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ABSTRACT

Human eyes capture the world around us and effortlessly derive an impression of scene
depth from a single image. However, developing an artificial sydtatean identify

the impression of the 3D scene with the same performance and robustness as humans,
till is a challenge for researchers from such fields as physiology, computer science,
and artificial intelligence.The 3D scene recognition from a single imagean
important problem for many applications of computer vision such as autonomous
vehicle control, scene understanding, and 3D The contributionsof the thesisare
explored in three differentvays First, the segmentatiosbased feature extraction
metod is introducedto classify the relatively clear geometry structure images

which theimage featuresare extractedby exploiting predefined templatesach
associated with an dividual classifier Each of the individual classifiers learns a
discrimnative model and their outcomare fused togetheusing surrrule for
recognizing the 3D scene geometry of an input imikgehieves86.25% recognition

accuracyord st age dataset 16, -offtheartimetihods. hi gher

In thesecondcontribution, a newmethodof 3D scene recognitiehased on th&usion

of deepconvolutional neural networlCNN) features ad texture gradient features is
presentedMeanwhile,as the 3D scene geometry dataset is not publically given, thus,

a medium scal e, 0st amxperimerdal resslts éxhit thtie i s 1 n
proposed methodeaches 86.29% recognitiorccaracy, whichachieveshigher

accuracyand faster than theaseline methods.



Finally, in the third contribution the handcrafted features are integrated with multi

layer features at differentintermediateblocks of CNN, and eaclblock is connected

with an individual classifier and the scores of these classifierare combinedvhile

using sum and productile to recognize the scene geometry typée introduced

approachis validated on two benchmark datasets aratlitieves 95.17% and $B8%
recognition accur acys oean & tsepgieiothbstdias as et ¢

of-the-art methods

Keywords: CNN, Ensemble of classifieréjandcrafted feature, Multayer features,

Predefined templates, Stag8b, sceneecognition



Oz

Knsan g°zl eri -evremi zdeki d¢nyayeée yakal
derinl mji -EkbheBr . Buwmuthmleani mi rilzil kethnea ,mi 3B

performans ve sajlamleéekla tanémlayabil en
bil gisayar bil i mi ve yapay zek aorlukturb i al a
Tek bir gorinttden3B ahne tanéma, otonom arBaVv kontr
gi bi bir-ok bilgisayar g°r¢ke¢ uygul amase
farkl e Kekil de incel enmi ktir. K1l k ol ar
il i kkillmirkdi P nceden tanéml anmék Kabl onl

Oziteliklerinin- é k ar él déj é ni speten net gakigmet r i

segmentasyon tabanm@a §¢Zmieéemili kaneéeteéel méext
ayert eddelii b%jrr ema r vV e S 0 nu - |Bagalne bir
geometrisini tanémak i -in toplama kural é

y°ntemlerden daha y ¢ ksek o%WBA 5 " & mamama

dojrulujuna ul aker .

Kkinci k a tnk eeadvar, i kd anl i sinir aje (CNN) °
Ozelliklerinin - bi r 1 eki mi ne scayael & ayneémia kyi°mt 2 Bi S
arada,Bsahne geometrisi wveri k¢ mesi hal ka a-
bi rama &eki kimesi 2t anét él dé. Deneysel sonu-1| ar

y°ntemlerden daha vy¢kse% 6d@j9r ulaunke mae ddog hr

ul aktéejéné. glstermektedir

Son ol ar ak, .-¢nce¢e katke ol ar ak, el yape



k at m@mteliiderleent egre edilir ve her Dbl ok ayreée
ve ardendan bu sénéeflandéreceéelarén puan

bir | ekt iSundulran yakl|l akeém, K keyasl ama V¢

teknob j i y°ntemlerden daha g'vé "{5nsahadsiten akart

kimesinde695.17 ve%97.68t ammaé doj rul ujuna ul akeér .
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Chapter 1

INTRODUCTION

Vision is the process of discovering from images what is present in the world that is
captured inanimage and where it iMarr, 19829 Human eyes capturg0 GB of
informationper secondrom the world arounds(Anderson, Van Essen, & Olshausen,
2005)and effortlessly derive an impression of scene depth from a smglgethe

depth isthe number of bits used to represent each pixel in an im&geis because

the world around us behaves regularly and structure regularities are directly reflected
in the 2D imageof a 3D scene(Richards, Jepson, & Feldman, 1996owever,
developirg an artificial systenthatcan idenify the impression of the scemeth the

same performance and robustnassumansstill is achallengefor researchers from
suchfields as physiologyengineeringcomputer sciengeand artificial intelligence.

For instance, in Figure 1(a), the human can understand the structure ofigliee as

a tunnelwith two sides (right and left wal), ceiling, and ground surfacdut it is a
challenge for aobot (canputer vision kyorithm) to understand thstructue of the

image (Derek Hoiem, Efros, & Hebert, 2007; Nedovic, Smeulders, Redert, &
Geusebroek, 2010How does it understand that input image is a tuanélits part3
Furthermore, how does robot understand that green bushes are away from the position
of the camera (depth dieobject)?Deriving thesame impressioof the real worldas

a human can understarfdom the single 2Dimageis a challenging task for the

computer vision algoriths



Ceiling ?

Ceiling

cht wa"
Lefy wai »

Robot View
—
B

==

Right wal]
Right wayj>

Road ?

A

Human view

Ground: road

(@) (b)
Figurel.1l: A simple image of indooscene, having ceiling, side walls, and road. (a)
Human view and understand the scene types and its parts. (b) A robot view the same
image and des he understanthescene and its subpa?ts

In computer vision, tis impression iexpressed in terms 8D scenestructureof a
2D image.This problem is particularly challenging because of the vast complexity and
variation in appearancee observe from our visual worlExisting computer systems
have limited memory and resources, therefore, researchessnhawved down this
problem andsplit the indoor and outdoor natural scenes into finite set of categories.
Indoor images are mostly related to the hunmreade objects, e.g., room, kitchen,
office, tunnel, etc., whereas the outdoor imagesnataralsceneswithout borders,

e.g., skymountainground, building and sky, et&Examplesof indoor and outdoor
images are shown in Figure 1.2. These categories are designed on the base of image
scene geometry. Image scene geometry represents the 3D rough stalsurded

as 3D scene geometitye examples are shown thetop right cornes of Figure 1.2

(&, (b). The 3D scene geometry recognition is important for many computer vision

applications, such as 3D TV, navigation system, video categoriZabon Gevers, &

Hu, 2015; Nedovic edl., 2010)



(a) (b)
Figurel.2: @) an outdoor skpackgrouneground image and (b) an indoor image
corner of the room. There 3D scene structure are shown in top right corner, 3D scene
geometry figures are giveat (Nedovic et al., 2010)

It is importantfor a computer vision systetn understand the scene geometraof

input image because it is easierundestandand extracthe imageayout when its
geometry type is knowf(Nedovicet al., 2010)There are several 3D scene geometries
with which itcan be possible to handle both indoor and outdoor im8gesedatasets
introducedn (J. Deng et al., 2009; Xiao, Hay&hinger, Oliva, & Torralba, 201Qised

about 900 and 1000ategoriesrespectively.However, these datasets have large
number of categories thtacamot be easly manipulatel for 3D scene geometry
recognition Thus, Nedovic at alNedovic et al., 2010proposed significantlynore
compact approachplitting the indoor and outdoor scenes intociegories. fiese

3D scene geometries reflect the rough structure of the images where the small objects
are ignored andrec a | & £ d gnécenéequence, the 3D scene recognition problem
can besolved by following way train the 3D scenecognition model by usingbelked

images and then this model carMadidated on testingnage(s). For instance, Figure

1.3 representshé generic model of 3D scene recognit@ma single imageln this
model, an artificial intelligence(Al) based systemwvhich is well trained byusing
training imagesit has ability to identifythe 3D scene geometry typ# input image.

While, to date, computer vision researchers have made astonishing progress in many

of the individualfields of vision, such as object classificatiGha Deng et al., 2014)

3



face recognitior{Zarbakhsh & Demirel, 2018¥tructure from motioifiglhau et al.,
2019) and matching and trackin@uo, Sun, Chen, Ji, & Xia, 2015Meanwhile,
several researchers hapaid attention to develo@D scene recognitiomodels that

have ability torecognize 3D scenaf a singleinput image(Lou et al., 2015; Nedovic

et al., 2010)
Training
Images and
their 3D scene

geometries

[ Predicted Perf
3D scene geometry | weeeeeeeee > 3D SCENE eneeens LR

recognition system | geometry measures

Input Image(s)

Figurel.3: An artificial intelligence system that can recognize the 3D scene
geometry of an image. Black arrows are indicating training images. Dotted arrows
indicatedata flow of test image (S)

The short introduction of these methods and tdeawbacksare discussedhere.
Nedovic et al(Nedovic et al., 201QJlivide an image inta 1 grid parts, which is
called patches and extract thieh discriminative information from each patch and

combine these information into a single feature vedioeset ¢ parts of an image
has heightQ — and widthb —, whereH and Ware representg the height and

width of an image measured in pixelEhe discriminative information is a set of

4



features of an imag@hese featuresncludingparameters of Weibull distributidd -

M. Geusebroek & Smeulders, 2005¢olor, and perspective line featur¢3.
Geusebroek, Smeulders, & Weijer, 20@88¢ combined for each input image and fed
into a machine learning algorithrMachine learning lgorithms, such as Support
vector machingSVM) (Cortes & Vapnik, 1995)areprograns thatprovide theability

to learn the system automatically and updiatm experience without being explicitly
designed(Breiman, 2001) It achieves 38.0% recognition accuracl/ 12 scene
geometry datasetiowever, this model did nshow significant performance because
it uses grid patches for features extraction which may result in large difference for the
same categorflou et al., 2015)For exampletwo imagesn Figure 4.1 belonged to
the same categorwhich is skyground but theiresuls may havea large difference.
Such asa square region which is lalkel with red color, have differeimage content

for both image.

, o ! . o ou o)
Figurel.4: Two different images osky-ground class. &ne regiorof the two images
generate different content information of the same class

To solve above issukpu et al(Lou et al., 2015use predefined templatt® segment
the eachimage and then segments are useéxiractthe imagefeatures, namely,
Histogram oriented gradients @4) (Dalal & Triggs, 2005)mean value of RGB and
HSV components, parametetsh{ ) of Weibull distribution(J-M. Geusebroek &

Smeulders, 2005yom each patchThe predefined template represents a 2D rough



structure of 3D scene geome(hpu et al., 2015)Instead of dividing the whole image
into gird matches, they divide each tempH@sedandobtained segment into patches,
and features from these patches for all the segmenfissadnto aonefeature vector.
They introduced a model to learrrgpresentationrdbm image features to a category
by utilizing the latent variables representing model-gaiis, i.e., skypackground
ground.This model achieves 47.3% recognition accuracy of 3D scene geanéiry
dataset used ifNedovic et al., 2010However, in this method, the templdiased
segmentation issed For each image, it generates hundreds of segnfeotset al.,
2015) and finds the segment that has the largest ovettapnion score for each

component of the templateis, computationally expensive.

Other approaches that can be used for 3D scene recognition are based on Bag of words
(BoW) model(Lazebnik, Schmid, & Ponce, 2008or example, J. Sahez et al.
(Sanche et al, 2013)use dense scalavariant feature transform ([ST)(Lowe, 1999)
features in the Fisher Kernel (FK3anchez et al., 201%amework as an alternative
patch encoding techniguand it achieves 47.20% recognition accuracy by using 50%
of SUN datase{Xiao et al., 2010samples for training (see Table 5, at last row
(Sanchez et al., 201)3)rhe most recent approaches of imegmgnition are based on
convolutional neural networks (CNN). These networks are typically trained on large
image datasets, e.g., ImageN&t Deng et al., 2009ard have achieved sufficient
accuracyin many applicationssuch ascene classification, face detection, and object
localization(He, Zhang, Ren, & Sun, 2016; S. Liu & Deng, 2015; Szegedy et al., 2015)
(B. Zhou, Lapedriza, Khosla, Oliva, & Torralba, 2018hese techniques show high
recognition accuracy for large datas@s Zhou et al., 2018and also applicable for

the 3D scene recognition if a large dataset is given. On the contrary, these networks

require the largdabeled images dataset and need high performance hardware
6



resources for parameters optimizatidvarculescu, Stamoulis, & Cai, 2018) is a

one of the CNN main challenges. This challenge also exists with 3D scene recognition

as well, because the large dataset of 3D scene geometgwtiavailable publically,

which can be use train the CNN networkg.here are some common shortfallhwi
stateof-the-art approaches:

1) The effectiveness of the existing approacfiesu et al., 2015; Nedovic et al.,
2010)were measured on the limited imagabqut2000 images), which did not
reach the significant level of 3D scene recognitirthermore, the classification
performance is notenough distinguishing the scene images with complex
structure,this is because the presence of humans in feature extraction greatly
affects the representation of the scene image

2) The datasstof 3D scene geometry amet publicallyavailable

3) The goal of the thesis is to develop the nawethodof 3D scene recognitioior
both indoor and outdoor imagéRo overcome the above shortfallsture of the
topic dictates the necessity of both theoretical and experimental stud&3 on
scene geometryecognitionto measure the effectiveness of theown and

developed methods
1.1 Contributions

The key contributions of #thesisare as follows:
1) Introducing amethodof 3D scene geometry recognitigkhan, Chefranov, &
Demirel, 2020a)
i. Utilizing different types ofimagefeaturesthat providerich information of

scene depth.



ii. Each predefined template representifferent rough structuref an image
therefore, applying predefined templates to extract the features from subpart
of the image

iii. Combine these features for each tempéaie feed to an individuaimachine
learning algorithm, combine their yield toreglict the final 3D scene
geometry

iv. Achievethestateof-the-art recognition accuracy on two different datasets.

2) Introducing novel 3D scene geometry datagéthan, Chefranov, & Demirel,
2020b)and providing a deep CNN based model of 3D scene gepmnecognition
that yields stateof-the-art performance on tHgD scene geometry dataset (12000
scene images).

3) Introducing a novelBD scene geometry recognition model inyegration of
handcrafted features with de@NN multi-layer featuredy utilizing the feature
fusion and scorevel fusion techniques.

i. Extracting deep features fromultiple layers of CNN model.

ii. Utilizing different types of handcrafted features that provide information
of scene geonetries.

iii. Combine handcrafted faaes and deepeétures amultiple layersof CNN

and then scorkevel fusion is used to predict the 3D scene geometry.
1.2 Outline

The rest of th thesis isstructuredas follows. Chapter 2 desbes related work,
background of 3D scene recognitioand problem definitionin Chapter 3 the
segmentatiofbased 3D scene recognition system is proposed and evaluated on two
benchmark datasets. Chaptgrésents a nov@D scene geometry dataset asba

deep CNN baskmodel of 3D scene geometry recogniti@iapter 5 introducea



novel model of 3D scene recognition using handcrafted features, which have
discriminative information about 3D scene geometry, combine with +taykr deep
features at differntlayersof CNN model. The evaluation results on novel 3D scene
geometry datasedre also given in this chapteChapter 6concludes the study and

discusses the future wark



Chapter 2

BACKGROUND, RELATED WORK, AND PROBLEM

DEFINITION

In this chapterSection 2.lintroduces background rfotiors, concepts, definitions)f
3D scene recognitiorSection2.2 describes the deep CNN architect@ection 2.3
represents the existing methods and their results of scene recognition. Section 2.4

describes the probledefinition of thisthesis
2.1 Notionsand Techniques of 3D Scene Recognition

In this Sulsection firstly, the notion of scene, digital imagee described. Thdrasic
concept of3D scenerecognitionis given in Subsection 2.1.1 and its steps, including
inputs, preprocessing steps, features extractions and different types of features,
evaluation of 3D scene recognitianodel, and performance metric are given in

Subsections 2.1-:2, respectively.

Whatis a Scene?Accordingto Xiao et al.(Xiao etal.,,201Q) fiia scene i s a
whichahman can act within, or a place to w
Oliva et al.(Oliva & Torralba, 2001b) p. 146,definethe scene a®llows: i flan

image represents abbjecb when the view subtends one to two meters around the
observer, a 6view on a scenebd6 begins whe
between the observer and the fixated padiypically this distance is more than five
meters.Thus, a scene is defined as place in which we can @néveomplete scene

on 2D imagerepresents existingbject§), semantic relations between objecad

10



contextual information with respect to thackgroundXie, Lee, Liu, Kotani, & Chen,
2020) An example is shavn in Figure 2.1it mainly consisting of three partsky,
backgroundand ground Eachpartcan contain multiple objects, such as background
contains buildingfrees and ground contas dry grass, rough road, eto. order to

understand the scene in digital computer, the scene image must be in digital.

Outdoor scene:
Sky-background-
ground

SKky: cloudy area
Background:
house + trees +
person
Ground: dry
grass+ rough road

Figure2.1: An Outdoorscene

Digital image can be representedymy-scale and colo’ gray-scaledigital image is

a 2D function 'Q@A0Q, Q mipkkMB M)  p, Q rmipltFA@) phM is number of rows
and N is number of columnsyhere "@Q are discretecoordinates and "Q@Q is
intensity valueor graylevel of the image at that pixéf3Q In 8-bit gray-scale inage,

the range of the pixefaluesis 0, 1 , ,255:8 represents the black and 255 represents
for white color (Gonzalez, Woods, & Eddins, 2003)n example is shown ifigure
2.2(a), in whichthe value of the image at any coordinat@€is shown'Q@Q, ‘Gand
"Qare integersQ mipltfB 0 phQ ripltdd)  p. More detail of grayscale image

is given in(Gonzalez & Woods, 2006p.78.Some programminganguages (e.g.,

MATLAB) have starting index one instead of zero.

11



Origin
L

0,0

i i

M-1,N-1

X

Figure2.2: Gray-scale digital image of siae v pixels The positive xaxis
increaseslownward and the positiveaxisincreasesd the rightdirection M and N
are row and column number of the image

The digital color image is represented in different color spaces, such as RGB (Red,
Green, Blue) (Fjure2.3(3), HSV (hue, saturation, value), and CMY (Cyan, Magenta,
Yellow) (see Figure 3.(b), etc, (Gonzalezetal.,2003) Col or space i s a
of a coordinate system and a subspace within that system where each color is
represent ed ©bEonzalez=tialn go03p.428)oThism dtudy uses RGB

and HSV color spacesnly. The RGB image isrepresented in-8imensional array

‘00 ) ho whered is number of rows) is number of columnsand3 is number of

components of RGBEach pixel'Q of an RGB image has three components: red,
green, and bluewhich is represented byO'@@E hwhere'Q miplti8 i) phQ
miplg 8 i) p, and k=1,2,3 as Figure 2.3(a) illustrates Red componentis
represented byO@@p , green component isrepresented byO@e; , and bue

component isepresented b¥0'@@ , belonging tatplt 8 ¢ L&

12



B

Components
15 102(110 19

89 108 105 200104 119 91

Red 78 65 99 o Grayscale | (0,1,0)
S 57 77 98 39 21 o7 '
(1,0,0)

Blue 2 Yellow

“yan

Magenta

() RGBimage of sizas U plxels (b) Color cube model

Figure2.3: ColorImage (a) is RGB image of size v pixels The color cube
model in (b) represents different color componenthérange of0, 1] (Gonzalez et
al., 2003)

The HSV (hue, saturation, value) color space sepalates or the image intensity

from chromaor the color information, which is very useful in many applications
(Gonzalez et al., 2003Hue is a colocomponent that represeatpure color gure
yellow, orame, or red), whereas saturation (chroma) provides a measure of the degree
to which a pure color is diluted by white ligfttonzalez & Woods, 2001y alue or
brightness is an achromatic notion of intensity and is one of the key factors in
describing the color sensatigBonzalez & Woods, 2001More detail about HSV is
given in (Gonzalez et al., 2003p.420,and HSV components areisualizedin
(Szeliski, 2011)p. 91 TheHSV componentsan becalculatecoy MATLAB function,

B 1 QO UOhwhere’Gs anRGBimage andci fry ¢ ®areestimatedHSV
components

2.1.1 3D SceneRecognition

When a human viesithe scene for a short time, he extsastough visual information

to accurately recognize its functional and categorical properties such as people in
street, surrounded by tall buildif@liva & Torralba, 2001h)p. 146. So, irdigital

computey scene recognition is one tife hallmark tasksvhich allowsdefinition of a

13



context for object recognitiofBolei Zhou, Lapedriza, Xiao, Torralba, & Oliva, 2014)

p. 487. iScene reogniion not only describes existimmpjects but alsthe semantic
relation between objects and the contextual information with respect to backgyround
(Xie et al., 2020)p. 1, (Sect. 1, paragraph .2lf is widely used in many computer
applications such as intelligent robotics, autonomous driving, and video surveillance.
Consequently, 3D impression of these scenes as human can understand from the world
can be categorized according to different image geomdtdedovic et al., 2010;
Oliva & Torralba, 2001h) whi ch are call edt @apPlemed e ne
detail about scene geometrigie given in next section 21) and identification of
images belonging to these scenes geometries is called 3D scene recofaition.
instance,some examples of categories are shownFigure 2.4, such assky-
backgrounegroundin Figure 2.4(a)sky-groundin Figure 2.4(b) and corridor in

Figure 2.4(c) andtheir nams (image id#)are shown at the top of the image

Image id# 1_01 Sky Ceiling

Background:
building +
mountain

|| Left wall/right
wall/ end wall

Ground: floor

(@) Scenesky-backgrouneground (b) Scenesky-ground  (c) Scenecorridor

Ground: sand/
grain of rock

Ground: Sea
water

e &
At

Figure2.4: Examples of scene recognition.

