes the connection from vi to vj). The graph is regarded as input of

the whole network and a hidden layer is built with the same form as the graph so that

a forward processing on the sequences can be established by scanning G. Following

the input layer, The hidden layer of nonlinear function h(vi) receives its corresponding

local input x(vi) and other hidden layers’ output as input, which is the typical structure

of RNN. The output from other hidden layers are summed as the input to the current

hidden layer. And the local input x(vi) is formed by feature of the corresponding image

patch. Based on the definition above, the basic forward procedure of DAG-RNN can be
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expressed as Eq.2.13.

ĥ
(vi)

=
∑

vj∈PG(vi)

h(vj)

h(vi) = f(Ux(vi) +W ˆh(vi) + b)

o(vi) = g(V h(vi) + c)

(2.13)

where x(vi), h(vi), o(vi) denote the input, hidden and output layers located at vi in the

graph, respectively, PG(vi) is the direct predecessor set of vertex vi in the graph G,

ĥ
(vi) is a summation over the information of all predecessors of vi. As the number

of predecessors for each vertex in G is fixed, a specific W can be learned for each

predecessor. Thus a trained dependency of the context model can be acquired.

In the training phase, similar to typical networks, DAG-RNN also requires backward

pass to update parameters. In this phase, DAG-RNN computes derivatives on each ver-

tex in the graph. The derivative at vertex vi is computed as following:

∆V (vi) = g′(o(vi))(h(vi))T

dh(vi) = V Tg′(o(vi)) +
∑

vk∈SG(vi)

W Tdh(vk) ◦ f ′(h(vk))

∆W (vi) =
∑

vk∈SG(vi)

dh(vk) ◦ f ′(h(vk))(h(vi))T

∆U (vi) = dh(vi) ◦ f ′(h(vi))(x(vi))T

(2.14)

where ◦ denotes the Hadamard product. g′ = ∂L
∂o(·)

∂o(·)
∂g

is the derivative of loss functionL

with respect to the output function g and f ′(·) = ∂h
∂f

. The second term, dh(vi), propagates

local information over vertices.

The UCG is decomposed into a set of DAGs: GU = {G1, ...,Gd, ...}. Therefore, the

UCG-structured images are represented as the combinations of a set of DAG-structured

images. Each DAG factor executes computation of DAG-RNN independently as their

own hidden layer hd is built. Each DAG-RNN produces an output o by aggregating the
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independent hidden layers (Eq. 2.15).

h(vi)
d = f(Udx(vi))

∑
vk∈SG(vi)

Wdh
(vj)
d + bd

o(vi) = g(
∑
Gd∈GU

Vdh
(vi)
d + c)

(2.15)

where Ud,Wd, Vd and bd are weight matrices and bias vector for the DAG Gd, PGd(vi)

denotes the direct predecessor set of vertex vi in Gd.

Figure 2.4: The general procedure of DAG-RNN processing which combined with CNN
feature extraction and deconvolution label map reconstruction[4]

The whole network combines Convolution network, DAG-RNN network and deconvo-

lutional network. The convolutional network produces compact and rich features for

DAG-RNN to process. Then DAG-RNN receives the features and performs inference.

Finally, the deconvolutional network is used to upsample the features maps that DAG-

RNN produces by learning a set of filters.

Implementation

In the experiment, the SiftFLow dataset, which contains general scene label ground

truth, is used for measurement. For the DAG-RNN fully labeling network, VGG-16

with corresponding pre-traiend model is used for image feature map extraction.

The image feature comes from the conv5 layer of VGG-16. In DAG-RNN part, there

are two kinds of UCG decomposition. The figure shows that there are 4 and 8 neighbor-

hood systems. As exampled in the figure, the length of propagation from v9 to v1 is in

G8
nwhalved to that inG4

nw.
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Figure 2.5: Two ways of UCG decomposition[4]

The DAG-RNN is trained using Stochastic Gradient Descent (SGD) method. The pa-

rameters are updated iteratively as the training images are inputed one by one.

2.2.3 Fully Convolutional Networks

Introduction

CNNs are driving advances in recognition networks. Developed from classification[23],

more researches utilize CNN for local tasks including object detection[24], regional

prediction, and local correspondence.

The further step of image inference, is to make predictions at every pixel. Previous work

has made accomplishments on related fields with convnets. However, These works may

occur some short-comings. The fully convolutional network (FCN) [5]is developed to

improve the performance of image segmentation. And as the framework develops, FCN

has been the basis of many popular networks for image segmentation and related tasks.

A main contribution of FCN is that it provides an end-to-end, pixel-wise on baseline

for semantic segmentation. It provides an efficient solution for high-performance dense

prediction of inputs in arbitrary size. Similar as traditional deep network training, the

training and test of FCN can be performed with feedforward computation and Back

Propagation. Unlike former methods, FCN extend standard deep network for image

classification, using pre-trained network model and change the fully connected layers

into fully convolutional layers to process images and their pixel-wise representations.
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Figure 2.6: A brief procedure illustration of FCN framework.[5]

Multi-scale context features

To get ideal results of scene recognition, obtaining proper image features is crucial for

further prediction. By computing with CNN framework, feature extraction has become

efficient and robust. In the field of image classification, a well-trained CNN model could

provide robust image features (mostly single scale) for accurate classification. Scene

recognition requires pixel level information for accurate segmentation and classification,

thus the network should provide features with richer information.

Fully Convolutional Network (FCN) has provided multi-scale feature structure for ob-

ject segmentation. The multi-scale structure collects feature map from different scales

with respective to the original image and concatenates them together for further pre-

diction. The FCN network contains two modules including downsampling path and

upsampling path. This kind of combination can be traced back to some previous work

which concatenates several feature elements as a pixel’s or region’s representation[25].

The downsampling path, similar to normal deep network, provides features for classi-

fications, and upsampling path contains deconvolution, which upsamples features and

output score masks. These two paths could extract high level information, which helps

upsampling path predicting the score masks in a pixel-level way.

One key point for multi-scale feature is the receptive field of convolution network. As

convolution goes deeper, each point of the feature map has larger receptive field than

its former layer, which means that in the high-level feature map, each feature point

contains rich context information of the corresponding pixel and its neighbor pixels in
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the original image. In the field of image segmentation and scene recognition, executing

pixel-level prediction requires information from the pixel and its neighbors. The quality

of these information totally depends on the corresponding feature map. Thus, a proper

receptive field for each feature point leads to an ideal segmentation result.

In the case of scene recognition, a pixel label’s prediction based on not only its own

information, but also the neighbor pixels’ information because scene components are

logically connected. For example, there cannot be a ship running on the road, or a

car completely floating in the air. Collecting context information helps suppress such

ambiguity. Besides, some scene components require consistency in the labeling results,

for example grassland and ocean. Using context information could help reduce the

appearance of the inconsistency.

Therefore, based on FCN, the multi-scale feature map with contextual feature represen-

tation is established for this scene recognition model. Specifically, the network contains

a number of convolutional layers, 5 max-pooling layers for downsampling and 3 decon-

volutional layers for upsampling pixel-wise map and edge map respectively.

Network architecture

In a typical FCN framework, each layer outputs a data feature of height h, width w and

number of channel d. The first layers receives input image of 3 dimensions, namely

d = 3 and its size is h × w. In the higher layers, each data features element stores a

bunch of information from certain region of input image. The region is called receptive

fields.

The network is built in translation invariance. The basic components of the network

(convolution, pooling, and activation functions) are deployed to each layer and serve

for their own input regions. Each component’s computation only focuses on relative

spatial dependencies, which means the feature of one layer cannot be processed by the

components from other layers. Denote xij as the data input at location (i, j) in certain

layer, and yij as the output for the layer which is also the input for the following layer.
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yij is then computed by:

yij = fks({xsi+δi,sj+δj , 0 ≤ δi, δj ≤ k}) (2.16)

where k denotes the kernel size. s denotes scanning steps of computation kernel, and

fs determines the layer type: convolution, pooling (including average pooling, max

pooling), or some non-linear activation functions. In addition, some special functions

for specific methods can also be concluded.

Based on this procedure, the network computes or establishes a filter, which is formally

called Fully Convolutional Network. The result of the FCN is of same size as the input.

As the network changes, which instead produces a map of multiple value, the loss func-

tion for the network is also changed for suiting the framework. In FCN, the loss function

l(x; θ) =
∑

ij l
′(xij; θ) is computed by outputing gradient that sums over the gradients

of each of its spatial components. Therefore, the SGD on l changes simultaneously with

the one on l′.

One feature of FCN is that it could provide dense prediction. Dense prediction is a

procedure that could output a map of predictions instead of a single dimensional result

from traditional deep networks. Such feature makes the FCN becomes a base framework

for multiple tasks that requires pixel-wise information. In fact, the fully convolution

layers of FCN is a integration or special case of fully connected layers in typical deep

network. As the fully connected layers generates a one dimensional output from the

convolved result of last layer, it holds a special convolution operation to convolve the

feature map into a one dimensional vector. Developed from the fully connected layer,

the fully convolution layer makes the convolution operation more general and provides

some spatial information.
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Figure 2.7: Detailed structure of FCN. There are three kinds of FCN
frameworks:(1)FCN-32s: Directly upsampling conv7 output at stride 32 to original size;
(2)FCN-16s: upsampling pool4 output at stride 16 and conv7 output and sum them up
to get the final result; and (3)FCN-8s: upsampling pool3 layer output (at stride 8), pool4
layer output and conv7 layer output and then sum up to get the final prediction[5]

.

Traditional methods tried to use image patches to recognize the label of the patches’

center pixel, thus complete the pixel-wise prediction for an image. Therefore, such

methods will compute the label map of an image patch by patch. In FCN, the framework

directly computes a pixel-wise output which significantly reduces the computation time.

The pixel-wise output makes the FCN popular in the modern solutions of related tasks,

for example semantic segmentation. Since the output/ground truth and the input image

are provided, the framework could perform feedforward and backward training in a

straightforward way. Dense prediction. From the procedure of FCN one could obtain

that, the output of different sampling layers selection is different in resolution. In these

maps, the output are downsampled with the factor f due to the pooling operations. To

obtain a refined prediction result from these coarse maps, one way is to upsample the

map with corresponding factor according to the downsampling factor. Another way for

the reconstruction is interpolation. For example, by using bilinear interpolation, the

final output element yij is computed based on the nearest four elements from the coarse

output, thus expands the size of the result.
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Figure 2.8: A initial result of scene recognition with FCN based on pascal-context
dataset. The process is done without any post-processing.

In the formal release of the FCN framework, the method for acquiring a dense predic-

tion with high resolution is concatenating multiple results from different layers output

features. Since different layers output feature maps of different sizes, feature maps up-

sampling is executed. Based on the downsampling factor f , the raw output feature maps

are upsampled accordingly with factor 1/f . However,simply upsampling the feature

map ignores information reconstruction which may lead to wrong prediction results.

Therefore, the deconvolution operation is introduced. Deconvolution is a controversial

operation against convolution, expanding one element to a feature map patch according

to the deconvolution kernel. Different from convolution, deconvolution also expands

the size of the feature map. By adding deconvolution and replacing upsampling, the

information can be transmitted end-to-end and back propagation is straightforward in

the framework. Note that similar to convolution, deconvolution has parameters for the

framework to learn using BP.

Implementation

The FCN framework has been experimented on multiple datasets corresponded to se-

mantic segmentation. The result shows that the framework is robust enough for handling

multiple kinds of segmentation tasks.

As the example shown above, the FCN framework could generally construct a labeling

map for images. However, there are still some short comings: (1) shapes of some objects

are not precise; (2)Some objects that occupy small areas are not recognized. The poles,
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and traffic signs from far away do not appear on the labeling map; (3) Some regions’

classification is confusing. The sidewalk and the road are not clearly distinguished.

These shortcomings are typical for scene recognition tasks. And several method are

presented as contributions to solutions.

