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ABSTRACT

The study of Situation, Scene and Scenario Classification is the necessary because of the understanding of basic
techniques towards the recognition of level of risk of danger especially during unpredictable infinite possibility
of situations. To infer high-level semantic scene categories, Scene Classification is useful and important step. It
becomes necessary especially in the case of low-level visual features. A basic challenge for natural situation,
scene and scenario classification is due to the fast growing researches in the field of autonomous driving.
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I INTRODUCTION

According to Cambridge dictionary [2], the set of things that are happening and the conditions that exist at a
particular time and place, the position of something, especially a town, building, etc. The paper [3] defines the
entirety of circumstances, which are to be considered for the selection of an appropriate behavior pattern at a
particular point of time. It entails all relevant conditions, options and determinants for behavior.

According to Cambridge dictionary [46], scene is the place where a unit of action or some event occurs, any
views or picture, display of anger, strong feeling, bad manners, a division of a play or an act of a play, an
incident or situation in real life, etc. As per definition of paper [16] Scene is a place in which one can have
movement. In order to understand, we further study the scene in detail.

According to Cambridge dictionary [44], a description of possible actions or events in the future, a written plan
of the characters and events in a play or film. The functional description of driver assistance systems and also in
the context of simulation and testing, the term scenario” is found generally.

In the section2, situation study, in the section3, hierarchical classification and hierarchical situation
classification, in the section4, scene study and its category has been explained. Section5 and section6, describes

hierarchical scene classification and scenario study respectively and finally section7 is for conclusion.

11 SITUATION STUDY
A situation is derived from the scene by an information selection and augmentation process based on transient
(e.g. mission-specific) as well as permanent goals and values. Hence, a situation is always subjective by

representing an element's point of view."
2.1 Situation of road-vehicles

The situation of road and vehicles on the road are unpredictable. The situation of road- vehicles is being

explained with the figure 1 [1].
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Figure 1: Representation of Situation of road-vehicles. The different possible position of the

vehicles are represented using magenta color, main vehicle in red color and the shape of the

road using dot distribution representation.

Situation consists of the pair of road and vehicles as shown in figure 1. In this figure, the shape of road is being
represented using dot distribution representation. The positions of other vehicles are represented using magenta
color in square shape. The triangular shape in red color is being used to show the position of main/subject/ego-

vehicle at the origin. The x and y axes are measured in meter.

11l HIERARCHICAL CLASSIFICATION

Hierarchical structures exist on all levels of natural scenes. A multiple instance learning by maximizing diverse
density can be used to classify images of natural scenes [47].

As we have seen the scene categorization in the SUN dataset [27] and the term outdoor manmade and this
further categorized as many different scenes. The first level of hierarchical study, classify the number of
different kinds of the shapes of the road. The second level of the hierarchy is the number of objects on these
different shapes of the road. The benefits of hierarchical study are listed below.

To make object, image and scene recognition easy.

To reduce the calculation cost and time.

To make fast retrieval of information.

To preserve the natural constrains and maintain simplicity.

Clarify of routes to follow the final groupings.

3.1 Hierarchical Situation Classification

Hierarchical Situation Classification has been shown in figure 2 [1]. This figure shows the example of hierarchy

of road and the different positions of vehicles on the road. In the first level of hierarchy five different kinds of
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shapes of the road are considered. Three different shapes of the road of each category of the shape of the road
have been shown in the level first of the hierarchy. In the second level of hierarchical study the number of

different vehicles shown on the corresponding shapes of the road.

Shapes of the Road

I

1 l L 4 v l
Cross shape Road T-junction Road Straight Road Left Turn Road Right Turn Road
| !
Vehicles on the Vehicles on the Vehicles on the Vehicles on the Vehicles on the
Cross Shape Road T-junction Road Straight Road Left Turn Road Rigm Turn Road

LT JAF- F0 R
+4T4AF IR} '|1

tLT4AF 00D 1] rrL

+ Position of Subject Vehicle A— Arrangement of other vehicles

Figure 2: This figure shows the example of hierarchy road and vehicles on it. In the first level of hierarchy
five different kinds of shapes of the road are considered. In the second level of hierarchy the number of

different vehicles shown on the corresponding shapes of the road.