To recognize the 3D scene, a computer program regieemllowing fundamental
steps as descritdén theflowchart,Figure2.5. Each step is labeledth number First
we givea short overview of 3D scene recognition system and therl déthe each
part is given in Subsectior’s1.27. Firstly, it inputs N training images, M testing

images 3D scene geometries((§), n isthe number of geometriedraining labels

14



(D "YY ), testing labels® "Y'Y ) as input to the computer prograirhese labls
arenames of the categoried\ext, the tainingand testingmages are prprocessed

e.g. image segmentatigbou et al., 2015and then features are extractedtfarboth

training and testing images. ledture extraction proceghle particulardiscriminative
informationis extracted from each input imad&. Kumar & Bhatia, 2014)After
extracting the featureghe training images f e avithuthieie Rbels 8D scene
geometriesare used for training the machine learning algori(MhA). MLA can be
defined as a pattern recognition technigabich categorizes a huge number data

into limited classe¢Faruk Ortes, Derya Karabulut, & Arslan, 2018jter training a
machine learning model, the testihpnages 6 f eatures are used
model (more detaibf training and testing ste@se given in next Subsections). Thus,
each test i n garegmwendoetraisednbdelanduhis enodgiredics the

3D scene geometry of each inpotaige. The predicted 3D scene geometry and given
testinglabel of input image will be comparetd calculate the performancl both
labelsare same, it means system predicts an accurate 3D scene geometry of input
image.Similarly, the predicted categoriegall testing images are matched with given
labels (3D scene geometries of testing images) and average aanatathyer metrics

can becalculated over the Mesing images.The formal descriptiorof 3D scene
recognitionin the form of pseudo code is given in Algorithm arid flowchart is given

in Figure 2.5
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Algorithm 2.1: 3D ScendseometryRecognition system

Input: N training images TRI(N), M testing images TSI(Mjnpgeometry
classesYTRN ) trainingimagedabels,YTS(M ) testingimagedabels
Output: Performancéeasurs. Accuracy,Acc; Precision, Pr; Recall, Ré:score

/I Preprocessing and feature extraction steps

1: for j=1:N do Il for each training image TR
2: “Y'Ya®© Apply preprocess step of each input imdyéy “O

3: "O = Extract features for each input imageysO

4: end for

5: for j=1:M do /I for each testing imaggS|
6: Y EOApply preprocess step of each input imagea’s

7 "O = Extract features for each input imagye@e

8: end for

/[ Training step

9: e 'O hdYY //Nisanumber of training samples, Y Yabel of
imageQ

10:0 € QQd O dedh// Gxeis used to get trained modeIM o dbg MLAA

Il Testing step
11:for j=1: M do //loop on test images TSI

12:i 6 a @i 0'Q0®G  Tri is predicted label (geometry) for the imal
YO

13:endfor//]
/[Performance measures

14: [ Acc, Pr, Re, Bcore]=Performancileasures i hd"Y'Y  //& “Yis the

true label of the test imad¥™®
End Algorithm
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Start

|

Inputs: training (N), testing (M)
images, 3D scene geometries (S(n)),
1 YTR(N) training images labels,
YTS(M) testing images labels

|

2 Pre-processing steps of training and testing
images

{

3 Feature extraction of N training and M testing
images, e.g. HOG, color, etc.

!

Traina MLA, Model, using training features 5 :
and their YTR(N) labels — C(lassify (Model, Testing image features)
6 Predicted labels, s, of M images

|

7 performance Measures (predicted labels s,
YTS(M))

|

8 Output: Performance of 3D scene
recognition system

|

End

Figure2.5: Flowchartof 3D scene ecognition.

Thesteps of flovehartof 3D scene recognitioare labetd withanumberfrom 1 to 8.

The preprocessing and feature extraction stépsboth training andestingimages

are same. Therefaréhey ardabeledwith same numberddeanwhile Algorithm 2.1

is illustrating the pseudo code of the 3D scene recognition and each line of this pseudo
code and flow chart stepsedescribed irBubsection2.1.2-7. The step bf flow chart

is described in Subsection 21Step2 is discussediSubsection 2.3 (lines2 and 6

of Algorithm 2.1). Step 3 is described inSubsection2.14 (lines 3 and line 7 of

Algorithm 2.7). Step 4is described irSubsectior2.15 (lines 9 and 10Q. Steys 5-6 are
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described irSubsectior2.16 (lines 1113). Stegs 7, and8 areexplainedn Subsection
2.1.7(line 14)

2.1.2Inputsof 3D Scene Recognition

Accordng to Figure 2.5 and Algorithm 2.the 3D scene recognition systéasinputs

of N training images, M testing imagegnycategoriesn isthenumber of categories,
YTR(N) training images labels, andYTSM) testing imageslabels. For 3D scene
recogniion, the images are labeled according3id scene geometries. The scene
geometryconcerns depth, shapmdpose(D. Hoiem, Efros, & Hebert, 2006; Jung &
Kim, 2012; Nedovic et al., 20105ome researche(P. Hoiem et &, 2006; Jung &
Kim, 2012; Nedovic et al., 2010)epresent world scene images 3D scene
geometries.Each 3D scene geometry covers several images due to structure
reguarities in the physical worl@Nedovic et al., 2010)This is beneficial to narrow
down the scene recognition task and reduce the congnabhtomplexity(Jung &
Kim, 2012) For instance, Figur2.6 showscapturing a 2D image from Physical 3D
world and examples afcene images corresponding to 3D scene georaetrglso
givenin Figure2.6. Here, 3D world is represente a rough 3D scene geometry.
Nedovic et al(Nedovic et al., 2010nhtroducetwelve 3D scene geometriasso called
as O sdrepeesest the indoor and outdoor scene imagasely sky-backgroune
ground 6kyBkgGnyl sky-ground €kyGnd, background groundokgGnd, ground
one side wallgidewallRL), box diagonal backgroundliagBkgRI), grounddiagonal
background groundDiag BkgRY), corner, tablepersonbackgroundgbPersonBky
personbackgroundgersonBkg and no depttnpDepth). Thus, all indoor and outdoor
scene images are divided into these twelve categories. Aftegdichtimage is labedl
with the name of its corresponding categosuch as Figre 2.4, each image has

categorynamegiven inthecaption and name of each image is shown at the top of the
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image Thus,0 number oftraining and) number otesting imageare used and their
categorytypes are also given to the systéviostly, 80% images of each category are

used for traimg and 20% images for testing.

Examples

Camera

Figure2.6: Generatiorof 2D image fom 3D world.

2.1.3 Pre-Processing Steps of Feature Extraction

In Figure 2.5 (8 step and (lines 2, 6 of Algorithm 2.1jor each trainingY"YOand
testing imagesY®(Q pltd&) for training and’Q plead for testing) ispre
processed by different waysuch as imagesgmentatior(Lou et al., 2015)filtering
(Paris, Hasinoff, & Kautz, 201Dy patchegNedovic et al., 2010And preprocessing
imagesof training TR'@ andtesting TS'@ are furtherused for feature extraction.
Here, we will exploréwo existing preprocessing techniques of feature extractign.

Uniform grid based patches. 2) Temptagsed segmentation.

1) Some researche(ledovic et al., 2010; Oliva & Torralba, 200ihYyided the each

input image into uniform grid patches. The patcheg are parts of an image hing

heightQ — and width0 —, where H and Ware the representing the height and
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width of an image measured in pixalsit shown in Figure 2.7(a)hepatch is shown

with rectangle box corresponding to its position on the image 2.7 (a).

Pre-processing

= _/Patch Pre-processing .
/ / ; Template Segmentation
Input ima«fe —e ‘Input image Q
i - —-/ -$ w
" pad ~
S

=D

=
W Quid patches(n X %) (b) TemplateBased SegmentatiofLou
(a) Grid patchegechnique et al., 2015)

Figure2.7: Preprocessing steps of feature mdtion.

2) Lou et al.(Lou et al., 2015usepredefined template to segment the image for pre
processing purposd@.he template is a predefined 2D rough structure of 3D scene
geometry(Lou et al., 2015)Each component of the template indicates corresponding
subpart of 3D scene geometry. Therefore, theselédagpare beneficial to parse the
image into subparts. For instance, in Figure 2.7(b), an input image is parsed into
template and its templateased segmentation are obtainemp is sky, middle is
background, andbottom is ground as certain template llage components: top,
middle, and bottom. After templatelased segmentation, each segmawailablefor
feature extractioniThe template can be defined as: templgtkas the same siZ€

@ as the input imagé It is composed of BsegmentsOhQ phadiY YElement,

Tij =k, if pixel, 1 (i, j) belongs to the segmeint, e.g., in Figure &(a, b, c), templates
have two componentsY('Y ¢ ) and templates in Figure 2(8, h, g), have three
components Y'Y o). The template (f) is shown empty indicating that a whole image

is considered as a one segment (more detail about template generation i& given

Appendix A).
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| Y
gl gl

(e) () (9) (h)
Figure 2.8 Examplesf predefined templatgs) to(h).

Lou et al.(Lou et al., 2015use soft and hard segmentation method to segment the
input image. Hard segmentation follows a template componenibyeoee as itis

shown in Figure 2.8For exkample, a template in Figure 288 has two components.
Thus, Image will be divided into twoomponents and features will be extracted by
following these segment§or oft segmentationLou et al.(Lou et al., 2015use
Carrira and Sminchinses¢Qarreira & Sminchisescu, 2012gmentation method. In

this method, the foreground seete placed on the image atifanmly grid points

and the backgrounseeds are set at the boundafythe image. It generates several
segmentsrom each input imagehe more detaik givenat(Carreira & Sminchisescu,

2012) They selecthe segmerg which have the largest overlapo-union score for
feature extractionHowever, this technique generates hundreds of segments for each
imageand to select the segment that has largest ovrapion score is an expensive

task as it requires tammpare each template component to each segment. In contrary,
the active contours algorithi€Chan & Vese, 2001¢an be used for templabased
segmentation. It generates a single accurate segment if a template component is used
asaninitial contour. Active contours algorithm is a segmentation technique which uses
the energy constraints and forces in the imageséparation of the region of interest.

It separates boundaries for the regions of target object for segmentation. The region of

interest possesses a group of pixels such as circle, polygon or irregular, $hapes
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more detailis given at(Chan & Vese, 2001)In MATLAB tool, the function
activecontour(l, maskhdicates the methodit segments the imag&into foreground

and background regions using active contours. The mask indicates the initial contours
(e.g. template component) for an ima@&n examplas shown in Figure 2,9vhere

a scene image is parsetth a predefined template&b) and usingactive contours
algorithm, the input image is segmented into three parts, naskglypbackground, and

ground.

Input Image Template Segmentation

Figure2.9:AnExampleofact i ve contours algorithmoés
predefined tempite

2.1.4 Feature Extraction

Next, the &' stepof the Figure 2.5 ishefeature extractiofline 3 and 7 of Algorithm
2.1). The feature ighediscriminative information of an image extractedy.,by using
convolutional operation on the input img@onzalez & Woods, 2001 onvolutional
operations the mathematical operation on two functions (A andtB)elds the result
that represents the effect of B iamction A (Gonzalez & Woods, 2006)n Figure
2.10, a patch of an image having size 5x5 pixels, andske ofconv. function (filter)
are applied at one pixel of an imager examplehe redpixel (middle)has valued 3 6

andafterapplying the 3x3 convolutional filter on this pixethich getsvalue®a A
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convolutional filtering is the process of moving a filter mask over the image and
computing the sm of products at each locatidhis defined as a filteb oo of size
& & with an imagéOahw , denoted a$ o z 'Oufto, is given by theequation
(Gonzalez & Woods, 2006)
0 o 2 0oy B B 0im Om i oh (2.1)
where a=(ml)/2, b=(r1)/2, andad and ¢ are odd intege s . 6*6 1is conyv

operator.The detaikd of convolutional operation is given ifGonzalez & Woods,

2006) pp. 168171,

R Conv. filter
S EEEE IR Output
319 2 | 4|5 2 1 2
6 6 7 5 4 1 (-2 l0 5
312|156
Input image
(=1%5)+ (0%2) + (1 +6) +(2*4)+

(L3)H2*4)H(1*3)+H(-2%9) H(0%2)=5
Figure 2.D: Convolutionaloperationon a 2D image of size 5x5xels.

In existing approaches of 3D scene recognition, su¢haset al., 2015; Nedovic et
al., 2010) the features are extracted from each image patah after that they are

concatenated to obtain a single feature vector. It is visualized in Figurer Emall
rectangles are connected into a single vector. Assarisea feature vector for patch
“f j-th input image. The concatenated feature vecto@fioimagecan be written as,
O whoMBho ,wheret ¢ isthe number of patches 6th input image. For
N training images, the feature vectd®, |, is extracted for each input train image,

"Y'Yee(seeline 3 of Algorithm 2.1),Q plghes . Similarly, for M testing images, the
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feature vector’O his extracted for each input test imagéee (see line 7 of

Algorithm 2.1),Q plth8 0 .

Pre-processing

~ Patch

-~

, T Features extraction & concatenation
Grid patches(n X n)

Figure2.11: Generalrepresentationf feature extractiomnd conctenation

Different types ofimage features can be extracfed 3D scene recognitigiwhich
provide discriminating information to distinguish one image scene from other scenes
(Lou et al., 2015; Nedovic et al., 201@8amely parameters of Weibull distributi@hr

M. Geusebroek & Smeulders, 200%plor (Nedovic et al 2010) HOG (Dalal &
Triggs, 2005) and Local binary patter(Ojala, Pietik, & Maenpaa, 2002Yhe
description of théeatures is givenbelow inSubsectioa 2.14.1-5, respectively
2.1.4.1Parameters of Weibull Distribution

The relation betweescene depth and image statistics is studi€d-iM. Geusebroek

& Smeulders, 2005; Nedoviet al., 2010; Torralba & Oliva, 2002)\edovic et al.
measure the depth of scene image basestagetypes.i Ne d o v i(Medoeit et a |
al., 2010)show that parameters of the Weibull distribution are informative to capture
| ocal d e p tLdu etalr, d0&5)p.30h0§(IBackground of Weibull distribution

is given inAppendix B) Thereforethe parameters of the Weibull distributioan be
used as scene features (Lou et al., 2015) They measure theparameters

( OE ABAA fA scale)) of Weibull distribution for each image patct{four

features) fiPammeters of the distribution amerived using maximum likelihood
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estimator(MLE)0 (Duffy, 1997) (Nedovic et al., 201Q)p. 1677 The MATLAB
provides the default function of MLBamely, ) &1 @ & ‘G b d & "Wdhere
o is a sanple data andunction, 0 @& "®'Qéturns the estimates of Weibull
parameters (i ). For exampleh = [0.05, 0.75,0.11.0, 1.5, 2.0], then the estimates
of Weibull parameters, Tm@od 1@ @&\Nedovic et al(Nedovic et al., 2010)p.
1677,describe thaGaussian derivative filteks and ydirectionswith,,  ©) are used
(asconvolutional operatorgequation(2.1))) to extract thdexture informatiorfrom
each image patchGaussian function is definedith standard deviation,h as

(Gonzalez & Woods, 2018).724,

G(x,y)=Q : (2.2
So, thederivatives with respect to x and: yHG(x.y) , HS(XY) = are calculated as
D Hy
(Gonzalez & Woods, 2018)
Hexy)= -2, 2.3
X
Exyy== —Q (2.4
%

The more detailof x and yderivative filtersare explained ifGonzalez &Woods,

2018) pp. 716731 Let ‘Ouftd denote input image, then tf@ oo and’O afwo are

generatedby convolving I(x, y) with HG(x.¥) and FE(%.¥) | respectively:

px %

Doy HSY) z) G, (2.5)
(574

Oy HSXY) z) U, (2.6)
Hy

wher e, 0* 06 1 s a defined in@2lLlyAfter tbat) the histograens, &xt o r
and hy are calculated fo© ¢fdo and "O 6hw, respectively.The histogram is

generated by a complete set of rawedapping intervals, called binand the number
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of points in each bin is count¢8cott, 1992)The bins should all have the same width
in order for the bin counts to be identicBhen, two parameters, the bin width, w, and
the bin origin to, are fuly determined by théistogram Often, the bin origin is chosen
to be =0 (Scott, 1992)p.52 More detail of histogram and its bins calculation is given
in chapter 3 of Scott, 1992) In implementation, ticanbe compute using Matlab
function, histogram (H, b)H isani nput d a tthenumbedof binbTae sizes
of bin is based on input data and this function calculates the width of the each bin and
then distributes the dataver the number of binaccordingly.After obtaining the
histogrambpefore giving it inta) ¢ & "@"@dction to estimate thé/eibull parameters,
its componentsarefirst normalized by dividing each of its components by the total
number of pixelsintheat ch, denot e®@ HKyUué,h ew®padioed uct
are the row and coluntimensions of the peh. The normalizedhistograms obtained
by dividing each component of the histogram to number of elemiémsdefined as
(Gonzalez & Woods, 2018; Scott, 1992)

Qw —, (2.7)
where h is the number of data points falling in theéhkbin. For example, H= [2, 1,
3,14, 17,3,4,5,6,5,8,9,12,24]2&nd assumabins, b, set t®, then the components of
the histogram are[5,4,2,1,1,2, where thewidth of each bin is 4.20After it, the
normalized corponents of the histograrf0.333, 0.2670.133, 0.067, 0.067, 0.133
are computed by using (2.7)he normalizedomponents aresed as input tMatlab
function, 0 @ & "B @estimate Weibull PA T 1A parametersThe relation between
histogram and parameters of Weibull distribution is shown in Appeddbhus the
4 features| ( andb for x and yderivative$ are obtaineddr each patch asfeatureset

The change af andb parametersvith respect to depth are visualizedAppendixD.
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2.1.4.2Color Features

The properties of a light source and colors of scene objects can be used for stage
classificationLou et al., 2015; Nedovic et al., 2010)o differentcolorspacesRGB

and HSV, are used as feature $eteach image patciNedovic et al.(Nedovic et al.,
2010)usethe three features of the oolcorrection coefficierst of RGBestimated by

a Gay-World algorithm (Weijer, Gevers, & Gijsenij, 2007and the other three
features, Hue, Saturation and Value (HSV), are includaccolor feature sébr each
imagepatch Color correction is mestimation of the illuminatioof the color which
encodes the properties of the light souidedovic et al., 201Q)p. 1677 Nedovic et

al. showthat it improves the stage recognition accuradyray-World algorithm is
simplest color correction estimatiomethod A wh i ¢ h assumes t hat
refl ectance of the sur Nedoveestali,2010p.H&7 wor | d
The basic description and implementation is givefWeijer et al., 2007)pp.22089,

formula is given in (10)Matlab packagef Gray-World algorithm isavailablein

(Joost van de Weijer , Theo Gevers , & Gijse@p07. The main function,

oo o B "QQ¢ Qi 084 it htakes an RGB imagavith it

default parameter@0, 1, 0), which indicates differential ordelcl-norm, and sigma,
respectively)yas inpus andgeneratests color coefficiens, w for red,w for green,

andw for blue Here, we use color correction coefficient as featufée HSV
components can be calculated by MATLAB functioi fibv 1 "QdiQ v'Ohwhere

"Os an RGB image anddi hid ¢ ®are estimated HSV componentSherefore, six

color features arebtained for each image patch.