2.2.4 Integration on FCN framework

Although FCN provides an ideal solution for semantic segmentation, it still occurs some

shortcomings. As pointed above, some detail failures of labeling might mislead under-

standing of the whole images. Several methods are used for better predictions. In this

section, the improvement on FCN will be discussed.

Modern deep networks could collect rich information from images. However, images

also produce noises that make features difficult to be recognized or classified. The

noise usually comes from image details which both provide detailed texture features

and possible misleading data for networks. Methods are needed to treat the textures that

may interrupt performance of the networks. A possible way is to scale the image’s or

its features in different ratios. Traditional networks are using pooling layers to scale

features in different steps of convolution.

Traditional pooling method is concatenated with convolution in the network. The main

purpose is to expand receptive fields so that a feature element could represent wide re-

gion in the raw image. However, pooling in this way may lose some contextual informa-

tion as it discards some information near the selected elements. Besides, as mentioned

above, apart from denoising, the pooling also loses some texture feature. Therefore,

pooling method need improvement to solve the problems.Here a new method is pre-

sented in which pooling with different ratio is executed in parallel way on the same

feature map, which is called pyramid pooling[6].

The pyramid pooling module transforms features into four different pyramid scales.

In this framework, a global pooling is used in a pyramid structure. The framework

decomposes the input feature into several sub regions and executing pooling operations
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on them, which is same as the typical neural networks. The resulted representations

of the input are of different size. After the pooling, the outputs are upsampled and

concatenated into one feature map for further labeling.

Figure 2.9: Illustration of pyramid pooling module[6].

The pyramid pooling is useful for store pooled information which may lose contextual

information and some detailed data. Equivalently, it collects information from images

of different scale at the same time, producing features from local to global scale. Thus

the information of images can be better utilized compared to traditional FCN. How-

ever, as the pooling requires huge computation, it may possesses considerable space on

computation devices.

2.2.5 Data

Review on dataset

For deep learning tasks, There are two things that directly define the algorithm and in-

fluence the performance. One is the network that was reviewed above. The other is the

data, which will be discussed in this section. Dataset provides basic information for net-

work to train and perform corresponding tests. According to the content of the dataset,

networks are taught what to learn and the result they need to produce. Even for the same

kind of datasets, the difference among them also influences the actual performance of

the network.

In the field of scene recognition, The datasets are collected from multiple scenes, in-

cluding urban area, wild place, mountains, forests, beach, and other categories. Each
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kind of scenes contains objects and scene components of different kinds. Using them

to construct a scene dataset with certain category distribution is the source of generat-

ing different scene recognition tasks. Networks that use specific dataset may perform

well in corresponding tasks if well-trained. However, as the tasks are becoming general,

whether a certain dataset and its network can preserve their performance is under dis-

cussion.

In this section, some datasets are reviewed to discuss how these data influence deep

learning.

Pascal-context dataset

Pascal-context is a dataset extended from PASCAL VOC 2010. it labels every pixel of

PASCAL VOC 2010 with a semantic category. The dataset contains pixel-wise labels for

the 10,103 training and validation images of the PASCAL VOC 2010 detection chal-

lenge. 540 categories are included in this dataset, ranging from little objects, vehicles,

to huge buildings and scene components.

Figure 2.10: Examples of PASCAL context dataset[7].

The PASCAL VOC 2010 dataset has been a major benchmark for detection and seg-

mentation tasks for years, showing its considerable ability of handling wide range of

applications, and basis of adapting other datasets for fine-tuning.
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Figure 2.11: Distribution of pixels and images for the 59 most frequent categories (460
categories in all)[7].

The distribution of pascal-context dataset is fairly common. The dataset mainly aims

at outdoor scenes. The most labeled pixel in the dataset consists of sky, road, person,

grass and ground and buildings. Besides these labels, there are also several labels that

rarely appears in the images. However, as they exist, researchers should pay attention to

them and a new topic to process rare classes is established. In this field of research, rare

classes are more concerned because their occupations are very little but usually crucial

to help understand the whole images, e.g. traffic signs and traffic lights have always been

the main target to be detected in traffic camera, but they occupy little areas in the image

and may not appear in images in most of the images in the dataset. Similar cases have

raised a requirement that rare class are needed for precise segmentation. Fortunately,

this dataset provides the corresponding environment as well as general capability to

train the network and get ideal results.

ADE20K dataset

The ADE20K dataset[8] is a typical data source for scene recognition which contains

massive raw images and corresponding labels. In detail, the total number of the image

for training is 20,210, validation 2,000 and test 3,000. All the images are annotated

in pixel-wise mode with objects. For each object, the dataset also records that if it is

cropped or overlapped. The dataset is still increasing in image number and categories’

number.
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The annotation of the images are crucial for dataset, which leads to high accuracy recog-

nition in applications. In ADE20K, the images are precisely labeled by multiple kind

of labels. The labeling data for each image consists of 3 layers, storing 3 kinds of la-

bels: objects segments with names, parts and attributes. Each object has an independent

annotation with proper label to ensure modern training methods could accurately pick

information from it.

Figure 2.12: Examples of annotation on images of ADE20K. Multi-layer structure is
used for storing the maps of same image[8].

Compared to other dataset, ADE20K contains more diverse scene, where the average

number of object classes per image is 3 and 6 times larger than COCO and Imagenet,

respectively. With respect to SUN, ADE20K his 35% larger in terms of images and

object instances.

In this dataset,objects and scene components are clearly labeled, the labels are highly

distinguished. For example, in the view of a car, the dataset labels it with categories

car, wheels, car doors and glasses. This kind of segmentation make the dataset more

general, not limited to specific missions. As mentioned above, there are three channels

for a label map of an image. which stores different labeling results for different labeling

tasks. Thus the dataset is able to handle more types of semantic segmentation.

Based on its huge volume of images and rich label categories, ADE20K dataset is able

to be trained as a general model that network training on other datasets can use the
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pre-trained model on ADE20K for fine-tuning.

Discussion

As an important component of deep learning, dataset should preserve its robustness and

flexibility for their corresponding tasks. The training effect depends on both network

setup and dataset choice.

An important criteria for the quality of certain dataset is the ability of training networks

such that they could successfully complete certain task. There are several factors that in-

fluence their qualities. (1)The number of images that the dataset contains determines its

training volume. As deep networks requires data to adjust their parameters, using data as

much as possible enables parameters’ computation more reliable. To come degree, more

data input means more evidence of dataset distribution, as network receives enough ev-

idence, the distribution of dataset and the task that the dataset represents is clear to it,

making the network works better on corresponding tasks. (2)Different dataset has differ-

ent contents and label categories, which defines the usage of datasets. Training network

with dataset of certain label category limits its usage, e.g. a dataset of urban area make

the network has ability to deal with problems of urban scene but usually results in fail-

ure in forest areas. (3)image distribution in datasets determines the label distribution. If

certain label or several labels appear too frequently in the dataset, it may lead to label

bias that causes the network learns abnormal distributions of images, leading to errors

in actual applications.

However, there are some potential problems that need answers. First, should the volume

of training data grow as large as possible? It is obvious that if a network receives more

data, the training result would better reflect the representation of the dataset. However,

dataset will expand itself as new samples are worth training. If the training processing

takes more data than expected, what will happen to the network? Some experiments

has shown that, for a general training task, if the data size is too big than expected,

the network will fall into overfitting that only reflects dataset itself and has poor perfor-

mance on actual application. As networks train more data, it is clear that the model that
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network produces will better fits the dataset. One important factor of training is that,

by learning the dataset, networks get related information and use them in other tasks

that have similar information with the data, which means the network should consider

its generalization ability instead of becoming the slave of data. Therefore, it’s better to

limit data volume to avoid overfitting.

Second, is there any challenge on training data? In the case of training scene recognition

data, similarity among pixels confuses network. When pixels of similar textures are

labeled with different categories, the network may have difficulties to separate these two

categories in actual application. For example, After trained with a dataset of city scene,

the network may be confused by street regions and road regions, which requires clear

separation in some tasks. Data does not only contribute to networks, it also confuses

networks with other properties. As mentioned above, labels distribution has influence

on training effect. If certain label possesses large proportion of images, the model that

is trained will give more weights to this label and the effect of the network will not be

as ideal as one with commonly trained model.

Summary

In this section, two main dataset for scene recognition are introduced. They have sig-

nificant features that can satisfy tasks of different related fields. Besides, the work of

dataset are discussed, and two problems are presented. To sum up, dataset has equal

importance with networks themselves. If networks act like sketches of a paint, datasets

provides color and textures, which make the whole deep network task a completed and

target-directed work.

37



2.3 Road lane marks detection

Methods for lane detection are classified into computer vision and graphical models ap-

proaches. In this section, several representative methods, including both non-machine

learning ways and machine learning ways, are introduced. These methods are all based

on image information from single camera which is easy to set up implementation envi-

ronment.

2.3.1 Locating lane marks

A basic function of road lane marks is setting boundaries, both fixed and flexible, for

moving vehicles. Localizing road marks provides supporting information for auto driv-

ing systems which control directions of the vehicles. In common scenarios, road lane

marks are regular and the scene is ideal for visual computation, which benefits the pro-

cessing of locating the marks.

A significant feature for road lane marks is edge. Most images provide clear view of road

surface and the edges of the marks are easy to catch. One feature of the edges is that

most of them are striaght lines. In some curve cases, the edges can also be decomposed

into clusters of straight lines. Based on the feature, multiple methods of straight line

detection can be utilized.

Determination of region of interest (ROI)

Before detecting the straight lines, images of road surface need adjustment for correct

detection. In actual implemntation, input images contains not only road surface but

also surroundings. The regions of surroundings contains multiple objects, for example,

buidlings, banners, plants. Since the detecting method is executed over entire image,

such surroundings generate some straight line instances that interrupt the final result.

Therefore, such surroundings should be removed and the regions of road surface is pre-

served. The preserved regions is called region of interest (ROI). Defining ROI in the
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image reduces the computation on the image by reducing the size of the image while

focusing on the required regions.

Figure 2.13: Region without or with road[9].

Previous methods define ROI based on vanishing points, which is time-consuming and

might leads to incorrect defining results. Therefore, this method establishes a ROI win-

dow of fixed position and size (fig. Fig. 2.13).

Figure 2.14: Determination of ROI. The red rectangle is the ROI window[9].

Lane marks detection

Generally, the road lane marks detection approaches first convert the input image into

IPM or the bird’s eye image. Such images will make the lane marks parallel to each

39



other, which further makes the process easier to extract corresponding features. How-

ever, actual implementations do not always meet the parallel conditions. Besides, the

IPM view method requires camera position for parameter adjustment, while most datasets

do not provide such information. Some other research approaches also utilize Hough

transformation to detect lane marks’ edges. However, the solution takes long processing

time and too many incorrect results will occur. In addition, it cannot perform classifica-

tion among dashed lane marks and solid marks.

In the solution, the line segment detector (LSD)[26] is used for locating the lane marks

edges in an image. The LSD method process an image without parameters adjusting.

The method produces line segments from an input and stores them as S = {s1, s2, ..., sk}.

Each line segment si, (i = 1, 2, ..., k) is defined as:

si = {x1i, y1i, x2i, y2i, θi}, i = 1, 2, ..., k (2.17)

where (x1i, y1i) and (x2i, y2i) are the coordinates of the starting point and the ending

point of line segment si, respectively. θi is the angle of line segment si and is calculated

by:

θi =
180

π
arctan

(
y2i − y1i

x2i − x1i

)
, i = 1, 2, ..., k (2.18)

Based on the LSD algorithm, a coarse result of detection is made. However, there are

still come detected segments that are not satisfy the requirement of correct detection.

Therefore, further tune is designed for correction.