IV RELATED WORK

For the situation assessment, sensors and database or digital map has been used as an input. Situation
assessment thus helps to risk assessment and decision making system in a collision avoidance system [4]. The
consideration of situation is with obstacle detection during movement of robot [5]. A learning classification
algorithm to produce internal concepts is termed as situations, which can be used for constructing a graph of
situation areas i.e. situation map of free space. When the robot moves the sensors collect these data and classify
these data and thus situations are recognized and situation maps are formed [6]. If people are easily distracted,
how do we maintain their situational awareness and how is their attention grabbed when it is needed. Situations
in which inattention of driver (e.g., due to multitasking) might have led to an accident [7].The information of the
current driving situation to establish a situation dependent data distribution. By using, a situation dependent data
distribution the bus load in a vehicle can be reduced significant [8]. The evaluation of situation analysis in a
common road scenario on a German highway. The recognition rates of about 89% of the driving situations in
this scenario and by using the current driving situation for data distribution the bus-load could be reduced by
about 17% [9]. In the model of situation, information of in-car sensors has been used to build up a representation

of the environment around the ego vehicle. A situation analysis is established to detect the current driving
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situation according to the given description of driving situation on top of the situation model. Situation analysis
is used to establish relationships (not necessarily hierarchical) and associations among entities in the situation
model, it should anticipate with a priori knowledge in order to rapidly gather, assess, interpret and predict what
these relationships might be; [10]. As autonomous vehicles advance toward handling realistic road traffic, they
face street scenarios where the dynamics of other traffic participants must be considered explicitly. These
situations include everyday driving maneuvers like merging into traffic flow, passing with on- coming traffic,
changing lanes, or avoiding other vehicles [11]. The active safety systems has to operate properly even in hardly
foreseeable traffic situations [12]. Situation assessment in tactical behavior planning for lane changes, whether
lane changes are beneficial and/or possible [13]. A variety of different driving situations has been discussed. The

different weather situations has been considered for navigation systems [14].

V STUDY

The study of scene in three divisions as small-scale scene, medium scale scene and large scale scene is furnished
as below. These divisions are based according to datasets used for the study of scenes. These datasets have many
common properties such as follows. One, they are iconic and typical scene images that background objects;
consist of surfaces to decide scene categories. Two, these datasets have very limited number of scene categories
and within the same class; images have very few variations in visual patterns. Three, they focus more on
usually-seen categories, such as coast, forest and living room, etc. and so on.

5.1 Small-Scale Scenes Study

These small scale scenes are further divide into two categories for our easy understanding the scene. First one is
outdoor scene category and second one is indoor scene category. Mixed category such as outdoor and indoor
scene category is also studied in this study.

5.1.1 Outdoor Scene Category

This scene category uses the dataset of 8-scene dataset [15], [30], in which the image descriptor GIST was
proposed. It consists of 8 outdoor scene categories in which 4 of them are from Natural landscapes and 4 of
them are from man-made scenes. Totally, there are 2688 images in the dataset. It is popular benchmark in the
scene understanding field and a mandatory challenge for all scene understanding researches. Later, researchers
from the same group labeled the dataset for the purposes of semantic segmentation in scene parsing researches.
5.1.2 Outdoor and Indoor Scene Category

To create more challenging datasets, researchers intended to increase the categories and diversities of scenes.
After the popularity of 8-scene dataset [15], 15-scene dataset has been introduced including 2 extra outdoor
categories and 5 indoor categories to meet the requirement of scene diversities tasks. The 15-scene dataset [17],
[19] and [30] has three more challenging factors than the above stated 8-scene datasets as follow.

(1) The 15-scene dataset consists of only gray-scale images.

(2) The 15-scene dataset has twice number of scene categories and images.

(3) The 15-scene dataset considers indoor scenes with outdoor scenes together.