2.1.4.3Histogram of Oriented Gradients Feature

Thehistogram of oriented gradientd@G) is one of thenost popular featuremd has

been widely used in an object detection for representing the shape of (Dgats
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Triggs, 2005; Tomasi, 2012)t is available asa Matlab function,"QQ @06 6 1 Qi
Q®O IBQQ G Y OIQAX, { where, | is an input image and
"QQ w 0 Gepresienting theutputof HOG feature vectoiParameters contain number
of histogram binspormalization type (i.e. L-Aorm), and constanptvalue. We modify
the existing code by extracting the 9 features (setting bins=9) for each imagagatch
Lou et al.(Lou et al., 2015)sed it Instead of dividing thémageinto blocks, we use
the patch as a single blodkr feature extractionThe HOG feature isuseful for
differentiating the image geometsych as the shape of the Bgyound and the shape
of the corner are very differefitou et al., 2015)The HOG featurecan be calculated
by following mainstepsasdescribedn (Dalal & Triggs, 2005)gradient computation,
orientation binning, and bin vector normalizatiéirst step iggradientcomputation.
The gadientat arbitrary locationcfr) of an image€Qdenoted byt "Canddefined as

the vecto(Gonzalez & Woods, 2018p. 716

N"Cahw Qi «'Cahw O o B @

where, " and—"are partial derivatives at each pixel location in the im&ge.

magnitudeM(x, y) of this gradient vector at a point (¥, is given by(Gonzalez &

Woods, 2018)

0 oy Mo & ) Taw h (2.9)
This is the value of the change rate atgbent in the direction of the gradient vector
(X, y). The direction of the gradient vector at a pointy)xis calculated byGonzalez
& Woods, 2018)
—afy OAT O TOaw h (2.10)
Where the agle —his determined with respetit the xaxis in the counterclockwise

direction.More detail is givenn (Gonzalez & Woods, 2018p. 716 Instead of using
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the derivatives computed in equations (2.5) and (2.6), typically fdreacentered
finite difference (Milton Abramowitz & Stegun, 1972)s usedto calculate the
derivative(Gonzalez & Woods, 2018pp. 71718) (Dalal & Triggs, 2005)formula is
given in Appendix E. Using forward differenceswe obtain(Gonzalez & Woods,
2018) p. 718:

Dy — Ch phy (Gl (2.11)

D —— T p G (2.12)
For all values of x and yhese two equations can be applied by filte Gic:. with
one dimensional (1D) kernel: pip I plp eesee Figure 10.1% (Gonzalez &
Woods, 2018) The different types of kernels are studiedDalal & Triggs, 2005;
Tomasi, 2012) However, the best performance is obtainedcbgvolution of 1D
kernel, F1, O, 1](Dalal & Triggs, 2005) p. 889 Convolutional function is given in
equation (2.1)For RGB images, the gradients of each cotamponentre calculated
separately, and the one with the largedteis taken as the pixel gradiefi?alal &
Triggs, 2005) In the next stephe histogram withorientation bingB) is calculated
for each local region (patchYhe standard definition ohistogram is defined in
previousSubsectior2.1.41. Each pixel within thgatchcosta weighted vote for an
orientationbased histogram on the value computed in the gradient calcu|Bedad
& Triggs, 2005) p. 889 fiThe vote isa function of the gradient magnitude at the pixel
either the magnitude itself, its square, its square r@ota clipped form of the
magnitudeepresenting soft preseriabsencef an edge at the pixdh practiceusing
the magnitude itself giveshe best resulés(Dalal & Triggs, 2005)p. 889 A T h e
orientation bins arevenly spaced ovatlz p YJurt  “, unsigned gradient) or®
360 (02", si gn e(@alay& Taighs, 2003)p. 889 The magnitude of each

pixel is assigned to bin on the base of its orientatii@ in which bin it existin
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implementation(Dalal & Triggs, 2005khows that unsignedjradientgives the best
results After obtainingabinvet & (@Owi t h 8, B sehie DyyDaal &
Triggs, 2005) for a single image patchtis normal z e d b -yn oir tb®noidnlis2

calculated as:Let V be the umormalized descriptor vector A& h A&

O 0 E 0, whereb Fv F&0 are elements of vectovith n length be its
L2-norm (more detall is given iiWeisstein & W., 202Q) and] be a small constant

(Dalal & Triggs, 2005)p. 891. It is definedas(Dalal & Triggs, 2005)

w

8 (2.13)

In Matlab, it can be calculated kwer & £ 1 & & GOREE hwhere, norm is
parameters which indicating the d0drm calculation Note:T is used to prevent
division by zerolt is equal td0.01to minimize its influence on HOG featurds.this

way, nine features are extracted each image patch.

2.1.4.4Local Binary Pattern and Entropy Value Features

One of the most successful approaches to texture description is Local Binary Pattern
(LBP) and its variantgOjala et al., 2002)It is explained in(Ojala et al., 2002)It
obtains invariant, uniform representationsand rotation important for many
applications such as face recognitions, texture recognition, and remote scene
classification, etc(Pietikdinen & Zhao, 2016)ue to its discriminative power and
computational simplicityPietikéinen, Hadid, Zhao, & Ahonen, 201The Matlab

code of converting the RGB image into LBP code is availaliikisins, 2020) in a

form of function,0 @ 0 6 UAY 8lt has two parameters, input RGB image,

[, and radius RThepossible vaie of the R=1, 2, 3etc. By defaultR=1, is used. R=1
means eight neighbor pixels and R=2 means 16 neighbor pneeisd the center pixel

(more details givenin (Ojala et al., 2003) Thed @ is a 2D array of same size
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of input imagel. Then the histogram isonstructed fob @ . The histogram is
defined in Subsection 24.1. Here, the Matlab functioriX2i o ¢ "G @& hd
is used, b is number bins. Thenthe components of the histogram are normalized as

(2.7). Thus, the nrmalized componentsf dimension, bare used as f@ature vector

for each image patch.

Entropy(E) is another approach to describe the texture co(@arizalez et al., 2003)

It is a function which measures thariability of data and it approaches to zero for a

constantnputdata(Gonzalez etal.,2003) Gi ven a source of stati

random events from a discrete set of possible evahta [8 hd  with associated

probabilities {fy & ) & M M & . the average information per source output,

call ed the ent r(@Gopzalez&fWodds 2018p.®46r ce, i s O
0 B nollgo, (2.14)

where® is called asa source symbolE is an entropy of the sourceh& more detail

is explained in(Gonzalez & Woods, 2018p. 546 Different researchers use it as

features for scene classification, suckerek Hoiem et al., 200Tiilize it for texture

featuresIn Matlab, entropyis available in a functior® Q¢ 0 i &on wihere X is

ansample datar grayscale imagandits output, E, isareal value Each3D scene

geometryrepresentshe different texture information of the image scéhedovic et

al., 2010) Entropymeasures the varidity of data(Gonzalez et al., 2003therefore,

it can beused as a feature for 3D scene geometry classificafiba.0 @

contains texture information, thuscan be used for measuring tatropy valueFor

this, normalized histogram components are used as input of entropy fuidtics).

we conpute the LBPE featuredor each patch(As these features was not study for
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3D scene geometry, avhave shown the performance thiese features in our
experimen{see Chapter 3, Table 3.2)).
2.1.5Training of Machine Learning Algorithm
After extractingthef eat ur e vector, the nexnmachp®i nt
l earni ng al (lmesd tlhahAlgorithvhL2A Y Suppose that we have
training dataset with damples™O  HY¥ , where"O is a feature vector for
image”Y'Y,@ndTR® is the class labelY¥~ e« 1 h MBh R denotes the
classsuch as skjpackgrouneground 'Q plt&s, nis number of classe3hen, the
feature vectorsvith labelsfor N sample can be given as,

) O HYY®d 8 (2.15)
Then the features with latsekd hareused as input ta machine learning algorithm,
MLA (@) to train amode| 0 € Q'Qide 10 of Algorithm 2.1) It generates a single
trained model 6 Mo d éot 8 labeled data.The model can be used as,
0o DI {6'Q 0 @iQa & "Massify(.) is a function which predithe class type
of aninputimageo ‘@i"Qd& o @@ 12 of Algorithm 2.1)The detail otestingimages

and prediction is given ithenext Section 2.1.6.

However, the most useflLA of scene classification is a SV{Cortes & Vapnik,

1995; Nedovic et gl.2010) Recently, theextreme learning machine (ELMjlso
become a famous classifier because of its satisfactory generalization performance
(GuangBin, Qin-Yu, & CheeKheong, 2004; GB. Huang, Zhu, & Siew, 2006; G.
Huang et al., 2015b)jThe SVM (Cortes & Vapnik, 1995)ELM (G. Huang et al.,
2015b) and ensembte of classifies, areintroducedin Subsectios 2.1.51-3,

respectively.
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2.1.5.1Support Vector Machine

Support vector machine (SVM(Cortes & Vapnik, 1995has beencommonly
employedn objects classification, imagegmentatios, and scene classification tasks

(Cortes & Vapnik, 1995; Mohandes, Deriche, & Aliyu, 2018; Somvanshi, Chavan,
Tambade, & Shinde, 2016)he SVM's key concept is to leathe maximal margin
parametersf the hyperplane to distinguish two groupsa training setn MATLAB -

2019a,SVM is available as a functiofitcecoc (.) The fitcecoc function takes feature

vectors and class labels and returns a fully tramedel usingY"Y p #¢ binary

SVM models, wher&is the number of unique classbels. The interfaceof the

function isMo d e | = f i t c escdp wh@rex,s thg inputddatera matrie of

the training images, andis a categorical vector of class labdélssarner® | ndi cat e
the SVM classifierkernel such agpoblynoearn) 0. detdilGfdhes si an
SVM kernel is given iAnguita, Boni, Ridella, Rivieccio, & Sterpi, 2005)het is

an optionalparameters h a t specifies the prinpadrti es
rossvalidationrd , . e fTMoglebd i ndi cates t he tusedhtoned m
classify the test data

2.1.5.2Extreme Learning Machine

The extreme learning machine (ELM)isor i gi nal |l y proposed for
hidden | ayer f eed f(6 Hvaagrethl., A0&5).18.lts lear@ngw o r k s
speed can be thousands times faster than traditional feedforward network learning
algorithms like baclpropagation (BP) algorithm and obtains better generalization
performancgGuangBin et al., 2004) p. 985. GuandBin et al, (GuangBin et al.,

2004) p. 985, note that it reaches to the smallest training error, runs extremely fast,

and in order to differentiate it from the other popular learning algorithms, it is called

the AExtremehiLrar (Aldyd)ndanetwork is the set of nodes
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(neurons) i n a c(Gbnwalen& Wobds, 201g). 9ASEackvlayerk o

in the network can have a different number of nodes, but each node has a single output.
A single neuron is a basic unit of a neural network, often called a node or unit. It
receives input from other nodes or external source and compute an(Gdpagtlez

& Woods, 2018; Ujjwalkarn, 2016)Each input has an associated weight (w)
(Ujjwalkarn, 2016) The node applienactivation functionh, to the weighted sum of

its inputs as given in Figurel2. In this Figure, the xand % are numerical inputs and

has weights wand w respectively. Additionally, it has another input 1 with weight b
(called the bias) associated with it. Y is output of neeron(Ujjwalkarn, 2016) in

the range of [0,1] or-L,1]. The output, Y is obtained bytivation function.

b
X1 W2 h (Wi*X 1+W2*X 2+b) Y (Output)
W2
X2
(Inputs)

Figure 2.12: Sanip of a single neuraon

The input vectors x transformation is given gonzalez & Woods, 2018)

da 0 ® O (2.16)
where w and x are-dimensional column vectors a0 wis the dot product of the
two vectas. The b is biaand z is result of the computation performance by the neuron.
The equation is)@ressed in summation form §&onzalez & Woods, 2018)

zX)=B 0a (2.17)

The component of a vectorhaving length rare:a Fo F8 Fa Fp and component of
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weightvector 0 hare:0 0 B F0 F0  hwhered s the biasrepresented by b

in (2.16-17) (Gonzalez & Woods, 2018)pp. 935 The more detailis given in
(Gonzalez & Woods, 2018pp. 934-6. Activation function can be defined as: the
output of the node denoted by is obtained by passirgthrough™ € . C € is the
activation function, and refer to its outp 'C @, as the activation value of the
node(Gonzalez & Woods, 2018). 545 The activation function is nelinear function
which introduces notinearity into the output of a neuron. This is important because
most real world sample data is nlomear and neurons to learn these 4toear
representationgUjjwalkarn, 2016) The several activation functisnare used in
practice, such as sigmoa&hd Gaussianfunction The sigmoid functiortakes real
valug z, as input and generates the output in the range of [0, 1]. The sigmoid function

"( ¢ his defined agGonzalez & Woods, 2018).944
Qo — (2.18)
where z is the results of the computation performed byeheon Thee* is standard

exponential functiorior input z.For example, ¥1.2, %=1, wy=0.2, w=0.5, and b=1,

then the output of the (ZLis becomeg p&z2T& pzn&® p,z=1.74.Then, the

output Y, of the neuron using (28] is, =—= 1/(1+0.175)= 0.850Results of

activation function are used to decide that input pattern is beldaogduch category

Themore detail is given ifGonzalez & Woods, 2018p.949

Thehidden layer/s ighe layer between the input and outiayersof the algorithm, in
which the function applies weighto the inputs and direct thehrough theactivation
function as the outpu&ingle hdden layer indicates only one layer between the input

and outputayers.
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ELM provides efficient solutions for the applications of featesning and image
classification(G. Huang et al., 2015pp.18. The ELM s describedn (G.-B. Huang

et al., 2006; G. Huang et al., 2013mplementatiorof the ELM is giverat(G. Huang,

Bai, Kasun, & Vong, 2015a)Generally, ELM algorithm requiresthe following

p ar a mdraireng feature® |, Otraini feggurea b &t £6 tdiddtge s ta b
&6 and 6 Gvalue and returnghe trained modelprediction of testing imagesnd

accuracy (optional outputl). is number of hidden neurofiseurons of hidden layers)

The Qindicates activation function.t uses 6dgii pmeidd &G)randngul a
@G a u s s i a)yadactjvatiandunctidrdetail is given i{G.-B. Huanget al., 2006)

C is the controllingparameteand itsbelong t0(0.001,0.1,1,10,100)G. Huang et al.,

2015b)

2.1.5.3Ensemblesof Classifiers

Ensembles of classifiers increase the performance of pattern recognition applications
(Kittler, Hatef, Duin, & Mdas, 1998; Mohandes et al., 2018; Snelick, Uludag, Mink,
Indovina, & Jain, 2005; Tulyakov, Jaeger, Govindaraju, & Doermann, 209gical

ensembles of classifietake features vectok) and generate score vectors. Then
theseoutputsfrom individual classifiers are used pooduce a combined output for

each classss it is shown irFigure 213.

Classifier
1

—————¥

Classifier ————
2

Ensemble
Output

Input
Combine outcomes

\ Classifier

T

Figure2.13: Generaimodel of ensemble aflassifies.
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To fuse the outputs of classifiers, two kind$usionstrategies can be used: siaftel

or scorelevel and hardevel fusion (Mohandes et al.,, 2018Hardlevel fusion
involves summing the predictions for each class label and predicting tiselattes

with the most voteswvhich is callecasmajority voting Soft-level fusionor scorelevel

uses estimate of the aposteriorolpability or scores of the categorids involves
summing the predicted probabilities or score for each class label and predicting the
class label with largest probability. The different rules can be fasqatedicting the
class labelsuch as sum, max, product, and min rufe$dduct rulequantifies the
likelihood of a hypothesis by combining the aposteriori probabilities generated by the
individual classifiers by means of a product auklohandes et al., 2018)p. 19630

The sum rulesimply adds the weight of scores or aposteriori probabilities provided by
each classifier for each class, and derives the class label for inmgé maging the
maximal sum valuéMohandes et al., 2018jThe max rule is an approximation of the
sum rule and takes the maximum of the aposteriori probabi{Mohandes et al.,
2018) In (Kittler et al., 1998; Mohandes et al., 2018; Snelick et al., 200fyakov et

al., 2008) it isillustratedthat the sum andrpductrules aregjuitesimple and haviow

error rate.

2.1.6 Testing Imagesand Classification

When a model is fully trainedhe next stepf 3D scene recognitiois to evaluate or
testthe traned model (as shown in step5 and 60of Figure 2.5) In testingmodel
suppose we have Mputtesting sampleand their feature80 hQ phfedD h(line

7 of Algorithm 2.1)for each imagéY"Y'i® given tothe trained modeb ¢ Q,Qsee
lines 1113 of Algorithm 2.1).The modelpredicst the classlabel i , for eachinput
image "Y'YJeL,2..M (seeline 12 ofAlgorithm 2.1 andstep5 of Figure 2.5)which is

defined as,
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i oo RO [Q pifd, (29)
wherei is predicted label of the input testing imag€® M is testimages Predicted

labeli is denotinghe3D category type, such as skgckgrouneground.