In the correction, some limitations are added for eliminating wrong segments. The input

image is divided into two parts, left side and right side according to a vertical line in

the center of the ROI image. For the left side, a limitation of line segment angle is set

as θleft ∈ [25◦, 75◦], and the one of right side is θright ∈ [105◦, 155◦]. The complete
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expression of this correction is:

Sleft = {sLi |x1i ≤
wROI

2
− 1, θLi ∈ [25◦, 75◦]}, i = 1, 2, ..., p(if HROI/3 ≤ y1i ≤ HROI − 1)

Sleft = {sLi |x1i ≤
wROI

2
− 1, θLi ∈ [θL∗i − 10◦, θL∗i + 10◦]}, i = 1, 2, ..., p(if 0 ≤ y1i ≤ HROI/3)

(2.19)

Sright = {sRi |x1i ≤
wROI

2
− 1, θRi ∈ [105◦, 155◦]}, i = 1, 2, ..., q(if HROI/3 ≤ y1i ≤ HROI − 1)

Sright = {sRi |x1i ≤
wROI

2
− 1, θRi ∈ [θR∗i − 10◦, θR∗i + 10◦]}, i = 1, 2, ..., q(if 0 ≤ y1i ≤ HROI/3)

(2.20)

where RROI is the width of the ROI region and HROI is the height of the ROI region.

Each line segment has a starting position and an ending position. In the solution higher

position (lower in value in y-coordinate) is the starting position and the other end is the

ending position. The sets of segments satisfying the conditions of Eq.2.19 and Eq.2.20

are obtained as Sleft and Sright, respectively, and are considered correct line segments.

Refinement

The road lane marks detection methods’ performance is generally influenced by the

environments of the images which makes the method may detect multiple line segments

from one edge of road lane marks. Thus the solution should further cluster the line

segments which are recognized as a output from one lane mark.

Figure 2.15: Angle feature used for eliminating wrong line segments[9].
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Fig. Fig. 2.15 shows three cases of line segments combination. The first two cases

construct one straight lane mark representation and the third constructs a curve repre-

sentation. As mentioned above, there is a predestined rule that the starting point of a

line segment is lower than the ending point in y coordinate.

Two conditions are considered on evaluating the connection of two line segments: the

distance threshold(thrdst) and angle threshold (thrangle). The thresholds is set empiri-

cally according to the experiment results.

The thresholds is computed with the start point location of segment i and the ending

point location of segment j, or the ending point of segment i and the starting point of

segment j, according to the position of the i and j. The distance is denoted as diffdst.

If diffdst is less than thrdst, the solution evaluates the condition of angle to determine

if two lines segments belong to a straight line or a curve line. There is also a threshold

thrangle for determination. Line H is the output of combination on ith line with the jth

line.

Line H =

straight line, if diffangle ≤ thrangle

curve line, if case 3 of Figure Fig. 2.15 occurs
(2.21)

After the checking, the result of line marks detection is completed. Based on the result,

the discrimination between solid lane marks and dashed lane marks is straightforward.

Seen from the result, multiple detected segments are combined into long lines which

represent multiple categories of lane marks. One thing worth attention is that, the solid

lane marks always go across the ROI window, which means their starting points and

ending points reaches the boundary of the ROI window. On the contrary, lines of dashed

lane marks do not have such feature that either starting points or ending points of the

lines do not reach the boundary of the ROI window, or both. Therefore, the classification

method is completed. Set lineH as a completed line, (xht, yht) as starting point ofH and

(xhb, yhb) as ending point of H . Also denote the left-top contour of the ROI window’s
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coordinate(xROI, yROI):

Line H =

Solid line, if yht = yROI and yhb = yROI +HROI

Dashed line, otherwise
(2.22)

Figure 2.16: Example of the processing result[9].

Measurement

The method introduced in this section shows a standard solution of detecting lane marks

and classifying them without using machine learning methods. The method used for

detecting regions of marks is essential for most integrated detection methods. We notice

that the solution is efficient for detecting lane marks in a limited regions, which is not

general but useful in actual applications.The method uses a simple way to discriminate

solid marks and dashed marks, which means it does not require much data for training

a model.

On the contrary, Some shortcomings also negatively influence the performance of the

solution.First, the solution only discriminates solid and dashed marks, while there are

multiple categories of lane marks, for example double solid marks, zig-zags, road edges.

Besides, some marks that do not shape the lanes, for example arrows, ground texts,

also contain straight lines that are easy to detect using LSD. These factor make the

classification of marks in this solution limited in general applications. Second, The ROI

window defined in this solution is limited in collecting information of entire road, which

causes some lane marks of other lanes cannot be seen in the window so that they cannot

be detected. In some applications, detecting multiple lane marks from different lanes are
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important for understanding traffic situation. Therefore, the solution is not compatible

of handling complexed lane marks recognizing missions.

2.3.2 Road lane detection using frequency features

Besides utilizing straight lines, region information is also valuable for locating the lane

marks. In the previous part, straight lines detection shows disadvantages of limited

detection spaces that only small part of road surface are allowed for detection to suppress

noise from surroundings. In this method, not only the edges of road lane marks, but also

the regions around the edges are used for detection.

Different from pure edge detection, this method pay more attention to the orientation

of edges, which needs information from the surroundings. In a typical road surface in-

stance with road lane marks, an edge of one mark has an essential property that the mark

appears on the one side of edge and road surface on the other side, which provide po-

tential information more than naive edges’ shapes and locations. To depict the property,

the gradient map is utilized.

The advantage of using gradient map is that it shows orientations of the edges and it is

easy to extract. In the road region, Such features can be efficiently extracted. However,

the feature extraction will be influenced by illumination condition and shadows. As

illumination condition changes, the difference between lane marks and road surface be-

comes smaller, and the gradient map on the boundary regions may not be as significant

as common ones. To solve the problem, some improvements have been done to increase

the features’ quality. Some solutions uses additional devices to obtain information of

other types. By using Hough transform, the straight lane boundary can be easily ex-

tracted without the influence of light and shadow conditions. However, it has difficulty

on extracting curved lanes. Some solutions turns to spatial information for better perfor-

mance, for example, Lane finding in ANother domAin (LANA)[27] extracts frequency

domain information that shows the magnitude and orientation of the boundaries. Like-

lihood of Image Shape (LOIS)[28] method applies likelihood function into lane marker
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detections using spatial edge information.

Based on the work above, This method[10] also uses gradient maps and frequency infor-

mation on input images which sources from single camera. Different from the methods

above, this method focuses on local patches features. The advantage of the this ex-

traction method is that the gradient result is unaffected by the illumination conditions or

shadows since it discards the environment’s information and only focuses on boundaries

regions.

In this method, The gradient features are used for detecting road lane edges as they

significantly indicate changes from lane marks regions to road regions. Because lanes

are commonly vertical to the horizon, the vertical gradient kernel is used for image

convolution:

G(m,n) = I(m,n) ∗ h(m,n) (2.23)

where I(m,n) is a grayscale input image, G(m,n) is the corresponding convolution

result and the convolution kernel:

h(m,n) =


1 1 1

0 0 0

−1 −1 −1

 (2.24)

For an input image, five windows of 15× 15 is used and randomly placed along the lane

edges. These windows crop the convolved image and the patches are further transformed

by Fourier transform (FT). An average is computed on these transforms’ magnitude.

This average reflects the overall condition of the image’s lane marking, including the

illumination and texture.
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Figure 2.17: Illustration of choosing sample patches and computing average FT
spectra[10].

Based on this average, further search on the image is executed and the searched patches

are transformed using FT. The magnitude of these transformed patches are then com-

pared to the average to determine whether the patch represents the lane edges. The

detailed steps are as following:

• Set up several horizontal lines on the input image as searching lines. Each line

has a 15× 15 sliding window which moves along the corresponding line;

• The step of the sliding window is set as half of the window width. Each step of

the sliding will crop the patch in the current window. The patch will be further

processed as image gradient map.

• The patches cropped from the image is transformed using FT. The transformed

map is then compared with the average map. If the correlation is high, then the

patch is classified as region of road lane marks.
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Figure 2.18: Illustration of detection using sliding windows[10].

Measurement

The method introduced in this section has the advantage of available for parallel comput-

ing, where searching can be executed simultaneously. Besides, it could handle different

illumination conditions. However, the method occurs with some shortcomings. When

facing with roads that are not clean, it may make some wrong detections. In some con-

ditions, same road surface may differs in colors, which would make similar frequency

maps as the one of road marks, making detection and classification difficult.

2.3.3 Recognizing road lane marks by extracting shapes

Locating the road lane marks provides useful information for road scene recognition.

Related methods are capable of drawing representative lines of the lane marks. How-

ever, such methods ignore a problem that they cannot recognize the specific function of

certain mark. In the previous reviewed methods, road lane marks are decompoed into

parts for feature extraction. The reunion of the features does not consider the mode of

the marks so that further classification is not developed. It is necessary to distinguish
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the functions of detected marks so that benefits processing of auto driving.

By analyzing the road lane marks, a fact can be obatined that the functions are closely

related to the lane marks’ shape. For drivers’ convenience, road lane marks should

indicate their functions immediately after seen by drivers. Therefore, their shape are

distinctive according to their functions. Based on this, classifying marks by utilizing

shapes is a potential solution for this problem. Inspired by the methods reviewed above,

a procedure for extracting shapes of the marks is developed.

Feature extraction

In this method, the multiple search lines is also estalbished. The difference is that two

filters are used to search for the left edges and right edges of one mark instead of sliding

patches. The two filters, fl, fr are used to detect edges of both sides of a mark by

scanning an image I(x, y) line by line. The width of the filter wf is determined by

analyzing the camera positions and corresponding sights.

Figure 2.19: The illustration of filter functions for extracting left edges and right edges
of input image.[11]

The filtered result Il(x, y), Ir(x, y) shows the outputs of the two filters in Fig. Fig. 2.19,

and the images are further processed by thresholding T (·) for eliminating some noise

to ensure that the features can be extracted without other useless factors in different

48



illumination conditions.

I ′l(x, y) =

I
′
l(x, y) , if Il(x, y) > T (

∑x
t=x−w/2 I(i,y)

w/2
)

0 , otherwise

I ′r(x, y) =

I
′
r(x, y) , if Ir(x, y) > T (

∑x+w/2
t=x I(i,y)

w/2
)

0 , otherwise

(2.25)

Based on the two processed edge maps, a lane marks feature xi = (xi, yi) is generated.

The feature contains the information of lane mark’s location. The mark feature is deter-

mined by finding a maximum value of two filters’ output in pair. However the maximum

pair is not picked randomly. The distance between the two edges should be larger than

a minimum estimated mark feature width wm and less than a maximum mark feature

width wM . The value of these boundaries are predetermined by considering the camera

position and corresponding sight, which is similar to the filter width wf .

Marks generation

Based on the extracted features, lane marks extraction is further proceeded. As each

search line on the image detects corresponding features of the road marks, clustering

them into marks shapes’ representation is straightforward. Generally, features comes

from same mark have similar properties. Utilizing such properties, features are logically

grouped.

This solution takes positions and angles properties as clusering parameters. After the

clustering, the representations of the marks’ shapes are generated. They are region

segments that covers the marks in the images and depict their shapes and directions. In

this solution they are called supermarkings. Algorithm 4 shows the detailed clustering

procedure.
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Algorithm 4 Supermarkings generation[11]

Input: The lane feature xi,Nx

Nx ← 0

for i = 1 to Nx do

for j = 1 to Nx do

if dist(xi, xsj , θsj) < φ then

sj ← xi and update xsj , θsj

end if

end for

if xi is not assigned to any sj then

sNs+1 ← xi

Ns ← Ns + 1

end if

end for

Output: The supermarking cluster sj, Ns

Figure 2.20: An example of supermarking si.[11]

In Algorithm 4, xsj and θsj are the location and direction of the supermarking sj in the

image coordinates and Ns denotes the number of supermarkings.. The values will be

updated if the cluster receives new patches of feature that is recognized as a component

of this supermarking. The criterion of the recognition is that, it computes the visual

distance between the current feature xi and the supermarking sj . If the value is lower

than a predetermined threshold φ, then the feature is concluded into the sj . On the

contrary, if the feature is excluded, then a new cluster is set which starts with this feature.
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The distance is calculated with the function dist(xi, xsj , θsj) as shown in the algorithm.