Being such differences and challenges, the 15-scene dataset also became a mandatory benchmark in nowadays

researches.
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5.2 Medium-Scale Scenes Study

This medium scale scenes study describes the details about the event centric scene category
and ground truth geometric levels category with the UIUC sports datasets and CMU 300
datasets respectively.

5.2.1 Event centric scene category

The dataset used for the study of event centric scene is UIUC sports [18], [30]. It consists of 8 sports event
categories as follow. (i) rowing (250 images), (ii) badminton (200 images), (iii) polo (182 images), (iv) bocce
(137 images), (v) snowboarding (190 images), (vi) croquet (236 images), (vii) sailing (190 images), and (viii)
rock climbing (194 images). Each image has provided the information of the distance of the foreground objects.
According to the human subject judgment, images are divided into easy and medium group. This dataset is
prepared based on event happened during sports, therefore names event-centric scenes. The most scene images
have distinctive foreground and background contexts. Hence, a promising research direction in context based
recognition has been arisen using scene/object topic models.

5.2.2 Ground Truth geometric levels scene category

The largest benchmarking dataset in the geometric layout research community is dataset in [20], consists of 300
images of outdoor scenes with 23 different scene categories including building, alley, college, cliff etc. The
dataset provides ground truth geometric labels for each image, namely support, sky, planar left, planar center,
planar right, non-planar solid and porous. The first 50 images are used for training the surface segmentation and
the remaining 250 images are used for evaluation. It provides occlusion boundaries for 100 images in the dataset
other than geometric labels. The occlusion boundaries indicate occluded objects and the depth orders of

occluding.

5.3 Large scale scene study

Due to big progresses in computer vision researches, small and medium scales datasets were
no longer sufficient to meet the urgent need of large scale datasets and also for the evaluation
purpose of robust scene understanding system performance.

5.3.1 Pascal Visual Object Classes (VOC) Challenge dataset

There are 20 object classes in the PASCAL dataset [24], [30] with thousands of images in each class. The
PASCAL Visual Object Classes (VOC) Challenge dataset provides a common set of tools to access the data sets
with annotations and standardized image datasets for recognition and object classification. This PASCAL VOC
Challenge dataset was an annually arranged event from 2005 to 2012, in which researchers submitted their
results on object classification, and got their results evaluated and compared online. The source of images was
from the collection of Flicker photos. The online competition consists of classification, detection, segmentation,
person layout and classification of action as follow.

Classification: To determine the presence or absence of an example of that class in the test image for each of
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the 20 classes.
Detection: To determine the label of each object and the bounding box from the 20 target classes in the test
image.
Segmentation: To generate the pixel-wise segmentation of an object in the image.
Person layout: To determine the label and the bounding box of each part of a person.

Classification of Action: To determine the action of a person in a still image.

5.3.2 80 Million Tiny Image dataset

The dataset consists of 7,527,697 images, named as 80 million tiny image proposed by [21], [30]. The
motivation for the preparation of this dataset was an interesting experimental observation i.e. human can achieve
a recognition rate higher than 80% and also classify a scene with 32 x 32 pixels [21]. Each image is labeled with
one of the 53,464 English nouns from the WordNet [22] and of low resolution (with image size dimension 32 x
32). This tiny image dataset is mainly used in fast image search which demands very little memory. Also, the
main aim of this dataset is to facilitate the development of fast image search and scene matching techniques with
very little memory. The sources of all images were the Google search and other engines using English nouns
from the WordNet. These images contain object images and scene images are with high diversity. Its
combination includes Caltech 101 categories, Caltech 256 categories, Vogel and Schiele [23] 702 natural scenes,
Olivia and Torralba’s [15] 2688 images. In object recognition task, The Caltech 101 categories and Caltech 256
categories images containing objects are used at a large scale. This proposed dataset contains image categories
of sufficient diversity. In spite of large number of images in this dataset, all images are categorized. The
confidence map, labels provided by users, nouns from the WordNet and the visual dictionary view of the whole
dataset available in the project website [21]. The algorithmic accuracy in the classification of different
categories is reflected by this confidence map. The amount of data provided by users is shown by labels. The
averaged version of a class of images can reflect the global information of this class and the visual dictionary
view supports the visualization of tiles by averaging the color of images that have the same English noun. The
website provides the facility to add annotations by selecting a word and indicating whether correct and wrong
images are returned to the users. To solve inaccurate annotations, the website allows users to correct labels
online. However, these tiny images with low resolutions usually do not allow image classification algorithms to
work properly.