Meanwhile, model predict the aposteriori probability or score vector of the input
image. The scer vector or aposteriori probability distributed over the number of
classesThe modelcan also predidt &£ ivectordistributed overcategoriesn, for
each imag€eéY"® If the ensemble of classifieis used then these sceritfom each
classifier can be combined using slkeftel fusion and then final 3Bcene geometry
can be prediedasit discussed in Subsection £13. Forexample, if'Yclassifiers are
used then, the class label can be predicted by using sum rule

i i aioddRl ,Q pk&hQ pk8 D, (2.20)
where T isanensemble oflassifiersj @ ¢ iis‘@redicted score @th classifier foreh
input imageand for“@h class. The n is number of classélsis testingimages and
& 0 @ 0 BQis indicating the sum ruléeo combine the outcomef ensemble of
classifiersThei is apredicted labebf classifies combinationfor inputimage "Y™@
2.1.7 Performance Metrics
After testing, the lasstep ) of Figure 2.5 is measuring the effectivenessrahed
model In order to evaluate the effectivenette different researchers use different
calculation metrics. Most of the researchers calculate only accuracy of scene
recognition, such afNedovic et al., 2010; Oliva & Torralba, 200limeasurethe
accuracy of different classeslowever, thestateof-the-art 3D scene recognition
method(Lou et al., 2015yses following metrics confusion matriXBallabio, Grisoni,
& Todeschini, 2018; Rosset, 2004)ccuracyAghdam & Heravi, 2018; Lou et al.,

2015) mears precision(Rosset, 2004)mears recall (Rosset, 2004)and meas F-
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score(Rosset2004) LetM samplesareused in testingline 14 ofAlgorithm 2.1).The

¢ is the number of classe¥| . represergthe number of samples truly belonging to the

wth class, whileM ', is the number of samples predicted belonging taiitteclass

The classification results can be represented in the confusion figdtiabio et al.,

2018; Rosset, 2004}t is a squar&é € matrix whose rows and columns represent
true and predicted classesspectively. Each its entqy, , represents the number of
samples belonging ®th class and predicted as belonginidth class. The diagonal
elementsG_, represent the number of correctly classified samples, while remaining
elements represent the number of incorrectly classified samples. Confusion matrix
contains all the information related to the distribution of samples within the class and

the classificabn performance. The number of test samplds (Ballabio et al., 2018;

Rosset, 2004)

- B B 038 (2.20)
The number of samples truly belonging to théh class is(Ballabio et al., 2018;
Rosset, 2004)

- B 08 (2.22)
The numbeof samplepredictedn thedth class(D &) is (Ballabio et al., 2018; Rosset,
2004)

-2 B 08 (2.23)
Accuracy, Acc, is defined as the total number of truly predicted samples over total

number of samples in datasgtghdam & Heravi, 2018iou et al., 2015) The

accuracy is defined as:
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! AA-B ©O8 (2.24)

Precision Pr(c), of the cth class is defined gRosset, 2004)

~

0O@ —38 (2.25)
then the average, Pr, is calculated by:
00-B 0 @83 (2.26)

Recall, Rgc), is calculated adRosset, 2004)
2 Ab  —nh (2.27)

theaverage, Re, is calculated as:

2A -B 2 A®S8 (2.28)

Finally, F-score, kc), is calculated ad ou et al., 2015; Rosset, 2004)

&& ¢——38 (2.29)
The average FScore is obtained by:

&3AT OB &n8 (2.30)
2.2 Convolutional Neural Networks and Scene Recognition
In this section, thbasic concept of convolutional neural netwso(@€NN) is discussed.
The CNN architectureis explainedin Subsection2.2.1 The standard CNN
architectures that are used in our research are described in Subsz2iib8s
2.2.1Convolutional Neural Networks
Neural networks are systems inspired by parallel distributed processing in the brain
(Zurada, 1992)They show high classificationhen they are trained on a label
datase{Brownlee, April 24, 2019)Recently, the deep learning approaches show high
accuracy in many computer vision applications including scene recogitiahou

et al., 2018)medical imagefHassantabar, Wmadi, & Sharifi, 202Q)object detection
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(He et al., 206), etc A deep neur al network 1is the
net wor ks o, which is composed ypdsofslecp er al
network is theconvolutional neural netwos{CNN). It adopts special architecture that

is particularly bcus on images classificatigBrownlee, April 24, 2019)In Figure

2.14, astandardCNN6 s ar c hi t e clttcansigs ofcavolstibnallayers,

pooling layers, and fully connect¢eC) layers.Input and output indicate input image

and predicted class type, respectivelire detail of each layer is givdmelow in

Subsetions 2.2.1.4, respectively

Fully
> Connected
Convolution

Input Poolmg’_‘__,.r- O;\::. Output
Lry- O
(@,

\ oy
Feature Extraction Classification

Figure2.14:A standarddeep CNNarchitectur§Phung & Rhee, 2019)

2.2.1.1Convolutional Layers

It is a fundamental component of the CNN architecture peaforms feature
extraction, and it typically consists of combination of linear and nonlinear operations,
i.e. convolutional operation and activation functifsefine in Section 2.1.5.2)
Convolution operation is explaied in Section 2.1.4 and formula is given in (2.1).
Convolutional operation is applied dme input imageand yields anew value for ach

pixel, asFigure 210 illustrates It is called as a feature magn example is shown in
Figure 2.15 in which 2D array size of v is given andoc ¢ kernel is applied as
convolutionaloperation Next, the outptiof theconvolutionoperation ighen given to

a nonlinear activation functioheactivation function is deding whatvalueis to be
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given to the next neuroifhe most common nonlinear activatiam€tion, rectified
linear unit ReLU) is used, which simply computes the function:

Qo d e, (2.31)
where eachx is numerical inputvhich istaken from previous neurdiKrizhevsky,
Sutskever, & Hinton, 2017; LeCun, Bengio, & Hinton, 20I8)e output is in the
range of TiHb 8The M 68 is a function which returns largest value from the numbers

provided.

Feature map

Figure2.15:Exampleof convolutional operatio(Yamashita, Nishio, Do, &
Togashi, 2018)

2.2.1.2Pooling Layers

The pooling layercaptures an increasingly larger field of viemwd it reduces the
features majYamashita et al2018) Themost populardrm of pooling operation is
maxpooling. It extracts patches from the input image feature maps, outputs the
maximum value in each patch, and discard all thevadsies.A max-pooling with a
filter of size¢ ¢ is commonly useth practice(Yamashita et al., 2018p. 616 An
example is shown in Figurel®. in which an nputdatais divided into four patches
anda maximum value is selecté®dm each of the patche&nother pooling operation
is global average poolii@AP) (Yamashita et al., 2018 this operation, the feature
map with size of (WD 0 QQ@(see Figure 2.15)s downsampled into @ p
array by simple taking the average of all the elements in each feature magasither

depth of featurenapsis unchangedlYamashita et al., 2018pepth indicates the length
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of the feature vector that corresponding to the number of feature(feapge vector
with length n where n isisumber offeature maps)Global poolings appliedonly once

before the E layers

12 1201 30| 0

X 9 | 18] 2 0 2><2.\=Iax—P001‘ 20 § 30
34 |70 37| 4 1124 37

112 100§ 25 | 12

A J

Y

Figure2.16:Exampleof max-pooling usingg ¢ conv.filter.

2.2.1.3Fully Connected(FC) Layer

The lastayerof the CNNarchitecturas FC layer The output feature maps of the final
convolution or pooling layeris typically representedn a 1D array of vector and
connected to a one or more FC layalso called as dense layéyamashita et al.,
2018) In FClayer, every input is connected to every outpyta learnable weidh
(Yamashita et al., 2018)s illustrated in Figure 2.17he pltf8 Fe hdenots the
number of input features to FC lay&he weights argenerally learnt during training
therefore, it is calledslearnable weight=C layerhas same number of outcome nodes
asthenumber of categoriegach FC layer is followed by a ndinear function, such
as RelLU as given in (2.31Furthermore, lagbutputlayer is typically different frm
theinput and middlé=C layersAn  act i vati omaX ufnecnd toingn disiod
for classification problenfYamashita etl., 2018) which outpus class probabilities

or score vector, in whichach value ranges betwe@mnd 1 and all values sum to 1
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The softmax function is special type of activation functimhich is computedas

(Brébisson & Vincent, 2015)
Qe —HQ ph&BY (2.32

Where™Qw is softmax function input vector,Q w fp is standard exponential
function for input vector. S is number of clasddere cetail of softmax function is
given in (Brébisson & Vincent, 2015)inally, the output of softmax function is
measured in terms accuracyor any metric as it depeadn the clasification
problem In this research, the&ccuracyis usedwhich can be measured using equation

(2.24).

Accuracy

FC layer 1 FC layer 2 Output FC layer

Weight

Figure2.17:Basicstructure of fully connected layer

2.2.1.4Training and Validation of a CNN Architecture

Network training is a method of identifyirases in convolution l&ys and weights

in FC layers that reduce variations on a training dataset between performance
predictiors and given ground truth labe(§&onzalez & Woods, 2018)p. 953
fiBackpropagation algorithm is the rhed commonly used for training neural
networks where loss function and gradient descent optimization algorithm play
essent i(@dmashita btals @018p.617 Back propagation (BP) algorithm

finding the value of the weights of FC layers dnases It involves four basic steps
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(Gonzalez & Woods, 2018p. 953 (1) input the samplefiraining images) (2) a
forward pass through the network to classify all the traisanmgplesandmeasurehe
classification error, (3) a backward (backpropagation) pass that fequrtbienance

error back through the network tmeasurethe changesxpected to adjusthe

parameters, and (4) wupdating the weights

repeated until t he er(Ganzalez&N\oadh 2043p3HB accep

The detail of BP and training process is given in Chaptef@anzalez & Woods,
2018) pp 953.Loss function(L) is a cost function, which is calculated the
classification error (i.e. accuradygtween output predictions of the network and given
ground truth labelgaccuracy defined if2.24). The parameters are updated by
stochastigradient descer{SGD) optimizationalgorithm that iteratively update¢he
parameters including weightsasisof the achitecture to minimize thelassification
error. This process is given iMATLAB (version 208b) asa functionthat can be
applicablefor new image dataset. The function is defined\dgdel = trainNetwork

(TrainData, TrainLabek, 6 P-t e a i n e, doptions)Nwihere6 Tr ai nDat a 6

training 1 mage $ grouadtuh labelsrofaraimngnaabgeel ss. 6 -T h e

trained CNNO&6 model i's already trained

building a model from scratch to solve the classification problem which need a large

datassetand huge effortthe pretrainedmodel can be used as a starting péireng,
Wang, & Kwong, 2017a)t consists of multiple layers and it allows fixed size of input
image &s details of the different layessegiven above)The fixed size mean the size
of receptive ield such as GoogLeNé¢Szegedy et al., 201%ccept 224x224pixels
size of image in the RGB color spaE®ery architecture has different number of layers
(most usefularchite¢ures are given in Section 2.2-3). The standard deep CNN

architecturs with different number of layersuch as AlexNefAlex, Sutskever, &
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Hinton, 2012) GoogLeNe(Szegedy et al., 2015resNe(He et al., 2016)and VGG
(Simonyan & Zisserman, 2018)e available in Matlab package, which can be easily
installedandcanbeuseal. Thelastparameters) o p t,icantaigtréining parameters,
suchSGD, initial learning rate (e.g. 0.005), number of epoch (e.g. 20), and batch size
(e.g. 16).The batch sizendicatesa subset of training datasgtetail is givenin
(Yamashita et al., 201B)After completing the training process, it returns a trained
mo d eModeb This model can beised to classifyest imagesand itsperformance
can be calculated bynetrics given in Subsection 2.Z. The standard CNN
architecturesnamely GoogleNetSzegedy et al., 2018nd ResNefHe et al., 2016)
architecturesrebriefly described below.

2.2.2 GoogLeNet Architecture

The GoogLeNefSzegedy et al., 2018 the winner of the 2014 ILSVRC competition
on ImageNet datas€d. Deng et al., 2009¥he main objective of the GoogLeNet
architecture is to approach high accuracy with a reduced computatiq®zegedy et

al., 2015) It introduced the new concept of inceptiowdulein CNN, whereby it
incorporates mukltscale convolutional transformation by splitting, transform, and
merge ideaas shown in Figure 2.18n inception module the fixed size of
convolutionalfilters (p pho ol & ® v) and 3x3 maxpooling operation are
used in a parallel way on the input image and the output of these filters are stacked
together to generate final output for nexadule(Szegedy et al., 2013 Figure 2.18,
inception moduled Mdue 1 Gs shown with itonv,, pooling filters, ancdhumber of
stride (S).Thefilter moves from one position to the next position by number of pixels,
whi ch i s clathitway, itcApsutsspatdl feaiures at different scaléghe

standardsooglLeNet architectureonsists oB inception modules and it contains three
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Figure 218: GoogleNet achitecture(Szegedy et g12015)
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auxiliary classifiers, softmax 0, softmax 1, and softmax 2, connected after each of the
three modules, respectively, (see Figure 2.18). The softmax function is defined in
equation(2.32). The GoogleNet architecture has an additi@onv., ma-pooling
layers at the beginning and three GAP layers before FC layers, which are connected
individually with three auxiliary classifiers. Authors show that performance of
auxiliary classifiers was relatively minor (around 0.5%) when the ImageNet diataset
used. In this architecture, the parametergedaced from 60 million (AlexNgiAlex

et al., 2012), to 4 million,andit achieves a to error rate of 6.67%Szegedy et al.,
2015) The parameters are sum of all weights and biases in the ndfork et al.,

2018) The twotype of error rates are us@lex et al., 2012) Altanddgops, where

the top5 error rate is the fraction aést images for which the correct label is not
among the five labels considered most ptobae by t(Alex et ad.02012)p.D.

In Matlab the GoogLeNet is available as a-ppegned modebn ImageNet dataset

€ 'Q0 "O¢ ¢ "Q0 ‘mhiGhican be used as input to the trainNetwork(.) function to
train the new model according to the given image dataset. Furthermore, the
intermediate modules can lsedfor training the model. The features from these
modules can be extracted using Matlab fuorctiX, = activationgnet, Training data,
layer); X&= squeezémean(X,[1 2]))a Then these features can further use for training
the classifier. Activation(.) function takes grained CNN model (net), training data
(labels and images), and particulamme of the layer (mostly mgxooling layer) as

input and generates the feature maps, X4 is high dimensional matrix and it has
different dimensionst differentlayer. E.g., 7x7x1000 dimensional array (see Figure
2.18,(avg. pool 7x7peforesoftmax 2).The squeeze (.) function takes thewith [1,

2] parameters and returns 1D array, feature vector, e.g., with the length ¢fif 1000
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7x7x1000array is givenThus, these functions are used as GAP operation to extract
the featue from any intermediate laye

2.2.3 ResNet Architecture

The ResNet was introduced by He et (&le et al., 2016which is consideed as
continuation of deepaiwork ResNet wins the CNN architectural competition by
introducing the concept of residual learning in deep CNN model and derived an
efficient methodology for learning the deeptwork The standard architecture is
shown in Figure 2.9. The model consists okseral blocks, each block is called as
residual block ordentity block.Residual block, as shown in the top lefEajure 219,

is the basic structure of the ResNet architecture to learn the residual function of F(X),
which is related to the standard @tion of H(X)=F(X)+X. The H(X) is learned by
model which is closer to identifying function X than random. Thus, instead of having
a network which learns H(X) from randomly initialized weights, the residual F(X) is
learned. In this way, it saves the tramiimme and also solve the problem of vanishing
gradient by including the skip connectiofiée et al., 2016)The vanishing gradient
problem is some cases, the gradient is vanishingly small, and in worst case it may
completely stop the neural network from further trainifidochreiter, Bengio,
Frasconi, & Shmidhuber, 2001)A skip connection allowghe information of
previous layetto flow more easily to the next layesis shown in Figur@.19 The

ReLU is used asactivation function (defined ir2.31) in each residual block
Moreover, the downsampling performed directly by conv. layers that have a stride

2. The ResNet model has an additional conv layer at the beginning and GAP layer (avg
pool in Fig 2.19) at the end after the last layer. It has FC layer with 1000 neurons and
a softmax(He et al., 2016)More detail of the ResNet architecturegwen in(He et

al., 2016) It introduces with three different k®@onsmainly, 50, 101, and 152 layers
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deeperlt achieves3.57%of top-5 error rate otimageNet datas€d. Deng et al., 2009)

when the 152ayers are usede et al.(He et al., 2016also appliedhe ResNet wih
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||
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Residual block 33 conv 64
X | X Identity
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| Avg pool |

| FC1000 |

'

Figure 219: ResNet achitecture(He et al., 2016)
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50 and 104ayers deeper architectures on ImageNet dataset and achieve 5.25% and
4.60% top5 error rate, respectively. The Matlab provideQ 0 'Y Qi o '@o 11,@s
pretrained modelon ImageNet datasetwhich can be used as input to the
trainNetwork(.) function to train the new model according to the given image dataset.
The deep features can be extracted from intermediate residual blocks as well by using

the Matlab functions as described in above Sectio2.2.2.
2.3 Scene RecognitioMethods and Results

In this section, the existing methods for scene recognitiodemeibedThe summary

of these methods are given in Table 2.1, in whidthor name of eaghethod, dataset,
methodology and results arelaboratedThe datasetdetail is summarized in Table
2.2, which are usedy related method§ he dataset name, number of categories, scene
types (indoor or outdoor), number of images, size of imagespauks per category

detail are given in this Table.

Oliva etal. (Oliva & Torralba, 2001bproposed a computational model whigrerder

to represet the spatial structure of thmage scene, they use local and global image
scene datdt is estimated the relation between spatial properties and scene categories
by using Gistfeatures The model suggested that imadesve a common spatial
structurein a scene class that can be ded without image segmentatiofhe
mathematical description of the spatial structfrthe scene is represented using Gist
featureslt catches the duainant perceptual features oseenesuch as naturalness,
openness, rghness, expansion, and ruggedness of a ¢Cdina & Torralba, 2001b)

It achieves 83.0% accuracy erghtdifferentoutdoorscene categories. Hoiem et al.
(Derek Hoiem et al., 2007htroducea framework of outdoor 3D scemecognition

from a single imagel'he method was designed for 3 outdoor categories including, sky,
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background (vertical), and grodin(support). It uses superpixels and mukHi
segmentationsind variety of cues such as color, textul@cation,and perspective
features to estimatine 3D surface of the@utdoorimages. However,the framework
can only handle the outdoor images. It achieves 88.10% recognition accuracy on

0 a b 0Mimages dataset.

Table2.1: Summaryof previous work

Rows Name of Name of Methodolo Performance
No. Authors datasets gy Metric (%)
Oliva et al. Use GIST descriptors at
1 (Oliva & 8-scene | T uniform grid patches. 10(  Accuracy
Torralba, | categories| samples for &ining of each| (ACC): 83.70
2001b) class and rest for testing
Hoiem et al. Superplxgls and‘ .rnu+.t|
(Derek 3 _ segmentations utl!lzatlo_n.
2 . geometric | Use different cues includin{ ACC: 88.10
Hoiem et al.,
classes color, texture, shape, and
2007) | :
ocation.
Nedovic et al. stage Use texture gradient, color
3 (Nedovicet datagset and perspective line featur¢ ACC: 38.0
al., 2010) att T grid patches.
: ACC: 47.30,
Lou et al. Predeflneo! templatbased precision(PR)
stage | segmentation and structur
4 (Lou et al., - 45.6Q recall
dataset | SVM. 50% for training and i
2015) 50% for testin (RE):44.9Q F~
° g score 44.20
BoW, fisher & pyramid
J. Sanchez e SUN397 based method, Gaussian
5 al. (Sanchez dataset Mixture models (GMM). | ACC: 47.20
et al., 2013) 50% images for training an
50% for testing
Zezfza;fz'; al. BoW & orthogonal vector
- histogram (OVH)15-scene: ACC
Ashraf, Ali, | 15scene . o _
100 images for training an 15-scene:
6 Ahmed, UCM-21 ) )
Jabbar. & datasets rest for testig. UCM-21: 87.07,
L 80% for training and 20%| UCM-21:100
Chatzichristo testin
fis, 2018) g
. : Hybrid geometric spatis
7 Ae'; zf a;éﬁg) 15-scene | image representati] ACC: 90.41
B (HGSIR) method 100
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images for training and re
for testing

Patalas etal| Hand Use CNN replacing FC laye
(Patalas & written | with SVM. 60000 images fo )
8 Halikowski, image | training 10000 images fq ACC: 99.04
2019) dataset | testing.
Intermediate layer feature:
of GoogLeNet model and
. , ACC
15-scene, | scorelevel fusion 15scene: )
Tang et al. ; o 15-Scene:
9 (Tang et al MIT 67, 100 images for training an 92.90
9 " SUN397 | rest for testing. MIT67: 809 )
2017a) . I MIT67: 79.63
dataset | for training 20% for testing SUN397:6406
SUN397: 50% for training '
and 50% for testing
Liu et al 15-scene Intermediate layer feature ACC
' "| of ResNet model, softmax  15-scene:
(Shaopeng | MIT67, :
10 . . function It uses same 94.04,
Liu, Tian, & | SUN397 . . : )
Xu, 2019) datasets setting given in Tang et al| MIT67:74.63,
’ (Tang et al., 2017a) |SUN39765.46
Robust local metric learnin ACC
: . 15-scene
Chen et al. via least square regressio
15-scene, s 93.5Q
11 | (Wang, Peng regularization It uses same ,
: UCM-21 . : ] UCM-21:
& Lin, 2021) setting as used in (rows:
97.81
6,8,9)
Intermediate layer featureg ACC
Chen etal. | 15scene ad_apl)twe (_Jllscrlmlnatlve 15-scene:
(Wang, Peng| MIT67 metr!c ea_rnlnglt uses sam 96.39
12 i ; setting given in Tang et al| MIT67:88.43
& De Baets, | UCM-21 .
2020) datasets (Tang et al., 2017andfor UCM-21:
UCM-21: 80% for training 99.14
and 20% testing.
Table2.2: Summaryof the datasets used in related methods
Rows Indoor/ | No. of | No. of .S"Ze of . No. of
Database namg . images image per
No. Outdoor| classes images .
(pixels) category
1 | SUNS97Xiao | gy, | 397 | 130519 Different | 1nq 1 2361
et al., 2010) size
MIT67 Different
2 (Quattoni & Indoor 67 15620 size At least 100
Torralba, 2009)
8-categories
3 Olva& 1 oor] 8 | 2688 | SV @ | 20210410
Torralba, Lo
2001b)
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15scene different
4 | (Lazebnik et al.; Both 15 4486 size 200 to 400
2006)
stage dataset . Different
5 (Nedovic et al.,| Both 12 About lefgrent no. of
2000 size .
2010) images
UCM-21 (Yang Remote
6 & Newsam, 21 | 21200 | SV ¢ 100
2010) scene CuLUQ
3 geometric .
. Different
4 cIas_see{Derek Outdoor 3 300 lef_erent 0. of
Hoiem et al., size .
2007) images
Hand written
s etace
8 : ' - 10 70000 28x28 no. of
Corinna Cortes images
& Burges, g
2010)