To make further processing convenient, some symbols on each supermarking are de-

noted. As shown in the Fig.Fig. 2.20, there are some properties are set. ci, ti,hi denotes

the location of the center, tail, and head middle point of supermarking si, respectively.

θci , θti , θhi
denote the corresponding direction angle of each points, respectively.

Road lane marks clusters construction

Previous processing extracts shapes and positions of lane marks out of original images as

segmentation maps. The output contains corresponding parameters, namely coordinates

and angles of each supermarking. The next step is transforming individual marks into

marks clusters. For example, several dashed lane marks can form a dash lane sequence

on the road surface as a guide line for cars driving. In this part the CRFs are used. The

brief introduction is shown in last chapter. The result depicts a refined representation of

road lane marks and their representations of function on the road surface.

The clustering consists of two level: coarse and refined clustering. The coarse clus-

tering is conducted to directly use the simple computer vision methods to cluster the

supermarkings that are obviously clustered. For example, some dashed lanes which are

very closed to each other can be clustered into one mark symbol. In this part, the clus-

tering probability is calculated between arbitrary two supermarkings. The probability is

calculated by the Eq. ??.

P (si, sj) =
1

z
exp(−

|θci − θcicj |2 + |θcj − θcicj |2

δ2
) (2.26)

θci and θcj are the direction angles of each supermarking symbols’ center, and θcicj is

the direction angle of the vector ci− cj that indicates the difference in direction between

the centers of si and sj . In order to complete the coarse clustering, supermarkings si

and sj should follow the criterion below:

• The supermarkings can not overlap with each other in the y-axis in the image

coordinates;
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Figure 2.21: Illustration of measurement functions: Left: The geometric distance mea-
surement function distgeo. Right: The directionality measurement function distdir.[11]

• One si can only be clustered with one other supermarking sj . And the clustering

is determined by using checking the highest probability in M among all the cases

in the iteration of i and j.

The next step is refined clustering with CRFs approach. A CRF graph G = (V,E)

is constructed based on all the supermarkings generated in the previous steps. In this

graph, The vertices set V collects all the possible clustered pairs of supermarkings, and

the edge set E of the graph stores the connection that may exist among the pairs in V .

To construct vertices showed in the Fig Fig. 2.21, two measurements are built: distgeo

and distdir. These measurements output the geometric distances and directions of two

supermarkings:

distgeo(si, sj) = |(xtj − xhi) sin θhi − (ytj − yhi) cos θhi |

+ |(xtj − xhi) sin θtj − (ytj − yhi) cos θtj |

distdir(si, sj) = |θtj − θhitj |+ |θhi − θhitj |

(2.27)

where hi denotes the head of the supermarking si, tj is the tail of the supermarking of

sj , and θhitj denotes the slope angle of a line made by hi and tj .

In the refined clustering, supermarkings are recognized as one lane mark sequence and

set as an element in vertices set V : vk = (si → sj) if both distgeo and distdir are below

certain thresholds that are set to contain all positive instances in the datasets. Edges

in the CRF graph contains all the vertices connection that made in the previous step,

making a sub set of vertices as a clique.

Each vertex vk in the V = {v1, ..., vK} has a label lk that are valued as 0 or 1.If two
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supermarkings are determined as clustered the value will be set as 1, otherwise 0. The

label set L = {lk, ...lK} performs as representation of supermarking clusters variable in

the energy minimization process. The optimal output of the process could be regarded

as the best clustering of the supermarkings. The clustering limits the total number of

connections among the supermarkings that one head of a supermarking can connect

at most one tail of another supermarking and vice versa. The head and tail of one

supermarking can be found in the list of supermarking components while constructing

the supermarking by checking their positions. The constraints is obvious that in the

actual traffic road conditions, one lane mark can only serve as one function for driver

to read and one lane mark can only be connected to one other mark to keep its function

singularity. The mathematical expression of the criterion is as following:

∑
vk∈Hi

lk ≤ 1,where Hi = {vi|(si → sj) ∈ V }∀sj ∈ S

∑
vk∈Ti

lk ≤ 1,where Ti = {vi|(sj → si) ∈ V }∀sj ∈ S
(2.28)

Hi collects all the heads of si that are connected in the vertices; and Ti collects all the

tails of si that are connected in the vertices.

A CRF graph is constructed on the clustering criterion introduced above, in which its

unary term represents the connection between two supermarkings and the pairwise term

represents the clustering of these connections that forms the final clustering result.

P (L|S) =
1

z
exp(−Ψ(L|S))

Ψ(L|S) =
∑
lk∈L

U(lk|sk) +
∑
Ccl(G)

φC(lC |sC)
(2.29)

In Eq. 2.29, P (L|S) denotes the overall probability of a label set. Ψ(L|S) is the energy

of the clustering over entire graph. It is a summation over all the unary potentials U(l|s)

and pairwise potentials φ(l|s). C is a clique of clique group cl(G) of entire graph G.

Here in this method, the unary term is designed to show how likely the two supermark-
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ings are to be clustered, in which a quadratic regression is utilized.

U(lk|sk) = − ln(P (lk|sk))

P (lk|sk) =
1

1 + exp(−fdist/σ)

fdist =


dg

dd

1


T 

a b/2 d/2

b/2 c e/2

d/2 e/2 f



dg

dd

1


dg = distgeo(sk1 , sk2)

dd = distdir(sk1 , sk2)

(2.30)

The coefficients in the quadratic regression model are trained from a dataset that the

method has collected. In the dataset, the method made an annotation of the supermark-

ings with clusterings among them. To build the clique potentials model or representa-

tion, a linear regression is built to evaluate the probability of each clique. The potential

of a clique can be calculated by the following equations:

φC(lC |sC) = − ln(P (lC |sC))

P (lC |sC) =
1

1 + exp(−(φ− ferr)/σ)

C ∈ cl(G), ferr =

K(C)∑
k=1

|yk − fC(xk)|2/K(C)

(2.31)

Figure 2.22: Result of CRF clustering. Left is coarse clustering and right is refined
clustering.[11]
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In Eq.2.31, ferr computes the average error between predicted model fC and lane marks

feature xk. The φ is the regression curve’s center and σ is the degree of gradient of the

regression curve, which is the parameter to be trained by the data. K(C) is the number

of lane marks’ features of supermarkings in clique C.

After the definition of the potentials, the energy is obtained. The best result for label

deployment L∗ is determined by energy minimization.

L∗ = argmin
L

Ψ(L|S)

= argmin
L

∑
lk∈L

U(lk|sk) +
∑

C∈cl(G)

φC(lC |sC)

= argmax
L

∑
lk∈L

ln(P (lk|sk)) +
∑

C∈cl(G)

ln(P (lC |sC))

(2.32)

The final clustering map is conducted using the minimization result.

Measurement

The method introduced in this section is a quick and efficient solution of extracting seg-

ments of road lane marks. The result shows a precise segmentation on the normal road

conditions. Moreover, it provides a robust way of filtering components on the road sur-

faces which could be adjusted according to camera position. However, the method is not

capable of discriminating the categories of each segments. Also, if the road condition is

complexed, or illumination condition is changing, some components that are not of lane

marks are tend to be segmented.

2.4 Classification using Extreme Learning Machines (ELM)

2.4.1 Single layer feedforward network

Extreme Learning Machines is a single hidden-layer feedforward neural network which

has developed multiple variations[29][30][31]. Standard ELM contains three layers for
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computation: input layer, hidden layer and output layer. Hidden layer consists of a num-

ber of nonlinear nodes whose number is defined by actual implementations. There is a

connection with randomly initialized weights and bias between the input layer and hid-

den layer. The connection between hidden layer and output layer is computed according

to the input data and corresponding ground truth.

For N training samples (xi, ti) where xi ∈ Rp and ti ∈ R, ELM can be formulated as:

L∑
i=1

wig(Win(i) · xj + bi) = oj, j = 1, ..., N. (2.33)

This equation denotes the forward processing of ELM. xj is input vector, and Win is

weight layer that is randomly generated. Similar to typical machine learning methods,

ELM also has a bias bi which is also generated. g(·) is a nonlinear activation function,

which generates the hidden layer. The variable wi ∈ R is the output weight connecting

hidden layer i and output vector. oj ∈ R is the corresponding output of input xj . g(·)

can be compressed into matrix-vector form:

Hw = o (2.34)

where

H =


g(Win(1) · x1 + b1) · · · g(Win(L) · x1 + bL)

· · · · · · · · ·

g(Win(1) · xN + b1) · · · g(Win(L) · xN + bL)


N×L

(2.35)

o = [o1, ..., oN ]T and w = [w1, w2, ..., wL]T . H is the hidden layer The ith row of H hi

is the hidden representation with respect to inputs xi. Since Win(i) and bi are randomly

generated before computation, hi is only related to the inputs.

If the ELM model with L hidden nodes can learn these N training samples with no
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residuals, then wi exists to make ELM trainable with following processing:

L∑
i=1

wig(Win(i) · xj + bi) = tj, j = 1, ..., N. (2.36)

where tj is the final output or the ground truth of ELM. And

The matrix form of Eq.2.36 can be written as

Hw = t (2.37)

where t = [t1, ..., tN ]T is the output vector. Since the As the input weights and the

hidden layer bias have been randomly chosen in the beginning of learning, Win(i) and

bi are randomly generated, Eq.2.37 becomes a linear parameter system. In ELM, the

output weight is computed using smallest norm least squares.

w = H†t (2.38)

where H† is the Moore-Penrose generalized inverse of H .

2.4.2 Regularized ELM

Standard ELM has advantages in training speed and shows generalization performance.

However, it faces some drawbacks. First, ELM has high probability of facing overfit-

ting problem because it is a instance of empirical risk minimization principle. Second,

it directly calculates minimum norm least-squares solutions which may provide weak

control capacity. Third, the estimation that the algorithm perform may be less robust.

Based on these problem, the regularized ELM[31] is developed.

The regularized ELM is based on structural risk minimization (SRM) principle of sta-

tistical learning theory[31]. The method could then be expected for better performance

compared to standard ELM. Both standard ELM and regularized ELM uses Moore-

Penrose generalized Inverse for final output. Therefore, it is expected to provide better
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performance than standard ELM. Both regularized ELM and standard ELM uses Moore-

Penrose generalized inverse to compute final result.

The regularized ELM is presented for solving the problem of prediction risk. This prob-

lem is defined in the theory of statistical learning. In detail, the risk contains empirical

learning risk and structural risk. In the view of machine learning, strong ability of bal-

ancing the two risks is an important sign of good generation of a model. The prediction

risk is a weighted summation of empirical risk and structural risk, which is represented

by ||ε||2 and ||β||2, respectively. Their weight can be regularized using γ for empir-

ical risk. In order to acquire a robust estimation that suppresses outlier interruption,

the error variable ||εj||2 is expanded into ||Dε||2 where D = dialog(ν1, ν2, ..., νN) and

ε = [ε1, ε2, ..., εN ]. Such modification can adjust each ε in different weights. Based on

the settings above, regularized ELM model is proposed as:

min
1

2
||β||2 +

1

2
γ||Dε||2

s.t.
Ñ∑
i=1

βig(wixj + bi)− tj = εj

j = 1, 2, ..., N

(2.39)

where Ñ is the number of hidden nodes in the hidden layer of ELM. By regularizing

γ, the empirical risk and structural risk are adjusted in proportion. The best balance

between the risks leads to optimal generation performance of the model. The procedure

is done by Lagrangian on Eq.2.39:

L(β, ε, α)

=
γ

2
||Dε||2 +

1

2
||β||2 −

N∑
j=1

αj(
Ñ∑
i=1

)βig(wixj + bi)− tj − εj

=
γ

2
||Dε||2 +

1

2
||β||2 − α(Hβ − T− ε)

(2.40)

where αj ∈ R(j = 1, 2, ...N) is the Lagrangian multiplier with the constraints of
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Eq.2.39. The result for the Lagrangian optimization is:

α = −γ(Hβ − T)t (2.41)

Thus β is calculated as:

β =

(
I

γ
+ HTD2H

)†
HTD2T (2.42)

The expression Eq.2.42 only involves the inversion of a matrix of order Ñ × Ñ , where

Ñ << N . Thus the speed of computing β is quick.