5.3.3 LabelMe dataset

The dataset LabelMe [26], [30] is dynamic, free to use, and open to public contribution and prepared by the MIT
CSAIL with an objective to provide a dataset of digital images with object and surfaces annotations. This
LabelMe dataset provides a website to annotate images online for the users and asks people to use polygons to
segment and annotate object and surfaces in an image. The following aspects separates this LabelMe are from
other existing datasets.

(1) LabelMe contains images of objects with multiple angles, sizes and orientations.

(2) LabelMe designs images for object recognition in arbitrary scenes and it avoids the scene to cropped,

977 | Page




International Journal of Advance Research in Science and Engineering Q
Volume No.06, Special Issue No.(01), December 2017 o ARSE

www.ijarse.com ISSN: 2319-8354

normalized or resized.

(3) Each image in LabelMe may contain more than one object, and users are allowed to label these objects.
(4) Its numbers of images and object classes can be easily increased.
Also to fix the following shortcoming this project was conducted. Most available data in computer vision
research are tailored to the problem of a specific research group and it is often that new researchers need to
collect additional data to solve their own problems.
5.3.4 Hierarchical ImageNet dataset
The hierarchical ImageNet dataset [25], [30] is an image dataset organized according to the Word Net hierarchy.
There are more than 100,000 synsets in WordNet, and a great majority of them are nouns (80,000+). Each
meaningful concept in the WordNet, possibly described by multiple words or word phrases, is called a
“synonym set” or “synset”. Compared to the other image classification dataset, the ImageNet is the largest and
most challenging dataset for object classification and recognition. The ImageNet aims to provide on average
1000 images to illustrate each synset. This ImageNet dataset is mostly foreground object oriented like eivent
centric scene category, UIUC sport dataset. Images of each concept are quality-controlled and human-annotated.
On the other hand, it focuses on general image classification challenges, which include scene classification as
only a small branch of the problem.
5.3.5 The SUN dataset
The SUN dataset [27] contains 899 categories and 130,519 images and proposed by Xiao et al., finds
applications in many research fields, such as scene recognition, computer vision, human perception, cognition
and neuroscience, machine learning, data mining, computer graphics and robotics research. In the SUN database
images are all about scenes where human can navigate or interact with, which makes this dataset separate from
the object detection datasets such as the PASCAL [24] and the Caltech 256 category datasets [28]. The
motivation of this SUN dataset was to build a rich and diverse dataset that includes our daily experienced scenes
in the real world as much as possible. As compared with the 80 million tiny image dataset, images in the SUN
dataset are of much higher resolution. Images in the SUN dataset have a resolution of at least 200 x 200 pixels.
Degenerate or unusual images (black and white, distorted colors, very blurry or noisy, incorrectly rotated, aerial
views, noticeable borders) were removed in the image collection process. The SUN dataset is currently the
largest scene dataset in terms of the image number and the number of scene. The scene category of the SUN
dataset is huge. We can easily think of some scene categories such as the coast, the field, the meeting room etc.
Is Grand Canyon a scene? Should it be a category? How can we include as many scene terms as possible? The
category terms are selected from the 70,000 terms of the WordNet [22] used in the tiny images dataset [21].
These terms describe scenes, places and environments. There are several criteria in selecting scene category
terms. First, places terms that are too broad to evoke a specific visual identity (such as territory, workplace and
outdoors) and places names (such as Grand Canyon or NewYork) are not included. Second, specific types of
objects which are scene related are included, such as buildings (skyscraper, house and hangar) which makes the
scene categories more diverse. Third, it contains specific domains such as the pine forest, rainforest and orchard
which all belong to the wooded area. The SUN dataset really contains comprehensive scene categories as shown
in figure 2.1.
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5.3.6. Places205 dataset