Some approaches of scene recognition are based on Bag of Words (BoW) model
(Lazebnik et al., 2006k.g., J. Sanchez et §anchez et al., 2018)se dense scale

invariant feature transform (SIFT) features in the Fisher Kernel (fak)dwork as an

N/

alternative patch encoding technique and it achi pnable accuracy of 47.2% by
using 50% training samples of SUB97 dataset(Xiao et al.,2010) The SUN397
contains 397 scene categories with 130519 images in(ttlil is given in Table

2.2). Similarly, Zafar et al(Zafar, Ashraf, Ali, Ahmed, Jabbar, & Chatzichristofis,
2018) proposed a new model based on BoW by computing an orthogonal vectors
histogam (OVH) for triplets of identical visual words. The histogrémsed
representation is computed by using magnitude of these orthogonal vectors. This
model is based on the geometric relationships among visual words and computation
complexity of thesepprachincreases exponentially with increasing in the size of

codebool(Ali et al., 2018; Zafar, Ashraf, Ali, Ahmed, Jabbar, Quigshal., 2018)

It achieves 87.07% recognition accuracy orsténe categori€kazebnik et al., 2006)
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using 100 images for training and remaining for testihglso utilized the UME21
dataset(Yang & Newsam, 2010as well and achiexk100% recognition accuracy
when the 20% imagewere used for testingUMC-21 is remote sensing categories
datase{summary is given in Table 2.2\nother recent approachybrid geometric
spatial image representation (HGSIR) metfldet al., 2018)achieves the maximum
recognition accuracy of 90.41%n 15scene image datasefhe above methods
classify images in different categorissich as coast, beach, mountainchn,
bedroom, and office, etelowever, the number of scene categories is very large. E.g.,
the SUN datas€KXiao et al.,2010)has397scene ategoriesOn the other hand, UMC

21 is not suitable for recognizing the Wwbm 3D scene geometri¢stages)

Nedovic et al(Nedovic et al., 2010¢lassified scenes into twehstagesi.e., sky-
backgrouneground,ground andbackgroundground etc Nedovic et al(Nedovic et
al., 2010)extract featres setincluding parameters of Weibull distribution (four
features)color (five features), and Perspective line (eight) featfr@a ¢ ¢ patches
of an image for geometry classificatiarhis algorithm uses multlassSVM for stage
recognition and ddeves 38.% recognition rate on their proposadstagedataset
which containg@bout2000 imagegsummary is given in Table 2.2)ou et al(Lou et
al., 2015)utilized templatebased segmentation aedtract HOG(Dalal & Triggs,
2005) (nine features)color features(HSV and RGB, 6 features), parameters of
Weibull distribution (J-M. Geusebroek & Smeulders, 2008) features) dr each
image patch and introducadgraphical technique to learnianage presentation from
features to scene classésconsequencgé.ou et al.(Lou et al., 2015achieves 47.30
% accuracyof stage recognitioon 50% testing imagdsy utilizing thestagedataset

(Nedovic et al., 2010However, this method is complex and generates more than 100
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segments for each template and finding the best fitting segment over component of a

template igequired extra computation

CNNs have recently revolutionized computer wisiand demonstrate substantial
outputachievedn many applications, such as classification of image sq@gehou

et al., 2018)texture recognition, anddel applicationdMei Wang & Deng, 2018)
background of CNNs given inSubsectior2.2 The popular CNNsrahitectures, such

as GooglLeNefSzegedy et al., 2015resNei(He et al., 2016)AlexNet(Krizhevsky

et al., 2017) and VGG16 (Simonyan & Zisserman, 201%re required the large
amount of labelled data for training procéssDeng et al., 2009)ith aspecifiednput
size andachieve a high rate of accuradye classification performance of CNN based
methods depersbn an input dataset. Recent studiesch agPatalas & Halikowski,
2019)having claimed that replacing the trainable classifier (conv. Softmax function)
of a deep CNN model witBVM canenhancehe recognition performance and 99.04
% accuracy on hand written dataset is achi€Yeohn LeCun et al., 2010The CNN
base& methods require a large labéldataset for a particular issue which is one of the
CNN main challengesAnd CNN architecture suffers from the overfitting problem
when small or mediurscale dasets are utilized and this problem is existing @ith

geometry recognition as well.

Some researchers utilize the intermediate and FC layers features for scene recognition.
The standard CNN methods only take semantic information by activation of the FC
layer, which argobust andhow good performance s€ene recognitiorHowever, it

loses the object description details during the multiple convolutional and pooling
operationsvhen the small or medium dataset is u&thopeng Liu et al., 2019; Tang

et al., 2017a)To address this issue, Tang et(alang et al., 2017aptroduced G
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MS2F model which investigates thetermediate layers featured GooglLeNet
(Szegedy et al., 2015nodel for scene recognitioiThe inception modules in
GoogLeNet contribute to limiting thsize of parameters and the difficulty of the
model. These modules are divided into three sections aree thljective functions
(classifiers)are included aér every threeniception modules to sa the problems of
overfitting (detail is given irsubsection 2.2)2Theoutput features of each of the parts
are fed to a classifier and predicted scavbgch are fused by using produnile for
final decision. It achieve82.90% recognition accuracy drb-scene image dataset
using standard setting (100 images for training mdaining fortesting see Table
2.2). Author also appliedhis methodon MIT67 (Quattoni & Torralba, 2009)and
SUN397 dataset and it achied&9.63% andb4.06%, respectivelyMIT67 is indoor

67 categories dataset which contains 15620 images irfdatamary is given in Table
2.2). As ResNet model obtained higher performance than GooglLeNet r(smel
Subsection 2.3), Liu et al.(Shaopeng Liet al., 2019)yproposed a novel ResNet
based model by utilizing multayer features and taking advantagetafsefeatures
and fused them for scene classification by softfiugction (FTOTLM). Multi-layer
features denote the intermediate layer featofeSNN model.Liu et al. (Shaopeng
Liu et al., 2019use the prdrained 18layer ResNet contains 8 resididdcks. Each

of the blockscan be used for feature extraction while it is not wise to extract features
from each block because ig similar to the adjacent block and it increases the
redundancy and complexity of the model. Therefore, Liu €Silaopeng Liu et al.,
2019)use 5 residual blocks to extract features. It increases the dimensionality which
is reduced ¥ using GAR This model obtains 94.04% recognition accuracy on 15
scene dataseAlso it achieves 74.63% and 65.46% accuracy on MIT67SuE397

datasets, respectivelZhen et al(Wang et al., 2021)introduced a novel method,
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callediirobust local metric learning via least squagression regularizatiofRLML -
LSR), to learn a more advance distance metric for scene categorizatiomethad
achieves 98.33%, 97.81%, and 93.50% recognition accuracy or21C8categories
sportsimage dataset, antb-scene datasgt respectivelyChen et al(Wang et al.,
2020 also proposed deep feature fusion method, calfekep feature fusion through
adaptive discriminative metric learningDFFADML)0, to determine the
complementary and consistent information for scene recognitianhieves 96.39%
88.43%, 99.14%seene recognition accuracy on -$6ene MIT67, and UCM21
datased, respectively These methods solved the scene recognition problem by

adapting the intermedatayerfeatures.

In conclusion, the above datasets, sudkeesegoriesMIT67, UCM-21, andSUN397

are very large or only contain indoor or outdsoene images. In addition, thatasets

are not annotated on the base of image scene geometry structure, therefore, these
datasets are not sufficient for 3D scene recognition probléowever, 15scere
datasets can be used to test the 3D scene recognition model as this dataset categories
are likely to the stages, but the dataset contains 4485 images in total which are not
enough to efficiently train a deep CNN mod€he Nedovic et al(Nedovic et al.,
2010)and Lou et al.(Lou et al., 2015usethe 3D scene geometry datagstage
datasetseeTable 2.2) but this dataset is not plically available

2.4 Problem Definition

In this thesisthe 3D scene recognition problenom a single imagés considered,

which is important fomanyapplications otomputer vision, such as robot navigation
system,3D TV, sceneunderstandingThe problem of 3D scene recognition can be

described irthreefollowing parts
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1) The recenapproachesf 3D scene recognitiorfl.ou et al., 2015; Nedovic et al.,
2010) wereappliedon the limited imagesabout2000 images), which did nceach
the significant level of 3D sceneecognitionas resultswhich wereshown in
literature study And their classification performance am®t enough to well
distinguishing the scene images with complex struclthiereforejt needs a deep
investigation of 3D scene recognition and requires a novel appreddbh should
achieve sufficient performanoé 3D scene recognitioior medium scale datasets

2) The recent studiesf scene recognitioare based on deep CNNyhich achieve
significantly highperformance on large image datasets as compared to traditional
approaches. blvever, particular 3D scemgometry recognition using CNN is not
well investigated.Meanwhile, the CNN based methods require a large labeled
dataset for a particulacene classitation problemyvhich is one of the CNN main
challengesThedatasets of 3D scene geonyedre not publically avaalble and it is
big obstacle tcevaluate thenew ideaof 3D scene recognitionTherefore, it is
required to introduce a new 3D scene geometry datakath should be suitable
for learn the recenhachine learning algorithms, such as deep CNN

3) Some researchers utilize the intermediate layer featafe€NN for scene
classification wen the medium scale datasets are availeldeever,ntermediate
layer and higher layer features still shtve weak performance becaustlosing
the scene shape, color, texture informatiemd scene to object relationskipen
the images arpassing from multiple convolutional and pooling operatitimseeds
more attention tonvestigate theomplementary and consistent feature3&cene

recognition at intermediate layers

The aboe problems are investigated and $iolus are proposedh Chaptes 3-5,

respectively
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Chapter 3

3D SCENE RECOGNITION USING SEGMENTATION -

BASED FEATURE EXTRACTION METHOD

In this chapterwe introducea novelsegmentatiofbased feature extraction methafd

3D scene recognitiorLiterature study(Lou et al., 20155hows that the predefd
templates are rough 3D scene geometries, which can be used for segment the input
image for feature extractias it is discussed in Subsection 2.1n8pired by this idea,

we propose novel method of segmentatibased feature extractidhat utilizes the
predefined templates and thesemble of classifie(see detail in Subsection 2.1.5.3)

Each template representsnique rough structurand provides different segments.
Features are extracted by following these temgated segments and thied into
individual classifierThen classifiers outcormae combined using sum ruleou et al.

(Lou et al., 2015use Carrira and Sminchinses@@arreira & Sminchisescu, 2012)
segmentation methodis described in Subsection 2.1However, this technique
generates hudreds of segments for eastputimageand to select the segment that

has largest overlaf-union score is an expensive task as it requires to compare each
template component to each segmentontrary, the active contours algorittfi@han

& Vese, 2001xan be used for templabased segmentatipwhich can generate one
segment for one templat®@mponentthe description of active camirs algorithm is

given in Subgction 2.1.3 Next, theSegmentatiofbased feature extractianethod

uses ensemble of classifiers because of each template has unique structure and
template generatekfferent segnents for feature extraction. Thereforesitagical to
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use an individual classifier for each template.

The design of the methad given in Section 3.1lts implementationtesting,and
experimental results are given in Section. 8@mmaryof this method is given in

Section 3.3
3.1 Design ofSegmentationBased Feature Extraction Method

In this section, the segmentatibasedfeature extraction method defined by
Algorithm 3.1andillustrated byFigure 3.1.For more understanding, we include the
Matlab cods in Appendices corresponding to eamain function of this algorithm.
Compared to Algorithm 2.1, thalgorithm 3.1 contributes segmentation process,
ensemble of classifiers, which are associated with T number of tes@ate the
combination of scosof T classifiersTheAlgorithm 3.1takes TtemplatesN training
imagesg t ot al n u mnéraining labels, amd \gtessng labelsS classes

as inputs andjeneratesaccuracy (Acc), precisiofPr), recall (Re), and-Bcore for
testing imagesThemethod consisting of three main steps fordBesceneecognition

of an imageby exploiting templatebased segmentation and feature extraction, the
training and testing of an ensemble of classifiers, and the fusion of the ensemble of
classifiers. Step the templatebased segmentation and feature extraction procedures
are discussed isubsection 3.1.1lines 16 of Algorithm 3.1). Step 2: classifier
training and the testing of the ensemble of classifiers are descriBetsection 3.1.2

(lines 7#17). Ste 3: the fusion of the ensemble of classifiers are explained in
Subsection 3.1.@ines 18-21).

3.1.1 Template-Based Segmentation and Feature Extraction Procedures

In this step of the 3D scene recognition method, each image is parsed to predefined

templates Tas shown in Figure 3.Each templatgenerates a different set of
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Algorithm 3.1 Method of 3D Scene Recognitiaising segmentation based

features extraction

Input: T templatesN training imagesK total number of image§classesyn

training labelsywm testing labels

Output: Acc, Pr, Re, Fscore

/I Templaté based segmentation and features extraction

1:for j = 1doeé //for each image

2. fort=1:Tdo

3 YQQ YQA R amxdiRQ Q6 Q& odd Kaccbrding to
Algorithm 2

4: B ="0Q0O0 MWD O Y WOY/ feature vector for image, tis
a certain template

5: end for

6: end for

/l Training & testing
7: for t=1:T do

8: ® & /I N is a number of training samples.

9: end for

10: fort=1:Tdo

11: Yi 0QH D 60 & hilwhered is used to traittth classifier
12: end for

/I Testing (prediction)

13: forj = N+ 1do /Bloop onM testimages

14: for t=1:T do /lloop on classifiers
150 0 6 i "'YRWHAN /0 is Sdimensional score vectc
for an imagd;.

16: end for //t

17:  end for/l]

/I Classifiers combination

18: forj =N+ 1do &/ M testimages

19: lj= Sum_rule © 1_,), fusion of T scores

20:  end for/lj

/[Performance measures

21: [ Acc, Pr, Re, Fscore]=Calculate_Measur@ Yw). // Yu is a true
labels

end Algorithm

segments and returning segments are used to extract the featurstegis ase given
on lines 16 in Algorithm 3.1. Line 3Jderives segment§Y @ , from an imageOby
using templatedhd  pkt B3 BON Line 4, the features are extracted froNi@ , and
are assigned to a vectar . The detail oftemplatebased segmentation procedure is

explained in Section 3.1.1.4nd the éature extraction procedure described in
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Section 3.1.1.2.

Predefined Templ Template-based segi Feature vector Storage Training/Testing process

Training
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Figure3.1:3D scene recognitionsingsegmentatiofbased features extractiorhe
predefined templatese followingby Figure2.8 @)-(h)). Seg is segmentation; }
feature vector for each templdteCL; is ¢th classifier. Suntule indicates summation
of score of different classifiers.

o
]
UOHIRING
ainyea |

3.1.1.1Template-Based Segmentation Procedure Description

The templatebasedsegmentation is describég 0 0 "QE@ &phavingtwo inputs:

one is a template and second is an imd&yand it generates a templdtased
segmentation,YQM Al gor it hm 3. 2, l ine 1 shows the
an input template, TS. Next, each component) " i, is used as an initial contour

in the active contours algorithm (description is given in Subsection 20liSp 2D
arraywith a value 6zero orsk Lines 6 and 7 check whether the elemerska$ equal

to the element oT AR Then it assignsi(AQ Next, lines 11 and 12 measure the
center of the template component and these center values are used to find the minimum
distance of th@ixels'O@Qto segments; if they are not assigned to any segments then
that pixel will be assigned to the nedresgment. After that, on line 13, the active
contours algorithm is used to generatesegmentMNpf eachsk component of the

templateMN; i s a 2D mat r i X]wbereroneshowssthattpired v al ue
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Algorithm 3.2 Templatebased segmentation

Input: TS(H,W) template, I1(H,W) image

Output: Seg(H,W) segmentathage of size |

Initializaton: Seg( H, W) =0, M(H, W) =0 wher

1 s=number of components(TS);//defines number of components i
template TS

2: for sk=1 to sdo,

3: 1 T ; /['loop on TS components

4. for i=1to Hdo //loop on rows

5: for j=1to Wdo /Nloop on columns

6: Yy i "Qthen /icheck that

7 ) i Q /lif yes, store it if)

8: end if

9: end for// |

10: end for // i
/I find the x and y coordinate of the centre point of théhskomponent of TS

11: 6i @ i ETQ i1 A® i Qr1¢
12: 61 ® i ETO i1 A® i Qrc
13: 0 WO REQ O EM I

14. for i=1to H do /lloop on rows

15: for j=1 to Wdo /lloop on columns

16: 1 ) pOCdY® 1 then //0 @ p indicates part of the
segment, O otherwise.

17: Y@ i Q

18: end if

19: end for //

20: end for // i

21: end for // sk
22: for i=1 to Hdo,
23: for j=1 to Wdo,

24 if (Y@ 1t then  //if pixel is not a part of any segment

25: ® "QOH MO DEBO'QE EiQD I Ao

/Il finds nearest segment, ¢, using Euclidean distance to out of s componen
26: Y@ Q /lc has value belonging to s.

27: end if

28: end for //endl
29: endfor//end]
30:Return Seg// return the templatbased segmentation

I("fiQ belongs to that certain segment. Thus, each compdffesk= 1, s2is
used as an initial contour and generates a segiiipitan imagd. In the next step
(at line 16 17), if outputM Nj@Qis equal to one anB8g'@Qis equal to zero then the

sk value will be assigned 89 @® Thus, the set of generateggments composed in
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Sgare equal to the number of components of a template. For example, in the second
row of Figure 3.2, the t-batkpoumdge olnas 6t And
it generates three segments: upfet, middle,S¢f, and bottonSg. Each pixel of the

image is assigned to one of the segments. Note that d {#pthat is not part of any

segment is added to the segm®gt, by using the center of componer®gk,1) and

C(sk,2)), which has minimal Euclidean distance (@, (see lines 2425 of Algorithm

2). The Matlab code of templabmsed segmentation procedure is shown in Appendix

F.Line 25 illustrates the Euclidean distance function and returns the segment;index

later, it is assignetb the norsegmented pixeof imagel('@® The main purpose of

this task is to fill the small holes among segments and generate proper segments for

feature extractions.