When D = dialog(ν1, ν2, ...νN) as a unit matrix I , β can be calculated by the following

expression:

β = (
I

γ
+ HTH)HTT (2.43)

This equation is called unweighted regularized ELM. Obviously, when γ →∞, Eq.2.43

becomes standard ELM.
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Chapter 3

Experimental Study on Scene

Recognition Using Deep Learning

Methods

3.1 Implementation on STE project

The research work contains a corporation project task. The project demands a segmen-

tation map on entire scene images. In detail, the segmentation result should contain

major traffic components and objects. Besides, some objects on the streets are expected

to be recognized. Obviously, the existing FCN framework is not capable of completing

the task. In addition, PSPNet may be difficult for the task because it take too many

memory space. To both satisfy the task of refined segmentation and requirement of

less memory occupation, the method uses dilated convolution for segmentation network

improvement.

In traditional FCN framework, there are pooling layers between convolutions. The pool-

ing computation reduces feature maps’ spatial dimension and select the most significant

feature elements for further computations. The advantage of pooling is that it usually

eliminates noise feature elements, expands features’ receptive field, and makes feature
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learning more compatible. However, pooling operation discards information with a fixed

criteria, e.g. max pooling stores elements with the highest value and discard others. Such

operations keep significant information while have possibility of losing non-significant

but valuable data. Furthermore, the information loss indicates that there are some data

from raw image is lost, leading to difficulty of restoring dense prediction of raw size.

Different from traditional networks, a convolutional network without pooling layers

might bring some different to prediction performance. Such networks need to pay atten-

tion to both computation speed and accuracy. A new kind of convolution kernel is in-

troduced to satisfy the requirement. This kernel is called dilated convolution[12]. Con-

sider a convolution processing. In traditional processing, the convolution kernel scans

elements one by one without skip. In the way of dilation, the kernel is ’dilated’ that

grabs elements from wider positions. The illustration of dilated convolution is shown in

Fig. 3.1. The figure uses red dots as convolution points and cyan patches as receptive

field. The first map depicts the first convolution step in the whole processing, which is

the same as the normal convolution. The second map shows the following dilated con-

volution. In this step, there are strides among convolution points. If this step executes

normal convolution, the receptive field show be 5× 5, as each points receives a 3×3 re-

gion’s information from raw image and 9 points are clustered into a convolution kernel.

In dilated convolution, these 9 points are clustered with strides 1, so that the locations

of receptive fields are expanded compared to the one of normal convolution. Thus the

receptive fields is larger in dilated convolution. Similarly in the third map, as the strides

among convolution points increases, the region of raw image information received by

the points are further expanded. Such receptive field expansion has equivalent effect as

the pooling processing. Thus the pooling layers can be removed in dilated convolution

to acquire better resolution of the features.
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Figure 3.1: The illustration of dilated convolution. The cyan blocks are receptive fields
and the red dots are elements to be convoluted. The first image shows that the convolu-
tion kernel is 3 × 3 and the receptive field size is 3 × 3. The second convolution uses
kernel with dilation D = 2 (written as 2-dilated) and the receptive field is 7 × 7. The
third uses 3-dilated kernel and the receptive field is 15× 15. [12]

As the convolution goes deeper, each element’s receptive field becomes bigger with

size (2i+2 − 1) × (2i+2 − 1)(i is the index of layers). By using dilation, receptive

field expansion is realized without losing any elements’ data. Therefore, the pooling

operation is no longer needed.

Figure 3.2: Left: Dense prediction using standard FCN; Right: Dense prediction with
dilated kernel

Seen from the comparison figure, the dilated convolution considerably improves the

segmentation effect, some small areas are clearly labeled and the shape of the bus is

better described. Admittedly, there are some labeling errors on the map, from which

further improvements are expected.
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Method Overall accuracy Mean IoU

Conv. Dilation 84.2% 67.1%

FCN+CRF 71.5% 42.5%

FCN-16s 66.9 % 38.4%

Table 3.1: Comparison based on pascal-context dataset

3.2 Multi-task processing on scene recognition using ed-

cge information

3.2.1 Introduction

Scene recognition, as a segmentation-based task, is evaluated with following criteria:

First, the recognition result should correctly describe the objects’ and scene compo-

nents’ shape. Second, the segmented objects or components should be in the right lo-

cation with respective to the raw images. Third, classification on these components and

objects should be correct and logical.

Recent researches on scene recognition have considerably improved classification accu-

racy and segmentation precision. Most of the popular methods for segmentation mainly

focus on predicting a category label for each pixel. However, these methods pay less

attention on objects and scene components’ shapes. A shape mismatch is very likely to

occur in the training process. When trained with large datasets, the shape problem could

be alleviated, but this could either lead to over-fitting or the training processing being

too time-consuming. On the other hand, a scene image is filled with objects and scene

components. An important factor to divide these parts is the edge among them. The

pixel information mainly represents an image’s content features, while edge informa-

tion could provide its structural features. Proper edge information, or edge feature,

has potential of improving image segmentation performance.

The basic purpose of utilizing edge information is to enhance the segmentation perfor-
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mance. In this work, the method is solely based on CNNs, without using external so-

lutions, e.g. CRFs, super-pixels or auto contexts, to evaluate the method’s performance

correctly. The procedure is divided into two sub-missions: 1) Pixel-wise segmentation,

which is similar to tradition segmentation methods. 2) Edge extraction, which focuses

on ‘labeling’ edges of an image.

We propose a simple multi-task framework that is used to utilize both pixel-wise

labels and edge maps. In this framework, pixel-wise feature and edge feature share one

network model, which saves time of training. And the prediction of segmentation and

edge map are calculated simultaneously. The training procedure of the method is totally

end-to-end.

The challenge of enhancing segmentation with edge map is two-fold. First, the combi-

nation of pixel-wise features and edge features is quite straight-forward. As they share

one network for feature extraction, the interaction between these two extraction proce-

dures has unknown influence on the network. Second, one purpose of this method is to

get structure information of images. The information is useful on some specific tasks,

e.g. medical image segmentations. However, scene recognition uses data from different

scene categories and the images do not share a uniform structure, which may make the

structure learning more complex.

3.2.2 Multi-task framework

Multi-task framework has been proposed as a method of improving the generalization

of a classifier by forcing it to learn more than one related tasks[32]. What is learned for

each task can help other be learned better.

Generally, two related tasks are processed in the same framework. It has been proved

that multi-task network can perform back propagation, which means that modern deep

neuron network could utilize the multi-task network. In single-task training, the back

propagation might fall into local minima. By adding an extra task to the network, it

might help solve the problem because the local minima of the new task may be in
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different place, which indicates that the multi-task framework could help find a more

optimized solution for one task.

Besides enhancement, there might be competition inside multi-task frameworks. As two

tasks share one input feature and one network, each hidden unit may receive information

from two related but different source. During training, it is unknown if a hidden unit has

tendency for certain task[33]. This competition will cause hidden units to be trained

for a task only if the force made by one task is stronger than other tasks. Therefore,

the main target of the multi-task should be determined such that the ‘force’ of the tasks

involved with the framework can be manually adjusted for an ideal result.

In the task of scene recognition, the network takes an image of arbitrary size as the

input, and outputs two kinds of maps, a pixel-wise segmentation map and an edge map.

The framework is simple: A VGG-16[34] based FCN network as the main network, two

branches for pixel-wise label prediction and edge prediction, respectively.

The key point of this framework is that two prediction outputs share one network, which

means that they use the same feature map for processing. Traditionally, FCN provides

feature map only for image segmentation. The feature only contains information for

every pixel. However, an ideal scene recognition result requires representation for the

whole image, which indicates that the image structure is also important for segmentation

performance. Therefore, the image feature should contain pixel information as well as

structural information.

The main advantage of multi-task framework is that it could enhance one task with an-

other task’s information. What directly influences the performance of the framework is

the way of combining to tasks’ information. Obviously, a standard multi-task frame-

work should share the same input feature. My method mainly focuses on the way to

share the input feature.
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Figure 3.3: The overall structure of multi-task framework for scene recognition

3.2.3 Network design

The multi-task framework is trained in a similar way as common deep network. The

significant difference is that, as it requires ground truth of two tasks, the loss computa-

tions will be executed simultaneously. In one training procedure, a raw image is inputed.

After the network’s computing, two outputs, i.e. pixel-wise segmentation prediction and

edge map prediction, are generated. Then these outputs are used to compute loss respec-

tively with their corresponding ground truths, based on which the back propagation is

performed.
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Figure 3.4: Detailed structure of the multi-task network. The network is based on FCN-
16s network, and edge map prediction uses different features for prediction from the one
of pixel-wise prediction

In the pixel-wise branch, the prediction uses feature map from layer conv4 and conv7.

Layer conv4 provides detailed but not image specified feature maps, which contributes

to training effect; conv7 layer brings high-level semantic features for better classification

for each pixels. This selection is based on the experiment from original FCN semantic

segmentation. The experiment showed that using these two layers’ features, the predic-

tion could restore an ideal pixel-wise labeling map. The result showed in figure Fig.

2.8 is based on this feature map combination. More feature map concatenation may

improve the segmentation accuracy but also bring inconsistent labeled regions. Thus

only two feature maps are chosen for prediction. In the edge map branch, the semantic

information is not necessary for edge detection does not need to know the information

of pixel classification. Instead, the detailed information helps find boundaries between

regions. Thus the conv3 and conv5 layer are chosen. Further experiments are needed to

measure whether these selections are optimized. The final network design is presented

in figure Fig. 3.4.

The key point is how to combine two losses together. The edge map can provide certain

information to the network, however, its negative influence cannot be ignored. The main
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purpose of the network is scene recognition, which requires edge information’s support,

not pollution. Therefore, a set of loss weight is needed for both pixel-wise predictions

and edge map predictions.

For the detailed computation method, the loss is computed with Softmax Loss.

p(y = j|x) =
exp(x>wj)∑K
k=1 exp(x>wk)

, j = 1, ..., K (3.1)

The above equation computes the possibility that the input pixel variable x is assigned

to label y = j. If this assign is different from the ground truth, the loss will be used to

correct this difference:

l̃(x,w, y) = − log(
exp(x>w)y∑K
k=1 exp(x>wk)

) (3.2)

In this task, this loss is computed for both pixel-wise loss and edge map loss. For pixel-

wise loss, the loss equation can be re-written as:

l̃(x,wo, y) = − log po(x, yo(x),wo) (3.3)

where yo(x) denotes the predicted pixel label yo based on input x, and po represents the

possibility of the x labeled as yo(x). For the parameter wo which denotes the network

weights from input to pixel-wise output , because the network is separated into main

network and pixel-wise branch, to make the notation more clear, the term wo is divided

into Wo and Ws, which represents weights of main network and weights of pixel-wise

branch network, respectively. Thus the loss can be written as:

l̃(x,wo, y) = − log po(x, yo(x),Wo,Ws) (3.4)

Then sum up all the x in the image X :

Lo(x,wo, y) = −
∑
x∈X

po(x, yo(x),Wo,Ws) (3.5)
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where Lo(x,wo, y) denotes the loss of the whole image.

Similarly, for the edge detection branch, The solution defines wc as weights of the net-

work from input to edge map output, Wc as the branch’s weight, pc(x),Wc,Ws)) as the

possibility of the x labeled as yc(x) and Lc(x,wc, y) as the whole image’s loss on edge

detection. The loss can be expressed as:

Lc(x,wc, y) = −
∑
x∈X

pc(x, yc(x),Wc,Ws) (3.6)

For the total loss of the network, the method simply sums up the branch loss together.