Place205 [29] is the latest and the largest scene classification dataset, and mainly prepared for the purposes of
Convolution Neural Network (CNN) training. It contains 2,448,873 images from 205 scene categories. In
Comparison with ImageNet and SUN, shows extreme data abundance, which is very crucial for discriminative
model learning for CNN with deep structures that has millions of parameters [30]. In paper [29], author trained
the huge CNN network with 2,448,873 image in 6 days and present superior results on traditional datasets with
the trained deep features. Comparison of the numbers of images in Places 205 with ImageNet and SUN. Note
that ImageNet only has 128 of the 205 categories, while SUN contains all of them. To compare them, we select
a subset of Places. It contains the 88 common categories with ImageNet such that there are at least 1000 images

in ImageNet. We call the corresponding subsets SUN 88 and ImageNet 88.

VI RELATED WORK

A weakly supervised feature learning method has been proposed to learn a discriminative and shareable filter
bank to transform local image patches into features. After combining these features with the ConvNets features
pre-trained on ImageNet, state-of-the-art scene classification result has been achieved [31].

A scene classification is being achieved using object distribution. A probabilistic Latent Semantic Analysis
(PLSA), a generative model from the statistical text literature has applied to a bag of visual words representation
for each image of scenes [32].

A scene classification task is performed using Spatial Pyramid Matching (SPM) and Hierarchical Dirichlet
Processes (HDP) [33]. SVM ensembles has been used for scene classification for the rare class problems and
experimental evidences shows that hierarchical SVM method performs better results in comparison to other
techniques like majority voting, sum rule, neural network gater [34].

Sparse features derived from performing independent components analysis (ICA) on the power spectrum of
images are more effective and more efficient (with fewer number of features) in classifying images into natural
and manmade classes, compared to PCA type of features [35].

A framework has been presented to handle the problem of semantic scene classification, where a natural scene
may contain multiple objects such that the scene can be described by multiple class labels. Cross-training is
more efficient in using training data and more effective in classifying multi-label data. C-Criterion using
threshold selected by MAP principle is effective for multi-label classification. Alpha-Evaluation, our novel
generic evaluation metric, provides a way to evaluate multi label classification results in a wide variety of
settings [36]. A visual grammar has been described to bridge the gap between low-level features and high-level
semantic interpretation of images. Naive Bayesian classifiers has been used to learn models for region
segmentation and classification from automatic fusion of features, fuzzy modeling of region spatial relationships
to describe high-level user concepts, and Bayesian classifiers to learn image classes based on automatic
selection of distinguishing (e.g., frequently occurring, rarely occurring) relations between regions. The visual
grammar overcomes the limitations of traditional region or scene level image analysis algorithms which assume
that the regions or scenes consist of uniform pixel feature distributions [37].

A patch-based latent variable model tailored for semantic scene classification tasks, where a latent layer of
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variables are used to model high level latent contextual visual concepts that are both predictable from the low-
level feature inputs and discriminative for the semantic output labels. The proposed model can capture both
local information, through the patches, and global information, through the summarization of the latent
representation vectors in the whole image and the spatial regularization across patches, for target semantic label
prediction [38]. A joint video scene segmentation and classification based on Hidden Markov Model (HMM)
has been proposed. The “two-pass” approaches are based on the likelihood results from fixed-Length
observation segments whereas “one-pass” approach uses a concatenating super-HMM network. The
implementations of the “two-pass” approaches are simpler but they are less accurate in locating the scene
transitions, because transitions are identified at the segment level. The “one-pass” approach is more accurate in
identifying scene transitions because it makes decision at the clip level, but for the same reason, it can lead to a
noisier segmentation. The proposed approaches not only segment video and classify them simultaneously, but
also eliminate some of those false classification resulted from a simpler segment-based maximum likelihood
approach because the proposed approaches take the neighboring information into consideration [39]. Bag-of-
visual-word is an effective image representation in the classification task, but various representation choices
w.r.t its dimension, weighting, and word selection has not been thoroughly examined. Techniques used in text
categorization, including term weighting, stop word removal, feature selection, to generate various visual-word
representations, and studied their impact to classification performance on the TRECVID and PASCAL
collections [40]. An approach to holistic scene understanding that reasons jointly about regions, location, class
and spatial extent of objects, presence of a class in the image, as well as the scene type. Learning and inference
are efficient at the segment level, and introduce auxiliary variables that allow us to decompose the inherent
high-order potentials into pairwise potentials between a few variables with small number of states. Inference is
done via a convergent message-passing algorithm, which, unlike graph-cuts inference, has no sub -modularity
restrictions and does not require potential specific moves [41]. Paced learning of Exemplar SVMs has been used
to solve the problem of simultaneously learning a part model and detecting its occurrences in the training data.
The distinctiveness of parts has measured by the new concept of entropy-rank, capturing the idea that parts are
at the same time predictive of certain object categories but shareable between different categories. The learned
parts have been shown to perform very well on the task of scene classification, where they improved a very
solid bag of words or Fisher Vector baseline that in itself establishes the new state-of-the-art on the MIT Scene
67 benchmark [42].