Input Image Predefined Templates Segments

S -

Figure 3.2 Exampleof templatebased segmentatioBach image with siz® ®
is given to theAlgorithm 3.2, with template,TS, which returns same size of
segmented image as shown in the last column

3.1.1.2Segmentationbased Features ExtractiorProcedure

As in Figure 3.1, the next step after segmentation is feature extréskiymmithm 3.1,
line 4). The procedurel0Q & 6 AIGDiT &, caké@segmented image!'Q "Qand
RGB image;Qwas input ad returrs the feature vectory 8n this procedure, the input

"Y®@ , is divided intgs s @id patchesd j HQRQ plghedh-, such that
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O0fp @ YQQ@ p O™ @ p U= &,E p8- & p8. ke
(3.1)

whereb & — Riee @ FfsOH and W are height and width Bf @ . If all elements

of a patch have the same segment numbegthen the patctbelongs to the
segmentYQ ' "Q The t indicates template and j indicates an input im&ge.
example, Figure 3.shows that an image j is parsed by a template t and generates two
segmentssky (Y@ (1)) and ground™fY'@ (2)). Next, thepatches are divided into
groups by following these segments. Generadlypatchmay overlap to several
segmentsin this scenario, it will be assigned to the segmeoitig that has the largest
overlapto-union scoreThe corresponding function in Matlab is given in Appendix G.
After that, the image features, F, that are explainésuingction 2.1.4 are extracted

for each image patch. From these features, the paramésitaull distribution (4
features)see Subseion 2.1.4.1) mean of the colarorrecteccodficient of RGBand

HSV (6 featuresjsee Subsection 2.1.4,20G (9 featuregsee Subsection 2.1.4,3)

and LBRE (6 features)see Subsection 2.1.4.d)e normalized (in range [0, 1]) and
then concatenatedhe after the other to obtairsmgle vectorThe Matlab functiorof
features extraction anfgaturescombinationis shown in Appendix HNext, these
feature vectors are fused into a single veaiorfor each skh segmentas shown in
Figure 3.3Then feature vectors for all the segments are combined into a single feature

vectord and stored into 6tempof.orT htuestnp beeaticeh

i ma®e héas samesl&ngth of
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Figure3.3: Proceduref feature extractiofrom each templatbased segmentsa
featurecombination

Seg(2)

3.1.2 Classifiers Training and Testing for 3D Scend&ecognition
Following Figure 3.1, the features vector from templates are ready to use in training

set of classifiers. Suppose that we have training datétbell records, & o , where
@ is a feature vector of imadgfor the template t anyfji W={w,& ,w} is theith
categoryl a b e | ; dermtesgheategaryd s k y B k §GofriB 8YAS is number

of categorie® piB Y is a templaté¢see Algorithm 3.1, line-12). Then, the N

labeled feature vector can be represented by modif@iig),

® W ho 0 play (32
Therefore, we have thigd o B & } set of labeled feature vectors furtraining
samples. Eacld has a different order of feature concatenation and, for this reason,
they are used as inputs to an individual classif€k(®), to train a model
TrainedCl, t=1, 2, €T, Therefore, the method generafedrained models foilN-
labeled data. As each template indicates a different pattern and features are extracted
by following that pattern, the feature set of the testing data of each template is
evaluated by using a corresponding trained model. Suppose that the feature vectors of
the M testing samples aréd hd M hd  for templatet, and are used as inputs to
the TrainedCl: model, which predicts a score vegtor , for thej-th image.d is an

67



S dimensional vector, wher8 is a number of classe$he Matlab code of training
classifier is shown in Appendix I. As classifiers are described in Subsections-2.1.5.2
3, the training images are used as input and it needs to set the classifiers kernel type,
more detail is described in the comments of thdeceee Appendix.ISimilarly, for

testing images, these classifiers return score matrix with sige ofY where M is
number of testing images, aBds number of classes.

3.1.3Fusion of the Ensemble of Classifiers and Performance Measures

This is the last sp of the3D scene recognition methodherein the outputs of the
ensemble of classifiers are fused together to obtain a class label. In Alg8rithm

lines 18 20 describe thelecision of score combinatiamsing surrrule (the score
combination and sumule is described in Subsection 2.1)5Bach classifier provides

an individual score vector) , for each samplg, wher e . Sem rdle 2, €,
combineg2.20)the score vectors df classifiers and generates a class lathal

andj indicates an input sample. Thus, for testing data with aNjzié predictst h
labels.The Matlab code of score combination is given in Appeddginally, line 21

of Algorithm 3.1 calculates thé&cc, Pr, ReandF-scoreof the input testing data using
equations 2.24-2.30). The metric calculation using Matlab function is given in
AppendixK. This coderequirespredicted labels of M images, and ground truth labels

of the M images and returns the performance metric.

3.2Implementation, Testing of Segmentatiorbased Feature

Extraction Method, and Experimentson Stage and 155cene [tasets
In this section, implementation detaitesting of the methodlescription ofdatasets
(includingstage dtaset and5-scene datasésummary is given iffable 2.2), results
of (our) segmentatiofbasedfeature extractiomethod and stateof-the-art methods

arediscussedn Subsection 3.2.14.
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3.2.1Implementation Details

We conducted experiments with thegmentatiofibased feature extractionethod to
assess its effectiveness and performance on two different datasets. For both datasets,
we followed the same sequence of steliscussed in 3.19 generate the features and
their classification process. Toauatethis method, eight numbers of predefined
templatesT = 8) are used in the experiments. Each template indicates particular image
scene geometries as its association with scene geometries, wsiwisin Figure

34. For indoor images, we welaspired by the work ofLee, Badrinarayanan,
Malisiewicz, & Rabinovich, 2017Wwhere they defined a keypoibased room layout

that actually determines the indoor room shape. We use it as predefined template to
improve the recognition rate of bindoor scene images. Thus, we add two predefined
templates, which roughly show the scenes of corner images, as shéigara?2.8 ¢,

h). The3D scene recognition using segmentati@sed feature extraction methisd
implemented in MATLAB2019a without using any parallel procesdimgctionality.

The MATLAB codeis available inrSupplementary Materigkhan et al., 2020aand

main functions are also given in Appendiessdiscussed inbave Section 3.1The

SVM classifier is used to train and tesir method. In MATLAB-2019a, it is available

as a functionfitcecoc (.) description is givenn Subsectior2.1.5.1 (see Appendix

). The kernel functions set to the linear, Gaussian or polynomial (Quadratic: with
degree 2), selected kernel for eamtperiment are reported in tablekhe cross

validation isset to ®-fold on the training dataset. We run it on a portable computer

with Intel CoreE i5 CPU (M460), 2.53 GHz,
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Figure3.4: Associationof predefined templatesith stagesStage models [@ scene)
are definedn (Khan et al., 2020).

Stages

Predefined
‘Templates

Beforeusing he designedethodon the images. We have tested our system to be sure
that it is correctly workd For this purpose, we have done testing of the segmentation
basedeature extraction method which is given in Subsection 3TA& evaluation of
method on two different datasets is divided into t8absectios. Subsection
3.23 describes the performancesgfgmentatiofibased feature extractionethod and
thebaselinanethods on imageatiaset 1 (stag#ataset)Subsectior8.24 describeghe
proposed met hodds p edsdene dataget) ane theperfolbhanicea s e t
of the baseline methods tHaveused Dataset 2.

3.2.2 Testing of Segmentatiorbased Feature Extraction Method

In this Sub®ction, we testedegmentatiofbased featurextractionmethod discussed

in Section 3.1The method is implemented in the Matlahd code is/erified it in
following steps The left side is indicating the expected value fromstbgmentation
based feature extraction metho®ight side is indicating the output of the
segmentatiofbased feature extractianethod for a single input imagelorizontal

lines differentiate the different steps.
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Manually calculation and settings ~ Output of Segmentationbased feature
extraction Method

Stepl:Input RGB image

Input RGB image: Size 256x25G3

pixels

Image referencéB. Zhou et al., 2018)
Step2: parameters settings Output: Parameters verification
Parameters verification: We stbte F.M =4; S

F:
struct with fields:

following parameters: 4x4 gri

Fl M: a

patches. HOG parameteBins=9, E N: 4
Bin: 9

normalization =L>-norm, angle= rf_ax_an;z; 1eo

Fl _ e: _0.010(1_"
180 degrees, constant = 0.01. F.overlaover=2: 3% ent
Step 3: Templatebased Output: Templaté based segmentation o
segmentation input image. Output segmented igeahas

We apply templates (see Figure 2 same size of input image and it has t
and check that it is workini segments (Segl, Seg2) correspondinguric
properly. E.g. applying template (i input template.

from Figure 2.8 with its two

components. “

Step 4: Patchsize calculation Output: Patch size calculatias shown here
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Input image size is 256x2%8 Anditis also shown that it belongs to Seg
pixels. Then each patch size

256x2564= 64X64x3 piXels and . ceew:s o cocien wnion scomene pare oo

or_segment (patch,F))

patch: 64x64x3 uintg array

e.g.,first patch is belonging to to

or_segment (patch,F)):
end
segment number]= patch_isinside( X, ¥Y,Img

. [
left corner, so it should be belong: :=&===EEE=—)

SEgment| segment_number: 1x1 double =
end
1f(seg’mencJ -
tZ= Cavt(l, €2, TEJTUrE_10

to segment {Seg 1)

Segmeh number =1, which indicates thiat

belongto Segl.

Step 5: Features etraction Output: Method obtains 25 features for ea
Each patch should has following : patchand it generate400features for whole
features: HOG: 9 features, Color: image, see in screenshots below.

features, Weibull distribution: . Eachpatch features: 28eatures(data type:

features, LBFE: 6 features. And ful double)

W— [l (U (V) S

image should have, 4x4x25= 4(

binary f Entropy= local bin:

features= cat(l, R, G, B, H,
features.

features: 25x1 double =
£ owe .4565
.5725
.6811
.5B0& '
. 3296
. 9548
. 8004
. 3144

=wei

=

o
10

L R e Y Y i T I i O e T o

Lz

Whole image features: 400 featur

(datatype: double)
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Q M= feature_ extraction(g

- fen M: 400x1 double =
- end .4565
.5725 L
.6811 ne p
.5806
.3296
.9548 .
.8004 (2,3
.3144 eclu
.4791 ir3)
1621
.3835 —
.0057
.0111

functiog ama
%% merg
= [ ask)

= fo

imand Window

O 0O 00 0O 0000 OO0 o0 O

]

Step 6:As each template of Figur Output: Templates, t=1,2,8,are shown ir
2.8 is generating 400 feature vect screenshot with their featr vectors.
We have 8 different feature vectc However, size of each templabased
in total. Each image has particul features vector is 1x401 dimension dou
category. So, we keep the categ¢ array in which 400 indicates total features
information for each templat&he the image and one extra element of arra

total size of a feature vectc indicating the category type of the image.

=1 ”I_".'FUILIET LWL dITl FIILY 1EY.
becomes 401. ] name ‘00000001 (2)'
£| pngFiles 1000x1 struct
jul 1ed11 double
t2 1401 double
t3 1x401 double
t4 1ed(1 double
ts 1ed(1 double
5] 1401 double
t7 1x401 double
t8 1x401 double
Tempi 258x256x3 uint8

Step 7:Training and testing of machine learning algorithm. As we test our me
on a single image, thus, training and testing part are not feasible, although '
our method that it is properly work for training and testprgcesswhen two

medium size ofhie datasets are applied. Next, the sutais also tested on the
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prediction scoreas theperformances shown in th&able 3.2(last four rows)

3.2.3Dataset 1 Stage Dataset

As the stage dataset is not publically availaBl@ew stage dataset onstructed by
combining the different datasets. Tiew stage dataset contains 12@8ges in total.

It consists of 300 i mages|(D.fHoienm Eftos<;& o me t r |
Hebert, 2005)481 imagestbm O Putti ng Obj ect(B.HoiemetPer spe
al., 2006) 205 indoor images from the data@ieedau, Hoiem, & Forsyth, 200932

image s f r o-swisedaPé « @ | i ma g ®hn, Greminiai,s&eMinka, 2005)

and 88 i mages f r omnddegizet iyypicma giels.WWelvaeeb si t e
annotatedhem manually into thevelve 3D scene geometrjaghich are used to test

the proposed method, follow@dedovic et al., 2010These geometries are explained

in Subsectior2.1.2.

3.2.3.1Experiments and Results for Stage Dataset

In first experiment, the different features of existing meth@esisting methods are
summarized in Subsection 2.3, Table Zafextracted fothe stage dataset and their
accuracy (see equation23)) are calculated for linear, Gaussian, and quadratic SVM
kernels.The SVMkernels can be easily selected from Matlab code (see Appendix I).
Each image is divided by 1 patches andeatures, namelidAOG (Dalal & Triggs,

2005) HSV, RGB, LBRE, Weibull distribution (W)(J-M. Geusebroek & Smeulders,

2005) At mospher i ¢(Nedsviceet al.,i2010are (extrAciedl from each

image patchThese features are described ubSectios 2.1.4.24. To measure the

texture information, the five feature LBP per patch is calculateahd then thar

entropyE value is measured (six featurelf)is because we are measuring the stage

information where the small objects are ignofidte small number of feature per patch
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providesmore generic information Therefore, we set it to 5 in our experimgent

Nedovic et al(Nedovic et al., 2010yse @« mo s p her i ¢ caensidstotmeang ( 6 A
and variance of saturation compongftfeatures)and color coefficient of RGB
estimated by grey world algorithrWeijer et al., 2007)3 features per patch)
(saturation and RGB correction coefficient are described in Subsection 2.1V4.2)

also applied the GigOliva & Torralba, 2001bdn stage dataset to compare the feature
effectiveness. Gist features implementation is publically givé@kta & Torralba,

2001a)

The dataset is divided into two parts: half for training and half for testing. The Table
3.1 shows the accuradgee equation (2.249f each featureype. We combine the
features into one set and perform different experiments. The best combination of
different features and their accuracy are shown in TableTB4 feature seb

00 WD YhY "Ofib ) 6 40 having length of 400 features for each image yields
69.50% accuracy, while by adding the Gesttures (Oliva & Torralba, 2001byvith

32 features per image patch obtains 69.58% accuvhey the SVM with quadratic

kernel is usedThe improvement by adding Gifaturesis very limited. And it
increases the length into 912 features per image. Therefore, we ignore the Gist features.

The feature sai is optimal and can be used to learn the stages efficiently.

The second experiment is evaluated for measuring the effectiverssgnoéntation

based feature extractianethod using eight numbers of templates. Each template
based feature vector is individually fed to SVM classifier with the quadratic kernel to
predict the class label for an input image and their average accuracy for each template

is reported in Tabl8.2.
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Table 3.1 Accuracyof stage recognitiofor dataset Lising different features.

No. of Average accuracy of Stage
; c;. 0 y recognition (%)
?ri;éis Feature name and theifffdirent sets SVM SVM SVM
Linear Quad. Gaussian
64 Weibul Dist. (W) 49.70 53.71 51.24
80 Atm. Scattering (A) 48.61 50.88 50.60
144 HOG 58.88 62.28 59.60
48 HSV 48.61 54.31 52.87
96 LBP-E 56.52 58.63 57.61
512 Gist 61.61 63.71 61.01
144 W+A 55.89 60.19 58.20
208 W+HOG 60.14 65.10 61.54
304 HOG+RGB+ HSV+W 62.73 66.72 64.43
336 HOG+HSV+ RGB +LBPE 64.42 68.51 65.82
400 HOG+HSV+ RGB+W+LBPE 65.01 69.50 66.43
912 HOG+HSV+ RGB+W+LBPRPE+Gist 65.60 69.58 65.34

Raw data is given in Appendix S.

The Table3.2 also shows the influence of different feature set with different number
of templates where the@rssociated classifiers outcormee combined by usingum

rule (it is defined in Subsection 2.1.5¢c®de isshown in Appendix)J For the features

set HOG+HSV+ RGB+W used in Lou et a(Lou et al., 2015nethod are also tested
onourmethod by using =6 templates without including indoeobrnertemplates and
with including corner templates T=8). The average accuracy of stage recognition
approaches to 77.49% bisingT=6 templates and it approaches 79.48% by using T=8
number of templates. Theegmentatiofbased feature extractiamethod with full
feature setOG+HSV+RGB+W+LBPRE) and withT=6 templates achieves 80.40%

accuracy of stage recognition. In addititime segmentatiofibased feature extraction
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method by usingd =8 templates yields 82.50% accuracy. Thus, using full feature set
(HOG+HSV+RGB+W+LBPRE) and T=8 templates allowoutperforming by 5.01%
accuracy of stage recognition. The confusion matrix for stigaset is shown in
Figure3.5(code is shown in Appendix)KThe diagonal values show the precidiamn

each class. It shows low performance in indoor categories, sumxasorner, and
DiagBkgRL This is due to less number of images for training and the larger variability
of scene shape, amount of occlusions and diversity of objects present in these
categories. E.g., some images aafrner categories are confused with the similar

category such aBox

Accuracy: 82.50%

100

skyBkgGnd 39 03 61 00 00 14 06 03 14 03
skyGnd

bkgGnd | 14

00 00 00 00 00 00 00 00 00 90

74 19 51 144 00 19 14 14 80

0.0

0.0

ground | 00 00 00 00 00 00 00 00 00 17 70

sidewalRL | 83 00 83 00 83

60

Box| 00 00 00 00
50

Output Class

diagBKgRL | 00 00 00 00
140
groundDiagBkgRL | 00 00 00 00

Corner | 0.0 00 51 04 130

TablePersonBkg | 00 00 00 19 {20

PersonBkg | 00 00 00 00

noDepth| 0.0 00 00 00

606 O\\b @i‘b &;} ‘§y Q)oﬂ" @_\/

NG NINC &0 0 &9
§;€ F @,44\ "? -@? © é%o @%0 3
g& N b'\‘b- Q\ 8 Q

S
& S
2
Target Class

Figure 3.5 The confusiommatrix d segmentatiofbbased feature
extractionmethodfor dataset 1Raw dataset is shown in Appendix T.
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Table 3.2 Accuracy of stage recognitiorfor dataset lusing segmentatiosbased
feature extractiomethod

feNacL)t'u?(fes Methods Template(s) A;(i;;?scz, /S)f
() 68.59
(b) 68.17
(©) 66.25
400 HOG+HSV+RGB+W+LBPE @ ori1
(e) 66.58
() 69.50
(@) 68.59
(h) 69.01
304 HOG+HSV+ RGB+W (ar(e) 77.49
304 HOG+HSV+ RGB+W (@x(h) 79.48
400 HOG+HSV+RGB+W+LBPE (ar(e) 80.40
400 HOG+HSV+RGB+W+LBPE (ar(h) 82.50

Raw data is shown in Appendices S and T.

3.2.3.2Comparison With State-of-the-Art Methods

The stateof-the-art method¢Derek Hoiem et al., 2007; Nedovic et al., 2010; Oliva &
Torralba, 2001b; Sanchez et al., 20a@summarized in Table 2.1 aagplied on the
our Jatesey & Wedfollow the Nedovic et a(Nedovic et al., 2010approach,
where eachmage is divided intomonoverlapped 4x4 local regionpdtches Then,
the following methods are used to extract their features, namelye@isteqOliva

& Torralba, 2001h) Nedovic et al(Nedovic et al., 2010)eatures set, antloiem
proposed feature s€D. Hoiem et al., 2005; Derek Hoiem et al., 200&atures.

Features of each existing methak extracted from each image patch grmliped
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into a singlefeaturevector. The Nedoviet al. (Nedovic et al., 2010jntroduced
features set namely, Atmospheric scatte(oigcussed above in 3.2.3.Perspective

line, and parameters of Weibull distribution (describeSubsection2.1.4.1) and these
featuresare extracted from each image patch and concatenate into a single Meetor.
perspective line (ANedovic et al., 2010¥ another featurgypewhere an anisotropic

filter are appliedat four different angles- o Ty g ¢ fpJu 1) Jsee detaikt
(Nedovic et al., 2010)p.1678. Using maximum likelihood estimator (MLE), the
parameters| (hf ) of Weibull distribution(see Subsection 2.1.4.4)e obtained for
each angle (8 features). The source code is givgiaatMark Geusebroek, Arnold W.