Here the expression of the total loss is:

Ltotal(x; w) = λψ(w) + Lo(x,wo, y) + Lc(x,wc, y)

= λψ(w)−
∑
x∈X

log po(x, lo(x);Wo,Ws)−
∑
x∈X

log pc(x, lc(x);Wc,Ws)

(3.7)

Similar to normal FCN networks, the network parameter w = {wo,wc} is optimized by

minimizing the Ltotal with back propagation mentioned above.

3.2.4 Implementation

In the actual training and testing, PASCAL VOC 2010 dataset with pascal-context la-

beling set is used as the data source. The edge map ground truth is generated from the

pixel-wise map which uses spatial differential. In each edge map, the edge pixels are

marked as 1 and others are 0. The entire framework is constructed on Caffe[35] and exe-

cuted in Python environment. Each training set is inputed with size unchanged. Training

period is 800 and then a test is performed.

However, this framework proposal does not return expected results. The result in the

figure shows that. This method can not even provide available predictions. The analysis

of this failure will be discussed below.
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Figure 3.5: The left is input image, and the right is the prediction result.

3.2.5 Experiment results

Based on the implementation described above, the experiment is implemented on VOC2012

dataset. The VOC2012 dataset provides not only segmentation labels but also edge la-

bels, 1 as edge regions and 0 as others, which is ideal for training the proposed network.

The experiment returns bad results as seen in the 3.5. The segmentation map cannot

depict the scene components and objects segments at all. The experiment on the edge

information contribution to semantic segmentation ends with failure.

3.2.6 Problem analysis

This method requires good performance for both segmentation and edge detection.

However, naive FCN network does not satisfy effective edge detection. In this task,

the final result is not good that the shape of objects cannot be recognized and the scene

recognition is not as good as traditional way. In this section the reasons are analyzed.

Since the framework is modified from a typical segmentation network which is success-

fully trained with certain model, the problem may be sourced from edge detection part.

In this method, edge detection and pixel-wise segmentation uses same network proce-

dure, which means that their ways of processing information are the same. However,
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the difference between two training ground truth indicates that the network cannot be

considered as similar.

Different from pixel-wise segmentation, edge detection aims at judging whether a pixel

is on edge, which indicates that the task is in fact a two-fold classification. Besides, in

the view of edge detection ground truth data, there is a significant difference between it

and semantic segmentation ground truth. The edge detection’s label maps only contain

two categories, as it is for two-fold classification, and the distribution of the number of

these categories is fairly imbalance. In a typical edge map, only marked edge pixels are

set as positive and all the other pixels are negative, which means that negative regions

occupy huge part of the whole image. Simply using segmentation network has little

effect on this kind of map because most features extracted by the network are classified

as negative such that the generalization of the classifier makes it hard to distinguish

edge features and non-edge features. Thus this naive edge detection network is difficult

to make effective prediction, and cannot provide useful information back into the main

network to enhance pixel-wise segmentation.

Facing this problem, an alternative method is needed as solution. Initially, as edge

detection is a two-fold classification, the computation of the training loss only contains

two categories[36]:

−Ledge(x; θ) = −
∑
i

yi logP (yi = 1|xi; θ)−
∑
i

(1− yi) logP (yi = 0|xi; θ) (3.8)

where i is the index of pixels, x is input feature element, y is predicted label, and θ is

network parameter. In the case of edge detection, a pixel is marked as 1 if classified

as edge, otherwise 0. In this equation, the sum of pixels marked as 0 is much bigger

than the one of pixels marked as 1. Consequently the loss is influenced mostly by the

negative part. To solve the problem, the loss is rewritten with proper weight:

−Ledge(x; θ) = −
∑
i

αyi logP (yi = 1|xi; θ)−
∑
i

β(1−yi) logP (yi = 0|xi; θ) (3.9)

where α and β are corresponding weights for positive loss and negative loss, respec-
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tively. By adjusting the ratio between α and β, the influence of negative loss will be

reduced. The detailed ratio is to be confirmed by more experiments.

Another possible solution is to concentrate on the way of extracting features[37]. As

discussed above, edge detection and pixel-wise segmentation cannot be considered as

similar tasks. Edge detection may require other methods of image representation. Since

the edge ground truth map is imbalance in categories, considering changing the ratio of

the positive and negative may improve the detection performance. One way to change

the ratio is using image patches as training input.Before training, the image and cor-

responding edge map is separated into small patches. each patch, if the edge label is

crossing the center of the patch, can be defined as the positive patch, otherwise the

negative. Normally, a positive patch has higher ratio between edge pixels and negative

pixels, and the image patch usually contains two kinds of regions, which make the net-

work much easier to extract features. In the training procedure, the training patches are

sent into the network in spatial order, and the edge map of whole image reconstruction

is performed after edge detection.

Alternatively, edge shape on each positive patches may vary in different classes. To

further ease the training complexity, similar shape of edge can be clustered into one class

which is represented by one edge shape. The edge detection could then be transfered

into shape classification problem. The only difficulty on this method is to construct

such edge representation clusters.One problem for this method is the combination with

original pixel wise network, which may occur huge space of device memory and some

training procedures have to be compact enough to save computation resources.

3.2.7 Conclusion

In this section, the development of Scene recognition is reviewed and an experiment

is performed for measuring and evaluating the edge information on recognition per-

formance through multi-task networks. The results shows that, traditional segmentation

methods is not applicable for edge detection, because the features for representing edges

72



are not similar to the ones for representing regions. Simply synthesizing their extraction

proceedings does not enhance the representation ability on the whole image. The com-

petition of back propagation between these two branches consequently makes damage

on original network parameters which should have been available for image segmen-

tation. Therefore, to optimize the performance of the scene recognition, further works

should be done on representing images’ texture, color, and other regional information.
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Chapter 4

Multiple Road Lane Marks Detection

Using Machine Learning Methods

4.1 Introduction

Based on the methods reviewed above, one fact can be obtained that, these methods have

relatively robust ability of detecting the road lane marks. By extracting corresponding

features, the methods could depict a picture of road lane mark representation. The meth-

ods used in the solutions are basically from classic computer vision techniques, which

proved robust by multiple experiments[38].

Different approaches are utilized for extracting shapes’ feature for classification[39].

For example, the method mentioned above used ROI- associated method to discriminate

solid lane marks and dashed marks. Some methods record the shape feature of the

marks, for example, two solid line of double solid marks, blank between two dashed

marks and simple straight white mark of single solid marks. Based on these features,

the detected marks are classified.

The methods mention in the previous chapter are fundamental for modern marks clas-

sification that requires machine learning for higher accuracy. One requirement for such

approaches is data. Classification based on machine learning needs data to train a model
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for actual application, which is one of critical problem of lane marks classification. In

the field of lane marks detection, database with both annotation of marks and corre-

sponding categories is not sufficient for training. Most of the datasets only provide

representative lines of marks and are not easy for access[40]. In addition, since cur-

rent methods extract partial patches of the marks, corresponding classification do not

guarantee robust results.

Therefore, A solution of two main procedures is developed. First, construct a database

which contains both lane mark representation and corresponding labels for classifica-

tion. Second, Building a detector that could extract entire set of lane marks for further

classification.

4.2 Database

4.2.1 Review

Similar to normal object recognition missions, there are multiple datasets for lane detec-

tion and classification. Such datasets capture images from vehicles with drivers’ sight

that suits the demand of auto-driving. These datasets differs in data scenarios and an-

notation methods. For example, KITTI dataset[21] records road segments and store the

label as segmentation maps. Caltech datasets[40] for lane detection uses b-Spline to rep-

resent the lane marks and label the categories with different colors. Other datasets, such

as ROMA dataset[41], SLD dataset, store the lane marks’ representation as segmenta-

tion maps, where lane marks are segmented as white patches and other components as

black.

These datasets, in general, act as basic test standards for different lane detection meth-

ods. However, these major datasets may show some disadvantages during using. Caltech

dataset, although straightforward for testing, it does not provide convenient interfaces

for access to the data labels. And the labeler is not easy to use. ROMA dataset, which

provide detailed shape of lane marks, lacks information of connection among marks.

75



In other words, the dataset does not group the marks to show that which marks belong

to the same lanes. Furthermore, these datasets have one feature in common is that in

the images, few objects appears on the road. On the other hand, however, actual imple-

mentation of road detection methods always occur with complicated road conditions.

Samples of simple road conditions may not contribute efficiently to the methods. Con-

sequently, these dataset could not provide enough information or criterion for further

research. Therefore, A road lane dataset that contains multiple kinds of information is

required.

4.2.2 Singapore traffic road dataset

My research is associated with an industrial project. It contains multiple requirements,

including scene understanding and object detection. In the part of scene understand-

ing, one major mission is to recognize road lane and give each recognized lane mark a

proper kind. The project instructors intend to use the machine learning to solve related

problems. Besides, the project wants to use the data collected from Singapore for the

research. Based on the condition above, the project team requested the related data from

ST Kinetics (STK) and further process are completed.

The data from STK is a video captured from a MRT bus, second floor. the camera

captures front view of the bus. The final image sequence extracted from the video is

about 17744 frames in each patch, and 27 patches in total. In this video, the camera

recorded the bus’s routine of both directions. And the there are two different sights

of the camera in this data, the near view and the far view. To make the data more

efficient to use, the project team chose the far view of the video, which contains more

objects and roads regions. Besides only one direction of the bus routine is used to avoid

scene similarity. Consequently, the data consists of 7 patches of image sequences with

17744 frames each and 1 patch with 1800 frames. In this set of data, the scenarios

concludes urban, uptown, and wilds, which covers almost all the scenes that may found

in Singapore. Some examples of the dataset is shown in Fig. 4.1.
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Figure 4.1: Example of the Singapore traffic dataset

The major focus of the research is recognizing lane marks on the road. In the dataset,

there are several marks appearing on the road, namely guiding marks: double solid

lanes, solid lanes, dashed lanes, and zig-zags; ground signs including direction arrows,

speed limitation signs, forbidden districts and etc.. In the solution, the main focus is the

guiding marks.
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Figure 4.2: Examples of the annotation

To record and label these marks, the annotation method should both consider covering

the marks and recording the relation among marks. For example, in the condition of

double solid lanes, the labeling procedure should consider covering two individual lane

marks and annotating them into single label. Therefore, a method for the annotation is

developed. In the method, an open-source annotation tool, Labelme, is used. It draws a

polygon which contains entire object and give the polygon a label, namely the label of

the object. For the lane marks annotation, such polygons on the related lane marks is

constructed, where polygons’ edges are close to the marks’ edges, only narrow spaces

appear between the two, and the shape of the polygons are similar to the corresponding

lane marks. The example of the annotation is shown on Fig. 4.2.

Our method considered both shapes and connections of the marks , which improved the

problems mentioned above. The annotations record contours of the polygons, which

could further provide information for curve fitting. The basic annotations of the lane

marks provide shape and region information for the further works, but it lacks represen-

tation of lane marks’ structure. Researches have shown concentration on what kind of

lines that the lane marks constructs. By acquiring the related information, the lane marks

are expected to form lines that properly describe the directions and structures. Since the

annotations provide contours of each polygon, it helps the construction of these repre-

sentation lines. In the implementation,The Least Squares method is utilized to build the
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Figure 4.3: Examples of the representing curves on the dataset. Red: Road edge; Yel-
low: Double solid lane; Blue: Dashed lane; Green: Solid lane.

fitted curves. The lines do not cross the contours of the annotations, but make sure it

minimize the sum of distance to all the contours. Usually, such lines have determined

formula, namely they are of straight lines or quadratic functions. In this dataset, the

lane marks are basically classified into two kinds: straight lanes and curves. Obviously,

different fitting models are needed for each kind. For straight lines, linear functions is

used for fitting, and for curves, quadratic functions is used. Some examples are shown

in Fig. 4.3. We can see that the fitted lines properly represent the annotations. For each

lines, their functions’ parameters and some key points are recorded.