6.1 Hierarchical Scene Classification (HSC)

Figure 3 [1] has been shown to make variety of scene in generalized hierarchy. In this figure,
scenes have been classified on the basis of natural and manmade i.e. artificial scene. Further

classification has been done in terms of indoor and outdoor scenes.
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Figure 3: This figure shows the hierarchical classification of scenes.

6.2 Related work

A scene categorization based on bag of visual words representation has been presented. The classic approach is
augmented by computing it on sub regions defined by three different hierarchically subdivision schemes and
properly weighting the Textons distributions with respect to the involved sub regions. The weighed bags of
visual words representation is coupled with a Support Vector Machine to perform classification. A similarity
distance based on Bhattacharyya coefficient is used together with a k-nearest neighbor to retrieve scenes.
Despite its simplicity, the proposed method has shown promising results with respect to state of the art methods
[47]. A feed-forward convolutional network demonstrates and trained end-to-end in a supervised manner, and
fed with raw pixels from large patches over multiple scales, can produce state of the art performance on standard
scene parsing datasets. The model does not rely on engineered features, and uses purely supervised training
from fully-labeled images to learn appropriate low-level and mid-level features. The pixel-wise accuracy is a
somewhat inaccurate measure of the visual and practical quality of the result. Spotting rare objects is often more
important than accurately labeling every boundary pixel of the sky (which are often in greater number). The
average per-class accuracy is a step in the right direction, but not the ultimate solution: one would prefer a
system that correctly spots every object or region, while giving an approximate boundary to a system that
produces accurate boundaries for large regions (sky, road, grass), but fail to spot small objects. A reflection is
needed on the best ways to measure the accuracy of scene labeling systems. Scene parsing datasets also need
better labels. One could imagine using scene parsing datasets with hierarchical labels, so that a window within a
building would be labeled as “building” and “window”. Using this kind of labeling in conjunction with graph
structures on sets of labels that contain is-part-of relationships would likely produce more consistent
interpretations of the whole scene. A pixel labeling system for training the convolutional net in isolation from
the post processing module that ensures the consistency of the labeling and its proper registration with the image
regions [48]. Gradients can be back propagated through the post-processor to the convolutional nets. This is
reminiscent of the Graph Transformer Network model, a kind of non-linear CRF in which an un-normalized

graphical model based post-processing module was trained jointly with a convolutional network for handwriting
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recognition. A more importantly advantage of joint training would allow the use of weakly-labeled images in
which only a list of objects present in the image would be given, perhaps tagged with approximate positions.
This would be similar in spirit to sentence-level discriminative training methods used in speech recognition and
handwriting recognition [49].