M. Smeulders, & Weijer, 2007Next, theHoiem proposedeaturegD. Hoiem et al.,

2005; Derek Hoiem et al., 20Q7Hamely color, éxture, location and shape, and 3D
scene gometry features are computed at each patch. The source code of Geometric
Context features is available(&. Hoiem, A.A. Efros, & Hebert, 2007Jhe Sanchez

et al.(Sanchez et al., 201Bpasd¢ine method is also applied on stage dataset by using
the MATLAB implementation that is given gMensink, 2012) The number of
components for Gaussian Mixture Models (GMM) is set to 64. We run it on Ubuntu
V. 18.04.3 by using same portable computer. After extracting the feature vectors of
these methods, the SVM classifieth linear andjuadratic kernak applied The 50%
images are used for training and 50% for testing of stage recognition perforifiaace.
performance is measured in termsaoturacy AcQ, averageprecision Pr), average

recall Re), and averagE-scoreaccording tdSubsection 2.1.7.

The experiment results of stage recognition are given in TaBlewBere Hoiem
proposed featurg®erek Hoiem et al., 200 Has achieved 64.7% accuracy, and Gist

features(Oliva & Torralba, 2001bpbtains 63.7% recognition accuracy. The next,
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stage recognition accuraoy Nedovic et al(Nedovic et al., 2010nethodreaches to

59.

8 %

combi

art methods is obtained by Sanchez giSanchez et al., 2018)at is reached to 72.40

%.

recognition accuracgf 82.50%, which is outperform the Sanchez ¢Balnchez et al.,

In contrary, thesegmentatiofbased feature extractiomethod achieves the

wi t h

ning O0AO

combi

ni

and

ng

O0PO

6A06 and

features

saf-the

The

2013)by 10.10%. On the other hand, the training and testing time were calculated for

each method. Theegmentatiotbased featte extractiormethodconsumes more time

compare to statef-the-art methods because it uses the ensemble of classifiers but

achieves superior accuracy of stage rettamm

Table 3.3 The Acc, Pr, Re F-Score,training + testing timeof stateof-the-art and
segmentatiotbased feature extractionethodare givenfor stage datasét

| = 8 -8 § % S o ° i -'C-ﬂg —~
| 23 £9 St | 5 2 ° 5 |28
x| 28§ 2% ne | < a x S |gse
= 19 = L =g
1| 512 Tgr'rs;ég'“‘ég(f‘lb) Quad. | 63.71| 69.41| 52.02| 55.09| 16.03
Hoiem et al.
2 | 992 | (Derek Hoiem et | Quad. | 64.70| 66.81| 51.63| 55.74| 76.75
al., 2007)
Nedovic et al.
3 | 208 (Nedovic et al., | Gauss.| 60.29| 58.70| 46.78| 50.17| 13.89
2010)(P+A)
Nedovic et al.
4 | 144 (Nedovicet al., | Gauss.| 59.80| 59.11| 45.85| 49.47| 13.44
2010)(W+A)
Sanchez et al.
5 | 3072 (Sanchezetal.,, | Quad. | 72.40| 73.4 | 59.90| 63.61| 68.45
2013)
Segmentation
6 | 400 based feature | Quad. | 82.50| 85.95| 68.24| 71.60| 320.29
extraction method

Raw data is given iAppendices S and.
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The stage recognition performance of thegmentatiofbased feature extraction
method is also ompared with prdrained famousCNN frameworks, namely
GoogLeNet(Szegedy et al., 2015p00ogLeNet365 (GoogLeNet trained on Places365
databas€B. Zhou et al., 2018) ResNetc0 (He et al., 2016)AlexNet(Krizhevsky et

al., 2017) and VGG16 (Simonyan & Zisserman, 2015)he Matlab code of deep
CNN modelis given AppendixL. We choose ResNéi0 model becawsof the stage
dataset is smatlize dataset anteeper models, such as Reslilel may overfit on it.
The stage dataset is randomly divided into two parts, with 80% osé&chiningand
20% is used fotesting EachCNN modelusesBP algorithm withstochastic gradient
descent for its parameters updafdescribed in Subsection 2121). The training
parameters aréefined as follows: the size of the batsti0, the numberfeepochds
set20, the momentumand learning rate arget t00.9 and 0.0003for each epoch,
respectively All deep CNNs models are trained by using these parameters setting and
their Acc averagePr, averageRe and averagé-scoreare calculated for testing
dataset(see equations (2.230)). Additionally, we reimplemented CNNSVM (Kim,
Kavuri, & Lee, 2013;Patalas & Halikowski, 2019y using ResNeb0 (He et &,
2016) replacing theFC layers with linear SVM classifier. The feature vector of
ResNet50 is normalized before feeding it into the linear SVM classiitede is
shown in Appendix M. Similarly, ELM is a new approach, which shows high
performancdor image chssificationwhen it uses with deep CNiModel(G. Huang

et al., 2015h)detail of ELM isgiven n Subsectior2.1.5.2 Instead of SVM, we apply
CNN-ELM in which the ELMis used for classification of the input stream that can be
obtained by CNN based method by replacing the FC layers with ELM classifier. We
utilize pretrained ResNeb0 (He et al., 2016for feature extraction, and FC layers are

replaced witlELM by setting neurons)  p Tt @@ Tt torot docroT fwret g ot
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Table 3.4 Theperformancef stage recognitiofor dataset 1ITheAcc, avg. precision
(Pr), avg. recall Re), avg.F-score, trainingnd testing time (sec), fusion time (set)
classifiersare given.

O\U
1t 3 o S o = © | §o o
= 2 = - < S |E2|£2 Bk £
S 3 8 o o | 3 | sE| 85| 2" =
x = < & L | = - g
l_
GoogLeNet
1| (Szegedyet | 78.93 | 81.39|72.75 | 74.88| 11518| 46.31] - 11564.31
al., 2015)
GoogLeNet36
2 | 5 (Szegedyet| 82.02 | 79.36| 75.24 | 75.66| 13324| 47.32| - 13371.32
al., 2015)
3 | ResNetO(He | o) 53 | 79 49| 77.22 | 76.14| 30099| 37.07 - 30136.07
et al., 2016)
AlexNet
4 | (Krizhevsky et| 78.93 | 80.10| 69.97 | 73.34| 5760 | 38.70 - 5798.70
al., 2017)
VGG-16
Conv.
5| (Simonyan & | 79.75 | 77.52| 75.78 | 75.55| 12934| 42.54/ - 12976.54
Zisserman,
2015)
CNN+SVM
(Patalas &
Halikowski,
6 | 5010: penati| 8058 | 8348 75.24 | 76.24| 2272|1016 - 32.88
Nogueira, &
Santos, 2015)
CNN+ELM
7 (S. Liu & 76.86 | 70.32| 81.43 | 73.45| 22.41| 051| - 22.92
Deng, 2015)
Segment.
g | basedfeature oo ,0 | g5911 7530 | 77.00 314.60| 2.22| 0.028| 316.85
extraction
method

Raw data is shown in Appendix U.

0 ¢,and activation f ufncnd (batabictdeisshawvnino 6 s i
Appendix M). Finally, the maximum stage accuracy of GIENM is obtained by

using L=6000 neurons as shown in Table 3.4. To compare¢hgmition performance
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with CNN models, the same set of 967 images (80%) for training and 242 (20%) for
testing are used to evaluate segmentatiofbased feature extractianethod The

SVM is used with its polynomial (Quadratic) kernel. Time of training and testing of
each experimensiindividually measured. In Table 3.4, the ResbiHe etal., 2016)
achieves stage recognition accuracy of 82.23%, which is the highest over the deep
CNN models, while thesegmentatiofbased feature extractiomethod achieves
86.25% recognition accuracy. It segthat thesegmentatiofbased feature extractio
method outperform the ResNed (He et al., 2016by 4.02% when small scare stage
dataset is usedn this scenario, the segmentation based feature extraction method
performs well.To compare the computational cost of Hegmentatiosbased feature
extractionmethod in terms of time taken for training anditeg thesegmentation

based feature extractionethod took 316.85 sec in total versus Resi0diHe et al.,
2016)which takes 30136.07 sec. On the other hand, &\M (S. Liu & Deng, 2015)
method although shows highest recall rate (81.43%) and took shortest time of stage
recognition but its maximum accuracy approaches to 76.86% by using 6000 neurons
which is comparably very low as illustrated by the corresponding accuracy values.
3.2.4 Dataset2: 15-ScenelmagesDataset

Thedl5s c e n e | ma(lgaeebnik attalg 2086% & publically accessible dataset
which consists of fifteen categories of indoor and outdoor images, there are total of
4,485 images with an averagemfrt t¢ v pixels(summary is shown in Table 2.2)
Theimages corrggonding toeach category are shown in Figure & & a commonly

used datasdbr the assessmenf scene classification studieBhe details about the
class labels and number of images per class is referrgétebnik et al., 2006 his
dataset is utilized to evaluate asggmentatiofbased featurextractionmethod as

categories representing the particidaeneimages such as Coast category is like as
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sky-ground category. Therefore, the same set of templates are used for tdraptate
segmentation. E.g., bedroom or street categories can be handangy or box

templates

Industrial

_ knchen

living room

Figure 3.6:Examplesof sce)rie imges dataseadh image represends
corresponding category tgp

3.2.4.1Experiments and Resultsfor 15-Scene Images Dataset

For evaluation of theegmentatiofbased feature extractionethod on this dataseis
stated in Section 3.2.Wve followed the same experimental setlip ensure a fair
comparison with existing research in terms of recognition accyssey Table 2.1)

the 100 images are selected from each of the class for training and remaining for
testing. By following theSubction 3.23.1, the feature se) O0 WD'Yib

'Y "Ofo F 6 {D is extracted for each image by using eight predefined temftates
Figure 2.8) Then for each template, an individual model is trained. Next, these models
are used to classify the test data and their performance are given irBhathlater

on, these classifiers output azembined using majority voting, max andnswule
(described in Subsection 2.1.58)d Acc averagePr, ReandF-scoreare measured

(code is given in Appendix K)The results demonstrate that maximum recognition
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accuracy is obtained by utilizing the sunie is reached to 92.58¥atlab function
is shown in Appendix Jand its testing ands fusion time for eight classifiers is

reached to 110.48 sec.

Table 3.5 The performancef the segmentatiotbased feature extractionethodfor
15-scene datasetemplatesd)-(h) are followedby figure 2.8.The majority vote, max
and sum rulesre usedto evaluateéhe segmentatiofbased feature extractionethod

@ =

() 7] =

£ g | s |2 | Z

= 2| 8 | s . o | E s

2 8 ¢ | & | 3 5 | §2 | 53

= S < o ) = g (I

© . LL (@)] =+

&) () >

o Z < o

=

) 80.85 | 79.96 | 79.61 | 79.69 -

(b) 7940 | 7910 | 77.94 | 78.36 ]

© 78.80 | 78.41 | 77.33 | 77.72 ;

(d) 7955 | 7833 | 7833 | 7853 13.71

400 486.61

©) 7930 | 7790 | 77.99 | 77.84 -

® 82.94 | 8262 | 8207 | 8228 }

) 80.07 | 79.28 | 79.01 | 79.05 ;

) 7877 | 7736 | 7716 | 77.20 ;
Ma]o”%;’)me«a) 86.46 | 8619 | 8584 | 85.96 ; 109.88
Max-rule((a)(h)) 89.36 | 8932 | 9541 | 90.74 - 110.40
sumrule((a)(h)) 9258 | 9259 | 95.96 | 93.19 - 110.48

Raw datds shown in Appendix V.

3.2.4.2Comparison with State-of-the-Art Methods for 15-Scenedmages Dataset
We comparedsegmentatioiibased feature extractianethod performance with the
recent methods that use-46ene image dataset and show stdtne-art recognition

performance(seeTable 2.1) The Table3.6 exhibited that thesegmentatiofbased
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feature extractiomnethod representation gains the highest recognition acc(seey
equation (2.24))It provides 5.51% higher accuragy compared to Zafar et @Zafar,
Ashraf, Ali, Ahmed, Jabbar, & Chatzichristofis, 20{8VH) method. Lin et al(Lin,

Fan, Zhu, Miu, & Kang, 201dseflocal visual feature coding based on heterogeneous
structure fusion (LVFEHSF)0 and obtains 87.23% recogniti@ccuracyZafar et al.
(zafar, Ashraf, Ali, Ahmed, Jabbar, Qureshi, et al., 208 ficoncentric weighted
circles histogram (CWCH)to obtain a robust performance for-4&ene images
dataset and reached to 88.04% accuracy. The most recent apgrdiorid
geometric spatial imagrepresentation (HGSIR) methio@hli et al., 2018)achieves

the maximum recognition accuracy of 90.41%. Alternative to these methods, the deep

VGG-16 (Simonyan & Zissermar2015)method shas 88.65% recognition accuracy.

Table 3.6. Comparisonwith proposedand stateof-the-art methodsn termsof
recognition rate while using 1&cene image dataset

Methods Accuracy%
Zafar et al(Zafar et al.2018)(OVH ) 87.07
Lin et al.(Lin et al., 2017(LVFC-HSF) 87.23
Zafar et al(Zafaret al., 2018)(CWCH) 88.04
Ali et al. (Ali et al., 2018JHGSIR) 90.41
VGG-16 (Simonyan & Zisserman, 2015) 88.65
Segmentatioibasedeature extractiomethod 92.58

The segmentatiobased feature extractionethod uses low dimensional feature set
and achieves the highest accuracy of scene recognition because the feature are

extracted by following image geometry structure and fusiodeaisionlevel by

86



utilizing sum rule is clear evidence from Table 3.5 and Table 3.6 thse¢jimeentation

based feature extractionethod gains theighest recognition rate
3.3Summary

In this research study, a noveégmentatiofbased feature extractiomethod is
proposed. In degmentatiofbased feature extractionethod, the feature set such as
HOG, color (RGB, HSV), parameters of the Weibull distribution, and local binary
patterns and its entropy value are extracted for each local region and combined into a
single vector based on the templhtesed segmentation. get of templates that are
associated with individual classifiers are used in sekgmentatiofbased feature
extractionmethod. Each template defines a particular rostghicture of 3D scene
geometry.Thus, for each template, the individual classifierr@ned. Finally, the
obtained results of the ensemble of classsf are fused using surale. The
segmentatiotbased feature extractiomethod is evaluated on a two different datasets.
First dataset is a new stage dataset having 1209 images. Compaeedttdedf-the-

art methods, owsegmentatiofbased feature extractionethod obtained significantly
improvement in stage recognition accuracy on a new datasete@heentatiofbased
feature extractome t hoddés results il | ushofrdiffdreat t hat
features by following the templateased segmentation and fusiosing surarule
providesa higher accuracy of stage recognition than the -sffatiee-art algorithms.
E.g.,compared to Sdnchez et@anchez et al., 2018)ethod, thesegmentatiofbased
feature extractiomethod improves stage accuracy by 10.10% and compared to CNN
based methods, iachieves the better performance in most scenarios. Next, the
segmentatiotbased feature extractisevaluated on the i&cene image dataset. This
dataset is categorized on the base of global image structure and classes are limited as

well. Thus, we usé in our study and obtained significantly high accuracy compared
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to recent statef-the-art appoaches, such as Ali et &Ali et al., 2018)obtain 90.41%
recognition accuracy on idcene images dataset, while thegmentatiofbased

feature extractiompproach achieves 92.58% recognition accuracy.

The segmentatiofbased feature extrash method does not require the very high
performance hardware and a large dataset for training that are typically required for
CNN-based methods. Moreover, thegmentatiofbased feature extractionethod is
mainly designed foBD scene geometrgecognition, which can be used as prior
knowledge for pixelevel 3D layout extraction. A statistical evaluation of the
experimental results illustratelgitt the recognition rate of thisethod for both datasets

was higher than the staté-the-art method in terms of accuracy andgs€ore value.

This is because features are extracted for eachegjibn separately and then grouped
together for that region, indicating that they have similar statistical values, which

reduces the intralass variation.

The segmentatiorbased feature extractiomethod can be applied on other scene
datasets. If the categories of a dataset are bassdeae geometrstructure, therit

may need to change the number of input templates. For example, if a dataset has only
outdoor inages, then it does not need to use indoor templates, e.g., box or corner.
Furthermore, if a dataset contains objects such as a person or animals, etc., then the

template structures can be adjusted according to the rough shape of that category.
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Chapter 4

STAGE DATASET AND 3D SCENE RECOGNITION
METHOD USING TEXTURE GRADIENT AND DEEP

FEATURES FUSION

In this chapter, the two main tasks are considered. Firstly, it is investigateal that
medium size3D scene dtaset is not available. A small scatiagedataset (1209
images)is introduced in our previoush@pter(Chapter3). However,the number of
images ina per category is very small, which is not enoughrémentdeeplearning
based methods that neethege scale image datadet training proces¢B. Zhou et

al., 2018) Therefore, we introduced a medium scale dataset of 3D scene recognition,
in which 1000 images in each classth fixed size of¢ v @ ¢ v gixels.The 29 task

of this chapter is to verify the dataset by using baseline CNN modets ericbduce

a novel method based time texture gradient featurd$ GF) and CNN features (also
call ed as Ofdsoripo af single feature yectiiT GF-Deepl-). The
texture gradient features ameasuredby estimating the paragters of Weibull
distributionfor ¢ ¢ local region of the input imagg@letail is given in Subsection
2.1.4.1).The feature combination methods, sucfkd®o, Goi, Chai, Lai, & Jin, 2018;

Xin et al., 2018)showsufficient accuracyn biometric recognitiormodelsby fusing

the biometrics trait feattes We are inspired by the progress of these approaches and
have implemented a new methodology focused on 3D scene recoghit®fused

featue vectoris classified by usingSVM and ELM classifiers (described in
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Subsection2.1.51-2). ELM classifier is applied because itsisnple to use, provides
satisfactory performance, and leartteousandsof times faster thartraditional
feedforward network learning algorithm liB# algorithm(Huang et al., 2006p.490,
(G. Huang et al., 2015pp.19 Furthermee, (Huang et al., 2006)laim that it reaches
to smallest training error with smallest norm of weigResearchers take benefits of
ELM in different fields such amedical diagnosi§Ozyurt, 2020) tumor detectn
(Ozyurt et al., 202Q)and other engineering practigeei et al., 2021)Also, (Cheng et
al., 2015; J. Tang, Deng, Huang, & Zhao, 2015; Wang et al., 2020; Wang, Peng, &
Lin, 2021; Weng, Mao, Lin, & Guo, 2013@pplied it toremotesensing imagesand
indoor and outdoor image scefeeg. 15 scene dataselgssificationInspiredby their
resultsof scene classificatigrwe utilize ELM classifiers tdrain a discriminative

model.

Design of3D scene ramgnition method usingGFDeepFHs given in Subsection 4.1
The new datasadetail, implementation detgiltesting,and experimentakesults are

given in Subsection 2. Summary of this Gapter is given irsubsection 4.3

4.1 Designof 3D SceneRecognition Method using Texture Gradient

Features and Deep Feature Fusion

In this section, wexplainthe TGFDeepFF two stream featuresith fusionmethod

of 3D sceneclassification The twostream is indicating that the features are extracted

in two different ways: deep CNN fistream) and GF (2" stream).The novelty of

this method compared to Algorithm 2.1, are utilizing the deep features and texture
gradient features in two different streams, and then combined them for each input
image.Texture gadient contains rich information of 3D scene geometry and when it

combines with deep features at FC layer, it improves the discriminative features of 3D
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scene recognitioext, process of training and testing are same as Algorithrtzel.
TGFDeepFFmethodis defined by Algorithm 4.1 and illustrated in Figu4r4. It has
followinginputssN t r ai ni ng i mages, M testiCNy i mage
model,S classesp training labelsiee testing labelsThe output of the method is:
performance metric in terms d@fcc, Pr, Re, Fscore The detail of the method by

following Algorithm 4.1 is given following rain points:

1) In first stream,Figure 4.1 shows thahe deep features are extracted by three
different steps: i) input layer, ii) feature extraction layer, iii) output layer ,wkich
also called as final layer. The detailthese layerss given in Subsecti@?®.2.1-3.
Input layer is indicating thahput RGBimages arajiven to the prdrained CNN
model Next layer is indicating the feature extraction layer. It has several
convolutional and pooling layers, as discussed in Subsection Eigdlly, the

features are obtained at GAP layeNN modelreturnsa feature vectofO, having
length L, for each input imag® j=1,2,..é , éhumibesof theimages ofscene
datase{see line 1 of Algorithm 4.1 he function Q' Q OO & 6 QIWATT OB O Q¢ ¢
is used which takes pter ai ned CNN model , i nput i mag
"0, in the Algorithm 4.1L is lengthof features for each input image.
2) In second stream of feature extraction (see Figure 4.1, lidesf 2Zlgorithm 4.1)
are extracted using function,”YQ & 6 '®ii @Q WD Qi@ O @ OItQE &
takes imagéand —, and returns feature vectéiy'Q8 — is an input fo —
patcheslIn this function, ach input image is partitioned into — patches and

TGF (Ch'Q pktfB - — are extracted for each patch, as described in Subsection

2.1.4.1. It provides 4 features for each image patch. For whole iQaggenerates
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e — - 1 dimensionvectoliyY'Q whereQ plttes . is number of images
of the scene dataset.