Based on the annotation and further processes, certain algorithms are expected to detect

and classify the labeled marks.

Category Count Proportion

Solid lane 1159 11.81%

Double solid lane 881 8.98%

Dashed lane 4689 47.78%

Zig-zag 228 2.32%

Road edge 2857 29.11%

Table 4.1: Categories of road marks and corresponding stastatics
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4.3 Preprocessing

4.3.1 Problem formulation

To deal with road lane detection problems, An important factor is extracting proper

features of the marks for further detection and classification. Different from normal

objects, road lane marks have following important properties:

• Simple shapes

It is obvious that most of the lane marks have unique colors and shapes. For some

marks that have special functions, their color may differ from the normal one.

Regardless of damages or reconstruction, a whole piece of lane mark owns only

one color. Besides, their shapes are always simple. Most of the guiding marks are

of regular lines (in the view of actual design) with fixed width.

• Significant Contrasts

Lane marks are always designed to be very distinctive against road surface. When

focusing on the roads, one can easily find edges of the marks. In the view of

computer vision, under normal scenes, it is convenient to compute gradients of

the marks edges, which provides a possible way of extracting marks regions.

• Complicated environments

Although lane marks are simple in shape and color, these properties do not ease

related detection and classification. On the contrary, their simplicity stresses the

problem solving. The marks’ surroundings, including the road surface, vehicles,

road edges, parallel lines of different types and even illuminations could provide

huge information which could damage the quality of lane marks features. In some

cases, these factors could directly change the road marks’ properties of color and

shapes in the view of computer vision. For example, strong illumination could

make the road surface bright enough to make the marks not significant as nor-

mal conditions, which make the marks hard to find even using humans’ eyes. On

the other hand, when occurring shadows, lane marks’ vision properties are also
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changed: their contrast against road surfaces are lessened, their shapes are not

significant or regular, as their brightness may decreases significantly when cov-

ered by strong shadows.

Based on these conditions, lane marks detection and classification requires unique fea-

ture extraction and processing methods that are different from typical object detection.

4.3.2 Non-linear diffusion

To emphasize the structural information of lane marks, the method should focus on

extracting significant and unique features of the marks. As discussed above, edge and

shape features are most remarkable features of the lane marks. Finding a proper way for

the extraction will enhance the further process.

Methods for edge detection are wildly developed and implemented, most of which uses

gradient information and combines with other pre-processes. one of the reasons for us-

ing gradient maps is that the edges are sharp enough to distinct, and by applying gradient

kernel, one can obtain the information of the edges’ magnitude as well as orientation.

Such features are useful for fitting representation lines of the marks. However, in normal

cases, the gradient are not easy to obtain because of the surrounding texture. Road sur-

face may produce noises while computing the gradient, which will make expected edges

sink into the surrounding. Removing the noise could ease the problem but damage the

quality of edges.

In order to get clear edge efficiently for further gradient computing, some pre-processing

methods are needed. In this solution, non-linear diffusion is used for the image enhance-

ment. The pre-processing expects smooth surface and distinctive edges of lane marks.

Normal linear diffusion, for example, Gaussian filter for smoothing, tends to smooth

both noise and edges, and it also dislocate the edges when one moves from a finer to a

coarser scale. Thus a nonlinear method for noise removal is introduced.

The nonlinear diffusion is originated by Perona and Malik[42] who called their filtering
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method anisotropic diffusion.In their solution, the following equation is used:

g(|Ou|2) =
1

1 + |Ou|2
λ2

(4.1)

where u denotes the input image, and λ denotes the threshold. If |Ou| is far larger than

λ, Then the function g(|4u|2) → 0,which means if the divergence is large enough,

then the filter will have little influence on the image region. On the other hand, if the

divergence is very small, |4u| → 0, g(|Ou|2)→ 1, indicating that the region with small

divergence will be significantly modified by the filter.

The result of using the filter is effective. In the case of image edge detection, the edges

are clearly preserved while some texture features are blurred. Therefore, this method is

expected to enhance the images to make road marks clearer and swipe other noises.

4.4 Road mark patches extraction

4.4.1 Edge extraction

As discussed above, the edges are significant for detecting road marks. Compared to

other regions’ texture, edges of road marks indicates big changes of the value on the

neighbor region. Intuitively, applying gradient to the image could draw a clear map

of the edges. However, after some pre-processing methods, for example non-linear

diffusion, some noises still exist. To further enhance the quality of edge map, a different

method is used.

Below is 1-dimensional Gaussian filter. Gaussian filter, as a normal filter for images, are

wildly used in image blurring. One main implementation of Gaussian filter is Gaussian

low-pass filter. Mathematically, a Gaussian filter modifies the input signal by convo-

lution with a Gaussian function; this transformation is also known as the Weierstrass
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transform.

g(x) =

√
a

π
· e−ax2 (4.2)

The frequency response is given by Fourier transform:

ĝ(f) = exp(−π
2f 2

a
) (4.3)

where f is the ordinary frequency.

The filter preserves image components of low frequency and reduces or even suppresses

components of high frequency. In the view of image frequency, high frequency region or

components indicates that such regions contain sharp changes in texture or color, and on

the other hands, low frequency regions represent smooth regions or textures with slight

changes. By using low-pass filters, image components of slight changes are preserved

and components with sharp changes are reduced or blurred.

Figure 4.4: Example of high-pass filter processing.

In the context of road marks detection, the main purpose is to preserve the edges, namely

some regions with significant changes. Therefore, the property of low-pass filters is uti-

lized for edge extraction. The low-pass filters preserve smooth or stable regions, based

on which desired regions can be extracted by simply eliminating the stable regions. As a

result, the regions of edges and other sharply changing textures are preserved. Obtained
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from the figures, the lane marks regions’ edges, and other textures or components are

suppressed. Which is ideal for further mark extraction.

4.4.2 Line fitting using RANSAC

After using high-pass filters and related methods mentioned in the pre-processing part,

the input images are significantly simplified and some valuable information is exposed.

However, there are still some regions that contain features points after the pre-processing.

Therefore, proper method is needed to locate the position of the land marks and extract

the marks into individual patches.

In this dataset, almost all the edges are of straight lines or slightly curved in this dataset’s

camera view. In the view of feature maps, such lines are ideally extracted and distinctive

against other feature points and regions. Based on the maps, further works are needed

for marking these edges to make road marks preserved and other regions are completely

suppressed.

There are several ways for the method focusing only on these edges. For example,

hough transformation could quickly extract potential straight lines; Line segment de-

tector (LSD) provides a quick way of marking straight but short lines which could be

further processed into desired lines shapes. In this method, however, these methods

have difficulty in finding the road marks’ edges, besides, they tend to extract the lines

from other regions which are not expected. In the context of this feature maps, lines

are expected to approximately fit the direction and shape of the road marks. Namely, if

a line that is properly built based on feature points on the edges, it will ideally repre-

sent the corresponding marks. Therefore, a method called RANdom SAmple Consensus

(RANSAC)[43] to handle the line fitting missions.

As a line fitting algorithm, RANSAC does not directly collect all the possible points for

further fitting, it is done by a iterative routine for estimating the parameters of a specific

model by picking a subset of data source in each iteration step. In the data source, there

are inliers and outliers, The inliers are the elements that will influence the parameter
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updating while outliers do not make such influence. Therefore, it can be interpreted as

an outlier detection method. The algorithm was first published by Fischler and Bolloes

in 1981.

In the view of RANSAC, the data source can be represented by certain model with

adjustable parameters. In this model, the outliers are not fitted. If some inliers are given

or found, RANSAC will make a procedure to adjust the model parameter to make the

inliers have a optimized model as representation.

RANSAC focuses on estimate parameters of a model by randomly sampling data input.

A simple interpretation of RANSAC is that, it sets a voting procedure for a model. If an

element suits the model, then it is concluded, otherwise it will be recognized as noise

and then discarded. The RANSAC follows two steps that are iteratively executed:

(1) Randomly select a subset of data from data source and fit it into a certain model to

be generated. Then corresponding computation is performed on the data chosen

for the parameter adjust;

(2) RANSAC checks the entire data source if there are elements consistent with the

model and corresponding parameters generated in the first step. An element will

be recognized as outlier if it does not fit the model or the result of parameter which

is computed with the element is beyond certain threshold which defines the border

of offset on the model.

The set of inliers acquired for the fitting model is called consensus set. The algorithm

will be executed iteratively until the consensus set has enough elements according to the

setting before execution.

The input of RANSAC concludes data elements, a model to fit and corresponding pa-

rameters to compute. RANSAC achieves the model updating and data input selection

with following steps:

(1) Randomly select elements from data source as inlier potentials;

(2) The input model is computed with the inlier potentials;
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(3) All other data in the data source is tested in the model, if the data element suits the

model, which means the parameter within the model is not changed over thresh-

old, then the element is contained in the consensus set;

(4) If the consensus set contain enough number of elements, the model is recognized

as robust model.

(5) The model can be improved with all the consensus set candidates.

A brief conclusion of RANSAC algorithm is shown in algorithm 5:

Algorithm 5 RANSAC

Input: The lane feature map x

Initialize the score of fitted lines as s, a maximum iteration time n, and a line storage

l

for i← 1 to n do

Get random sample points x as input points;

Use these input points to build a initial line l0

Compute the score s′ of the line using certain method.

if s′ > s then

update s with s′ and l with l0

end if

end for

Output: The fitted line l

An advantage of RANSAC is the ability to do robust estimation of the model parame-

ters. By iteratively picking elements and fitting models, the algorithm could gradually

find the ideal model that best describe the desired distribution. On the other hand, some

disadvantages also exist. As the algorithm follows the procedure of iteration, it may

require a number of iteration due to the difficulty of model fitting. Thus the imple-

mentation time could be long. Besides, one instance of RANSAC algorithm can only

estimate one kind of model. It is not capable of multiple model fitting. This method

only focuses on straight lines, thus such problem will not occur.
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As an actual implementation, this method that fits the road lane marks utilizes RANSAC,

in which the extracted edge points and other noises are used for fitting the model. The

model expected here is the straight lines that best describe lane marks’ shape and direc-

tion. Traditionally, RANSAC can only fit one model in each execution. In the normal

scenes there are more than one lane marks need extraction. Therefore, a procedure is

designed for the whole image’s line fitting:

(1) Initialize the algorithm instance with one input feature map;

(2) Use RANSAC with certain number of iteration to estimate the first line marks,

build and save the fitted lines;

(3) Delete the points in the feature map that are used for the fitting in the step above.

The new feature map is then processed with RANSAC for the next lane mark

estimation;

(4) Repeat step 3 until the number of points that are used for fitting an estimated line

is less than 10;

(5) Calculate the slope of each lines, if the value is outside a threshold which is set as

[0.4, 4) and [−0.5, 0) in this scenario, the discard the corresponding line;

(6) End of the procedure.

Some results for the line fitting are shown in Fig. 4.5.
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Figure 4.5: An example of RANSAC fitting results

4.4.3 lane mark patches extraction

Based on the fitting result with RANSAC, the solution could continue on extracting the

patches of lane marks. By reviewing the lines’ condition on the feature map, a fact

can be obtained that the lines are located inside the marks or just around the edges.

Therefore, based on these extracted lines, some patches are generated for segmenting

the marks.