Based on manifold learning to learn a hierarchical image manifold for Web image classification, assuming the
images in an image set are usually related to the same or similar object but with various scenes. To achieve good
classification performance and effectively reduce the computational complexity, a coarse-to-fine processing
strategy is applied to develop the image manifold at the different levels of semantic granularity i.e. two kinds of
manifold (object manifold and scene manifold) are constructed using extended locally linear embedding and
locally linear sub manifold extraction, considering the diversification of Web images [50]. The choice of
specific rules to create graph connections and their weightings is crucial for the resulting segmentation
hierarchy. A generic method to yield a hierarchical segmentation tree by iteratively applying minimum graph-
cut to a weighted connectivity graph defined on a meaningful over-segmentation of RGB-D images. The
approach allows for a task-dependent focus on the grouping hierarchy in order to identify task-relevant object
parts, like handles or knobs for grasping and concavities for pouring [51]. A way to hierarchically group objects
based on the Minimum Description Length principle. These groups convey higher order concepts which can be
viewed as the building blocks of a scene. We show that using provide a significant increase (10%) in scene
classification accuracy, thus proving that groups discovered for detections of these object groups as feature
vectors used for scene classification can also be highly beneficial for computer vision tasks [52].

Hierarchical matching pursuit uses the matching pursuit encoder to build a feature hierarchy that consists of
three modules: batch tree orthogonal matching pursuit, spatial pyramid matching, and contrast normalization.
This hierarchical matching pursuit performs better than SIFT based single layer sparse coding and other
hierarchical feature learning approaches: convolutional deep belief networks, convolutional neural networks and
de-convolutional networks [53]. To incorporate the taxonomy information into deep learning framework, two
deep neural network (DNN) based hierarchical learning methods for the acoustic scene classification task has
been proposed. The first approach, hierarchical pre-training, a supervised learning process, can help the second
DNN to get a better initialized weights based on the learning experience from the three high-level coarsely
classified classes. The second approach, the multilevel objective function inspired by the multi-task learning
[54].

A medium-size collection of geo-tagged photos, and a compact ontology of events and scenes for consumers to
annotate photo collections instead of single image. A conditional random field based model that accounts for
two types of correlations: (1) correlation by time and GPS tags and (2) correlation between scene- and event-
level labels [55]. To extract a latent semantic structure of images for classification into categories using the
singular value decomposition with banded color correlogram has been proposed. This correlogram is more
suitable for the image classification task of color histogram [56]. To identify the top-down approach as an
approach concerning mainly the testing phase of a classification algorithm, to a large extent independent of the
particular local approach used for training. A tree-structured class hierarchies is preferred than Directed Acyclic

Graph due to simpler structures. A type of hierarchical classification approach is better than other classification
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approach [57].

To analyzing high-level events in soccer video by combing low level feature analysis with high level semantic
knowledge, a hierarchical framework has been presented. The sports domain semantic knowledge encoded in
the hierarchical classification not only reduces the cost of processing data drastically, but also significantly
increases the classifier accuracy. The hierarchical framework enables the use of simple features and organizes
the set of features in a semantically meaningful way [58]. The outdoor scenes are considered to verify the scene
classification using Hierarchical Space Tiling (HST) to learn the structure of hierarchical and reconfigurable

scene models by quantizing the space of configurations [59].

V11 APPLICATION OF HSC

The following application of hierarchical scene classification (HSC) is listed.

(@) To know the level of risk of danger in order to avoid collision on the road.

(b) In the classification of Objects, Images and scenes.

(c) In the recognition of Objects, Images and scenes.

There are many applications other than listed above. But, our focus is to know the level of risk of danger in
order to avoid collision on the road.

VIII SCENARIO STUDY

According to Go & Carroll [45], a scenario is a description that contains (1) actors, (2) background information
on the actors and assumptions about their environment, (3) goals or objectives, and sequences of actions and
events". Also the usage of scenarios in any field is quite different, but the elements of a scenario are similar. The
paper [3] defines the scenario as follow.

A scenario describes the temporal development between several scenes in a sequence of scenes. Every scenario
starts with an initial scene. Actions & events as well as goals & values may be specified to characterize this

temporal development in a scenario. Other than a scene, a scenario spans a certain amount of time."

IX CONCLUSION
The concepts of these scenario, situations and scenes have been studied in order to accomplish classification of
situations, scenario and scenes from unpredictable infinite possibility of situation is basically needed for the

autonomous driving vehicles.
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