One of the dataset’s features is that the images are captured from the same camera

view. This property brings advantages for image regions extraction. Since the camera

is fixed, the region of road and corresponding components are stable in its shape and

location. Therefore, the the road marks from different images share same coordinate
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system, which means an extraction method is implemented with same parameters on

different images, the result could be equally reasonable. Specifically, lane marks are

similar in size and shape among different images, which means one detector can grab

these marks without any adaptive modification. The detailed procedure is as following:

(1) Input the lines found in the RANSAC step;

(2) Read the location of each line, as well as begin and end points’ locations;

(3) For each line, set up an offset of fixed value δ. Then move the line by the value

along x axis both to the left and right. As a consequence, each line has two copies

at its left and right, each of which has distance δ to the original fitted line;

(4) For each line, record the contours of its two copies and crop the image according

to these contours. The cropped image is the lane mark on the road;

As discussed above, since the view is fixed, the offset δ are not needed changing for

each image. Some sample of the extraction is shown in Fig. 4.6.
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Figure 4.6: Some examples of marks patches segmentation maps

Based on the segmentation, patches of the lane marks are extracted. The format and

structure of the patches are similar to the ones of the dataset mention in the former

section.
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Figure 4.7: Some examples of marks patches

4.4.4 Implementation

In the actual experiment on the dataset, the annotated patches are extracted individually

and marked with corresponding label. These patches’ features are described using his-

tograms of oriented gradients HOG[44] features. The classification are executed using

both regularized ELM and standard support vector machine (SVM). For the training

process, 8100 samples of 5 categories and 912 samples are prepared for test.

Method Overall accuracy

ELM 93.3%

SVM 70.2%

Table 4.2: Overall accuracy on classification of the dataset
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The detection method mentioned in the previous sections are combined and imple-

mented on the Singapore traffic dataset. The test image contain normal scenarios which

do not have irregular shadows on the road surface, and images of rough situations, for

example road with cars or covered with shadows. The test is to evaluate the robustness

of the detector in multiple conditions. The result is shown in Fig.Fig. 4.8.

Figure 4.8: Examples of detection. Red: Road edge; Yellow: Double solid lane; Blue:
Dashed lane; Green: Solid lane.

4.5 Performance Analysis

According to the methods introduced above, some experiments are performed and the

results have been made. In the result, most of the lane marks are correctly detected and

classified.

Method Road edge Single solid Dashed Double solid Zig-zag

Road edge 99.32% 0 0% 0.68% 0

Single solid NaN NaN NaN NaN NaN

Dashed 0.46% 0.23% 99.3% 0 0

Double solid 1.12% 0% 0 98.88% 0

Zig-zag 0 0 0 0.93% 99.07%
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Table 4.3: Accuracy on each category in the dataset. (This test set does not contain
single solid lanes)

Method Road edge Single solid Dashed Double solid Zig-zag

Road edge 100% 0 0% 0 0

Single solid 6.19% 88.57% 5.24% 0 0

Dashed 8.20% 0.35% 89.88% 1.40% 0.17%

Double solid 0 0 0 100% 0

Zig-zag NaN NaN NaN NaN NaN

Table 4.4: Accuracy on each category in the dataset. (This test set does not contain
Zig-zags)

In the experiment, the test scenarios differ in road surface situations. In normal scenario

where road surface is not covered with shadow from other objects or filled with vehicles,

the detection result shows good detection effect (shown in left-top in Fig 4.8 ). In some

situations as shadow covers the lane marks (shown in bottom left in Fig.4.8, where the

road edges and double solid lanes are shadowed ), The method preserve good perfor-

mance on recognizing the lane marks. As introduced in the previous sections, fitting

lines for representing the lane marks is the key to following steps. By adjusting related

parameters of RANSAC model, the solution could fit desired lines in spite of the noises.

Obviously, the edge maps may contain sample points from other objects, for example,

vehicles and shadows. However, such sample points have little chance to form a line

that can be fitted by RANSAC. Therefore the line fitting step can hardly be interrupted

by the noise and the fitting results are robust for further processes.

The classification result on each category is shown on table 4.3 and table 4.4, indicat-

ing the accuracy of classifying each category and the error on mis-classification. The

results show that most samples are correctly classified, but some samples of certain

categories have obvious tendency of being mis-classified. The first is the samples of

dashed lane marks. From the table there are 8.20% of dashed marks classified as road

edges, and 6.15% of single solid lanes are classified as road edges, 5.24% as dashed

marks. The reason for this mis-classification may comes from the method of feature
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extraction. The classifier receives HOG features as input. The HOG feature is consid-

ered as description of image structure. One common feature of these three categories

is that they are all single-lined mark representations, which means that the feature sam-

ples from both sides of the marks take major partition of the whole feature maps, while

the ones of detailed structures take minority of the whole features. Therefore features

of the samples from the three categories share feature samples of fairly high similarity.

Although the structure of these samples are distinctive, if the road surface condition is

not ideal, for example the illumination is too high to distinguish detailed structures of

the marks, the corresponding feature samples are hard to acquire. In addition, HOG

features does not store color or texture information, which in turn discards an significant

difference between dashed marks and road edges. Consequently the mis-classification

occurs. Based on these reasons, there are some incorrect classification appearing on the

detection results. In the part of detection, the results face the different situations. In nor-

mal conditions, road marks are clearly detected and classified. In the situations which

are rough or complexed, some errors may occur that some marks may not be detected

correctly. For example, if illumination are very low, the detector may not clearly filter

the edges which leads to failure of corresponding marks detection.

The method for detector is designed specifically for recognizing the marks. It approxi-

mately depicts the position and shape of the lane marks, shaping a general structure of

current road. However, the detector faces several disadvantages. First, the segmentation

patches do not precisely shape the marks’ structure, in which every patch are segmented

as straight lines. When curve marks are detected, the segmentations cannot show the

bending. Second, since the classification solution only sets the labels on categories of

road marks, it does not build a criterion of discriminating straight lanes and curved lanes.

Therefore, the detector is not capable of discriminating the specific direction of the road.
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4.6 Potential Improvement

4.6.1 Adaptive detection region

The methods mentioned in the literature review all have a region limiting step before

actual detection. The step has an advantage of erasing invalid region and preserve road

regions for the ease of feature extraction, since the texture and color of road lane marks

are possibly too similar to distinguish. Limiting detection region could considerably

reduce the occurrence of wrong detection.

Previous methods use rectangle regions for limitation, which is fast to implement but

not robust. The rectangle regions are mostly fixed in the input image. When the road

surface changes its location in the image, for example, as the vehicle is turning or leav-

ing main road for branches, the fixed region may not contain road surface, thus the lane

marks are unable to be detected.

In this solution, the semantic segmentation, or scene recognition methods are considered

as a solution for determining the regions. Based on the solution presented in Chapter 3,

multiple approaches are available for the mission. An advantage of the solution is that,

it can recognize road surface region of arbitrary location in the input images, which ben-

efits the processing of lane marks locating.
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Figure 4.9: Examples of the road surface segmentation. Dark pink: Road; blue: Side-
walk, red: building; purple: vehicles; gray: sky; yellow: plantations

As mentioned in Chapter 3, FCN is designed for the segmentation problem and further

optimization is needed. In this solution dilated convolution is considered as a proper

optimization method. Some samples of road surface segmentation are shown in Fig.4.9.

The results indicate that the segmentation method is capable of locating and shaping the

road surface of multiple situations.
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4.7 Conclusion

In this chapter, a solution of detecting road lane marks is presented. The solution con-

tains data collection part and recognition part. The data is collected from Singapore

traffic roads from different scenarios. Then the lane marks on the roads are extracted

and labeled. In the recognition part, a RANSAC method is used for fitting lane marks

representation lines, then the lane marks patches are extracted and classified. The results

show good performance on recognizing each categories.
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Chapter 5

Conclusion and Future Works

5.1 Scene recognition

In this report, the development of scene recognition is reviewed. From non-deep-

learning method to deep learning method, the technique has grown into a field that both

satisfies recognition accuracy and speed. Traditional methods are reviewed using two

typical methods, Conditional Random Fields and auto-context. These methods still have

their value for applications and new learning method development. Developed from tra-

ditional methods, the deep learning methods take advantages of modern computation

devices and multiple kinds of networks are developed to complete scene recognition

tasks. As a spatial dependency model, RNN and its integrations are reviewed. FCN,

a fundamental framework for general semantic segmentation, is reviewed and a project

is done based on its improvement. The report also reviewed corresponding dataset for

scene recognition tasks, in which the mechanic of dataset is presented and some ad-

vantage and shortcomings are analyzed. Besides, the FCN framework is extended to

perform multi-task processing. The method predict images’ pixel-wise segmentation

(scene recognition) and edge maps simultaneously. The main purpose of the method

is to use information from edge map as structure information to enhance pixel-wise

segmentation performance. This method needs further improvement for better edge de-
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tection to enhance the whole network’s performance on scene labeling.

Solving typical challenges in scene recognition

The scene recognition tasks still face challenges. As mentioned above, there are two

main problems for general scene parsing, rare class recognition and similar classes con-

fusion.

Rare classes recognition[45] is based on two phenomenons.First, a certain class rarely

appears in the dataset. Second, some classes frequently appear in the images but occupy

very small regions. Two factor make these classes hard to be segmented. In some

tasks, these classes are very crucial for the whole image representation, or they are

the elements that researchers concern. Therefore, an efficient method for rare classes

recognition in semantic segmentation is required.

The difficulty of distinguishing similar image regions is that although given plenty data

for training, the feature maps between these two kind of regions are still confusing for

classifiers. For example, general FCN networks are difficult to distinguish walk streets

and roads for vehicles, which is crucial for traffic vision applications.

One possible way is extract features with significant difference. Image regions with

similar classes are globally similar, but different in detailed textures. The key to the

problem is finding proper representations for them. In the view of CNNs, features that

contain detailed texture information is mostly stored in low-level feature maps, which

is close to image input. Using certain method to distinguish such slight difference may

result in significant classification.

Current research reveals that constructing rich feature of multi-scale structure could

solve the problem in some degree. The method extracts features with different kernel

and pooling sizes, upsamples them and concatenates them into one final feature map.

This method collects rich information, and stores them in a pyramid shape, which re-

flects image textures’ features from global scale to tiny region scale. In the view of

receptive fields, such network has stored as much context information as possible. Con-
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sequently, the method archived 80% overall accuracy on PASCAL VOC dataset. The

advantage of this method is that its rich information provides robust support for further

computation. However, it occupies huge space, and if the computation device is not

strong enough, it may not be so efficient as the computation procedure requires huge

resources.

Therefore, a method that costs less computation resources as well as keeps ideal seg-

mentation performance is needed.

5.2 Road lane marks detection

Based on the solution presented in this chapter, the basic structure of the road lane

marks detector is completed. Each step of the solution is relatively independent and

fully connected. To achieve the goal, high pass filter is used to extract the feature map

that could clearly capture the road lane marks’ edges. Then the RANSAC algorithm

is used to unite this edges as representative line of each marks. Based on the fitted

lines, marks patches are extracted for further classification. In the classification step,

Regularized Extreme Learning Machines is utilized for quick classification.

Although the solution could approximately recognize marks, each of the steps are so

basic that available for improving. First is the method of detector. The measurement in-

dicates that the detection method is naive. The extracted patches are coarse, and the final

detection is not precise. The main reason is the way of extracting fitted lines. When fac-

ing line fitting problem, RANSAC specifically solves straight line fitting problem, which

means it is capable of fitting curves. The results show that some detected patches are

short. This is because the result of line fitting does not cover the points from smaller

points in the feature maps. Two factors contribute to the reason. One is the points that

should be of one line is too far from the previous cluster that cannot be covered by

RANSAC algorithm, and the other is that the number of points is small when the com-

ponents of the feature map is far from the camera. Based on these factors, finding a way

for modeling curves and lines of wider coverage based on current features maps is an
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expecting direction of improvement. Second, in the processing of classification, a sim-

ple feature called HOG feature is used. The method is efficient for classification based

on structure but weak in the one on colors. As discussed above, a significant difference

between dashed lane marks and road edge marks is color or grayscale. Utilizing the

difference of these features could potentially improve the classification performance. In

addition, some common road lane marks also contain colors different from pure white,

for example double solid lane marks. Using color information could improve the accu-

racy on classifying these marks.
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