3) After extracting the both feature vectors for every input sample. The next step, then
to normalize and combine both feature vectors into a single vector. Fhostez
normalization is utilized on both feature vectarglividually. Then both feature
vectors are combined into a single vectesctHre normalized is available in Matlab
function,@ & ¢ 1 & @ OQEhereOis a input feature vector of imade and
"Q is a normalized output vector @ image. The both feature vectors of deep
CNN ('O and texture gradient feature§Y;Q are normalized using normalization

function (see lines-3 of Algorithm 4.1).

Algorithm 4.1 Method of 3D Scene Recognition using texture gradient anc

deep CNN feature fusion

Input: N training images, CNN modeK total number of image§classes,

Yn training labels)Yau testing labels; as inputfor — — patches

Output: Acc, Pr, ReF-score

1:& QQMIQDOO QA hdo NE AR 1/ Featurek f or
images L is length of feature vector, CNN model isfrained model as
input

2: forj = 1doé/ for each image

YO="YQ o o Rl QO WRED i@ ¢ fde- "Néedture vector

forimagel , 0Gis length of feature vectoxis input for— —patches

4: end for

5: Forj=1: é do

6: 3 VO OO R INREEE A GE&QUEQT G &8 QA Mcombine
two different features vector® 0 00

7: End For
/l Training & testing

8: 79 3 o /I N is a number of training samples

9: Yi 0Q8 W'D b5 hilwhereg labeled featureis used to train
theclassifier

/I Testing (prediction)

10: forj = N+ 1do //1éop on M test images

11: 1 6 a i i"YQ'dwsQd &Q 6// & is predicted label fomage @

belongs to S classes.
12: end for/lj
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//Performance measures

13: [ Acc, Pr, Re, Fscore]=Calculate_Measures 0 ). // (X is a true
testinglabels mis predicted labels for M images.

End Algorithm

4) Next, after normalizatia of both feature vectors, the results vectors are merged into
a one vectarThus, QQ w 0 'V QB¢ fdnction is used, which takes normalized
input feature vectorsO , "Y"Q, and returns combidefeature vector for each
image 'Qj=1,2.., .5 is the fused feature vector, with dimensionTbe length
of the combined features, D, is equal to the sum of the length of the two feature
vectors(O 0 0). The corresponding Matlab code is shown in AppehdiXhe
code takes both features vectors, normalized them and then returns the fused feature
vector for each image.

5) Following Figure 4.1next point is to train the machine learning algorithm and then
testto thattrained model. The featurectors areready for training thenachine
learning algorithmBY following the descriptiomf the Subsection 2.1,.%e utilize
N number of images features foaining and rest of the M (M= TN) images
features are used testihyg following trainingc and testingo labels Thefeature
vector, 3 3 P RQ plghea) hwith N labels aregenerated by usin(R.15)

(see line 8 of Algorithm 4.1pand used as input to classifi€i, to train a model,
Yi @ "Q6 Wsee line 9 Algorithm 4.1)ELM is used as classifier to traimandel

The featurerectorsof theM testingimages ar@ised to evaluate thearnedmodel.
Suppose that the feature vector of Mdestingimagesares hQ plghed hand
are used as inputs to thiassify(.) function with trained modélyi @ "Qé W(See

lines 1812 of Algorithm 4.1) which predicts the class labeal, of each input image
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‘Otesting process is given 8ubsectia 2.1.6 (2.19). The predicted label is belong
to S, andSis categories of 3D scene geometries

6) Finally, the method calculates tAec, Pr, Re andF-scoreof theM testingimages
using equations (24-2.30). The predicted labels and ground truth label& , are
used to measure the performance meffite metric calculation using Matlab
function is given in Appendix KThe Matlab code takes true labels, and predicted

labels and generates these metric.

Input Laycr Fcature extraction layers Output layer

i &i : T ”<//

- ] o

| o
Poolin Convolution Global svM/ Class 3
& average pmi% M :
Features extraction / \ Cla-ss =
ey,

----- Normalization
& features fusion

#xay local regions

Figure4.l Texturegradient and deep features fusion baded@ne recognition
method

4.2 Implementation, Testing of TGF-DeepFF Method, and

Experiments on Stage Datase?

TheMATLAB 062019ad6 i s TGHBPebpFamethadangitissumem t
the same system used for segmentatiased feature extraction methddee
Subsection 3.2.1Petail is described in subsections belde new dataset is given in
Subsection £.1. The implementation detail is described in Subsectia2 A esting

of theTGFDeepFFmethod is given in Subsectior24. Finally,experimental results

areillustrated in Subsection 24.
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4.2.1 Description of Dataset

We develop a novel stage dataset, which contains 12000 images in total. The source

of the imagesare Places datas@. Zhou et al., 2018)The size of each image is

defined byg v @ ¢ v pixels. All the images are manually labeled into the twelve
differentstageq3D scene geometrieflledovic et al., 2010which are discussed in
Subsection 2. 1ge2. dWéeéascaltl 2Dt & 68wve ann
each category as following the structure of an image that vtagdeit belong to.

Figure 4.2 illustrates the categories and their corresponding images. This dataset

consists of 12000 images in total.

skyBkgGnd skyGnd bkgGnd tabPersonBkg personBkg

SIcaTw

.‘:‘k.

grndDiagBkgRL ground i S|déwaIIRL Corner noDepth

no depth ||

Figure4.2: Examplesof ostage dataseband their categories. Images are orlglnated
from Zhou et al(B. Zhou et al., 2018)Thereference of 3¥cene geometries images
is (Nedov'c et al., 2010)

4.2.2 Implementation Detail

For feature extractionn first streamwe utilize thepretrained GooglLeNetSzegedy
et al., 2015prchitecturdor deep fature extractiomecausd is lessdeepeccompare
to ResNe(He et al., 2016and VGG16 (Simonyan & Zisserman, 2018jchitectures

and generates discriminative features for medium scale dakasedetail is given in
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Subsection 2.2. TheseCNN architectures generat®00 deep features for each input
imageby using GAPMatlab code of deep feature extraction is shown in Appevidix
In second streanthe parameters of Weibull distribution are calculated ¥@patches
of input image For eaclpatch these parameters i arecalculatedn bothvertical
and horizontal positioas described in Subsection 2.1.4nlthis way, theb4 features
are measured for every input imalfatlab code is shown in Appendix Bfter that,
the normalizatn is utilized for both featureectorsandthese features are combined
into onevector. Matlab code of feature combinatiois shown in Appendix NIt
generates, ¥4=1000+64, length of the feature vectéor training the modele
adopt anELM classifierto learn the3D scene structuref train imagesThe 80%
images are used for training and 20% images are used for t&dtieny, for testing
images, the performance is measuredaaturacy, precision, recall andsEore
(performance metrics are definéal Subsection 2.¥). Matlab codeis given in
Appendix K. The method is tested many times for consistent comparison of results.
Finally, results are reported by taking the avenagidormanceover thetotal number
of tests

4.2.3 Testing of Texture Gradient and Deep Features Fusion &ed Method

In this section, we te§tGFDeepFRViethodimplementation in different steps, which

are giverbelow.

The left sides indicatingexpected value from thEGFDeepFFmnethod Right sideis
indicating theoutput of theT GF-DeepFFmethodfor a single input imageHorizontal

lines differentiate the different steps.
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Manually calculation and settings

Output of TGF-DeepFFMethod

Stepl: Input RGB image
Input RGB image: Size 256x256

pixels

Image referencéB. Zhou et al., 2018)

Step2:Extract deep CNN features
We extract the deep CNN feature 1
aninput image. It is not wise to us
a single image for feature extractic
However, we are testing the syste
using a single image. Th
GoogleNet provides 1000 imag

features for each input image.

Output: Deepfeaturevector for single image
is shown in screenshot below. deneratec

1000 featurefor a single input image.

$% s Part 2: feature extraction

— [(YTrain,deepfeatures|] = deepfeatures_deepnet (image_data); %%

®qdeepfeatures: 1x1000 single row vector =

@ ad
= (q

Columns 1 through 11
-0.4010 -1.0251 1.6262 -1.0194 0.6864 -0.81

Columns 12 through 22

-2.0106 -0.6151 -0.8858

1.7781

imand Win

| ,arimne 22 rhvanan 22

Step 3:Extract Texture gradient
feature extraction

We extract parameters of Weibt
distribution features from each
image patch4x4 patches are use
and, which generates 64 features

each input image.

Output: Texture gradient featurese shown
in screenshotlt is 64 features for a sing|

image.

- addpath ('deepfeatures 4x4');
- [textureFeature, imageid scene]=Mainfile features gridpatch(image dai

textureFeature: 1x64 double =

3
%
P9 columns 1 through 11
Hi

0.4565 0.5725 0.6811 0.5806 0.3296 0.9548 ]

Step 4: Features normalization
and combination

In this step, features are normaliz:

first and then combined into single

Output: The screenshot shows that featu
are first normalized using Matlab functic
€ €1 & 8 "@adQthen the features a

combined into a single vectoyielding 1065
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vector. It length should be 106 features The outputis 1064 features for .
features. By adding the clasdbel, single image. It contains one more elem
1, feature vector length becomes which is indicating the class label of tl

1065 in total. image.

combine features= [double( (¥TrainRGB)), normalize(cexcture feature),norms

Columns 1 through 11

1.0000 0.3811 0.7578 1.1106 0.7841 -0.0308 1.999¢

¥TH

Columns 12 through 22

Step5: Training and testing step

In this step, the extracted features are ready to use for training the machine |
algorithm.Here,in testing processye use one image to test the system which is
feasible for training and testing the model. Therefore, the next SeQidipfovides

the training and testing results BGFDeepFFmethod

4.2.4 Experimental Results

The experimental results are givenTiable4.1 We evaluate the performance of the
deep features and then introduce tffesgeam of TGF as parallel to the deep features.
For this reason, we utilizevell-known pretrained CCN architectures, including
GoogLeNet(Szegedy et al., 2015ResNetc0 (He et al., 2016)AlexNet(Alex et al.,
2012) and VGG16 (Simonyan & Zisserman, 2015)o find the welHitting
archiecture of medium scale scene geometry dat&seth architecture is separately
applied on theame dataset and deep feataresextractedt FC layers (given in Table
4.1) andthenboth linear SVM and ELM classifiers are appliddr scene geometry
recogniion. The ELM parameters are set as follows: activation function set to
060sigmoid functionod, hi d d, evimle theeS¥M kemslis L =12

set to linear with C=1Beside this, these deep CNN architectures are applied with BP
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algorithm. The trmming parameters of CNN models are defined as follows: the
minimum batch size is set to 10, total number of epoch arte 2, learning rate is

set to 0.00@B, 0.0005) and momentum is set to 0.9. The Matlab code is shown in
Appendix L.The resultsdemonstrate that GoogLeNet architecture achieves 79.33%
and 79.92% recognition accuracy when SVM and ELM classifiers are applied,
respectively and it reaches 82.04% with BP algorithdm the other had, VGG 16
architecture obtaing2.21% and 72.83%, acaay with SVM and ELM classifiers,
respectively, and even wiBP algorithmsit achieves30.88%recognition accuracy,
which is 1.16% and 1% lower thaBoogLeNet and ResN&0D architectures
respectively (see Table 4.1y addition, \GG-16 took 2833.53 msmwhenused with

BP algorithm. Meanwhile, ResN&0 architecture did not perform well compared to
GoogLeNet, because it may overfit on medium ssedmedatasetSimilarly, AlexNet
architectureobtainsthe lowestecognition accuracy of 70.54%, 72.46% &8.13%,

for SVM, ELM, and BP algorithms, respectivebompared the GoogLeNet, ResNet,
and VGG16 architecturesin conclusion, GoogLeNet architecture achieves the
highest accuracy of scene geometry recognition because it delegthan VGG16

and Reblet architecturelt takes advantage afi¢geption moduléo get discriminative
information of scene geometigr medium scale datas@these experiments shdgee
Table 4.1)that ResNet and GooglLeNet architectures perform well compared to
AlexNet and VGGL16 architectures for scene geometry structure recognAisnhe
GoogLeNet architecture achieves the best results of scene geometry recognition for all
the three classificetn methods, therefore, we use it as backbone of our proposed
method in whichthe GoogLeNet features are camdd with Weibull distribution

features. Ireachedhe best performance of 85.54% and 86.29% for SVM and ELM
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classifies, respectively.lt demonstates that thetwo-stream architecture provides

superiorperformance of 3D scene recognition than a single @nNitecture.

Table4.1: Experimentatesults ortstage dataset2ising feature fusion method

) [y o] @ o + (@) S
3 =gl = =3 S S < 223
o ] = N (@) x w N c - B
= T 9 g O o @ o ==
2 ~ E v < =T s
ParamWeibull SVM 64 | 37.33 | 36.20 | 37.28 | 3652 | 182.99
Param. Weibull ELM 64 40.52 39.28 40.52 39.60 138.75
Deep featuresf
GoogLeNetarch,  SYM 1000 | 79.33 | 79.70 | 79.66 | 79.63 55.59
Deep features o
GoogLeNetarch.|  ELM 1000 | 79.92 | 7955 | 80.26 | 79.78 | 179.86
Deep features o g, \y 1000 | 70.54 | 70.35 | 70.75 | 70.49 60.41
AlexNet Arch.
Deep features o} - )\ 1000 | 72.46 | 71.49 | 7272 | 71.37 | 154.03
AlexNet Arch.
Deepfeatures ofp g, )\, 1000 | 77.04 | 77.02 | 77.06 | 76.96 27.93
ResNet Ach.
Deepfeatures ofp )\, 1000 | 76.62 | 75.75 | 76.66 | 75.78 | 349.44
ResNet Ach.
Deep features o
VG160 Arch SVM 1000 | 7221 | 71.72 | 71.97 | 71.80 79.26
Deep features o
VG160 Arch ELM 1000 | 72.83 | 71.09 | 72.49 | 7125 | 353.23

TGFDeepFF SVM 1064 | 85.54 | 85.72 | 85.62 | 85.63 38.65

TGF-DeepFF ELM 1064 | 86.29 | 85.92 | 86.16 | 85.96 278.37

GoogLeNet

(Szegedy et al., Al BP - 82.04 | 82.17 | 82.09 | 82.11 | 659.1min
gorm.
2015)
AlexNet BP
(Krizhevsky et al. - 78.13 | 77.76 | 78.13 | 77.81 | 517.16 min
Algorm.
2017)
VGG-16 Net(S. BP 2833.53
Liu & Deng, 2015 Algorm. - 80.88 | 80.50 | 80.87 | 80.36 min
ResNet50 (He et BP .
al., 2016) Algorm. - 81.88 | 81.92 | 81.88 | 81.73 |1458.33min

*Bold text indicateghebest resultRaw Data is given in AppendW.
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The performance at each cldssel can be observed in confusion matrix, given in
Figure 4.3. However, results demonstrate that ELM classifier outperform the linear
SVM in terms of Acc, Pr Re, anddeore for scene geometry recognition. On the other
hand,ELM classifier took more time in training and testing compared to linear SVM
classifier because of use of large number of hidden nekpgrerimental results in
Table 4.1 show that our TGPeepFF method outperforms the baseline CNN models
by using same nuber of training and testing images. The maximum accuracy among
standard CNN models is obtained by GoogLeNet (Szegedy et al., 2015), which is

82.04%. On this other hand, ResM@tachieves 81.88% recognition accuracy.

Accuracy: 86.29%

GBI 1.04 0.00 0.00 0.52 000 207 052 415 104 052 0.00 o0
0.00 0.00 000 050 0.00 1.99 000 0.00 398 %0
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Figure 4.3: Confusion matrix of TGPeepFF methoddf st age .dat aset

4.3 Summary

In this chapter,we have two contributions. Firshtroducing a newstagedataset

0st age dha3Dasseaet geommétriesvhich was not available publically. It
consistf 12000 scene images, equally distributed on 12 different stages. Each class
contains 1000 images. Second contributiatroducing anovel 3D scene geometry
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recognitionmethod TGFDeepFRhat is based otine combination of deep features of
CNN model and texture gradient features dor ¢ patches of an image. Then, the
output features are combined into a single vector that is used fonbp#re stage
model.The two different classifiers, ELM and linédv'M, are utilized to test thEGF
DeepFFperformanceTGFDeepFFmethodis applied on theew 6 s t adgtas& 2
The weltkknown CNN architectures, including AlexNet, V&6, GooglLeNet,
ResNet architectures are studied for the purposkearhing the scenegeometry
representation at FC layeend finally result@xhibited that th& GF-DeepFFmethod
obtains the maximum accuracy &35.29%o0f 3D scene recognition, which is higher
than theaccuracy achieved Hyaselinearchitectures, includinglexNet, ResNe&0,
GoogLeNet and VGA.6 architecturedn addition results of these methods @tage

d at a gnditate thdt the dataset properly organized and suitable for testing the

effectiveness of the novel 3D scene recognition methods
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Chapter 5

3D SCENE RECOGNITION MODEL USING
HANDCRAFTED FEATURES AND MULTI -LAYER CNN

FEATURES FUSION

In this chaptera novelmodelis introducedin which the handcraftedeatures and
multi-layer CNN features are fused at differémters The handcrafted features are
manuallydesigned featurgdNanni, Ghidoni, & Brahnam, 201,7yvhich are used for
classification problem in traditional approachdhe Weibul parameters(J-M.
Geusebroek & Smeulders, 2008plor, HOG(Dalal & Triggs, 2005)eatures (see
description in Subsections 2.1.481 The multilayer CNN features are indicating the
CNN featureghat are extracted from different intermediate layers, as described in
(Shaopeng Liu et al., 2019; Tang et al., 201Tae handcrafted features possesses
unique representative power of image scene geonVetryelieve that it is remarkable

to explore the integration of handcrafted features with CNN ratdties features (HF
MSF) by utilizing the feature fusion and scdegel fusion techniques. We call these
multi-st ag % ¢ @i 6 av o iodwiththeewordctassdbtagedi As CNN
architecture contain diffen¢ blocks (see Subsections 2:3)2 So, the features can be
extracted after each block. The GAP operation is used to generate the feature vector
from each intermediate CNN block, which is also called as #Aaylér featuresThe
standard CNN architecturand its layer details explaired in Subsection 2.2The

design of thenodelis given in Section 8. The implementatiomletail and testings
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given in Section 5.2Experiments and ressaltare illustrated in Section 5.3he

summary iggiven in Section 5.4
5.1 Design ofHF-HSF Model of 3D Scene Recognition

In this section, welescribehe HF-MSF Model of image scene geaatry recognition.
Novelty of the nodel compared to previous metho@&hapter 3, Chapter 4nd
Algorithm 2.1 itis utilizing the multilayerandlearnedfeaturedrom different blocks

of CNN, and combinéhem individually with handcrafted features at each bldblen

these features are separately classified at each aiatkheir outcome are combined

to obtain the robust performancgombination of features at dablocklevel, which
contains discriminative features of scene geometry was not studied before for 3D scene
recognition. Algorithm 2.1 indicates the traditional algorithm, which uses only
handcrafted features, whiklgorithm 3.1 is segmentatidmased featre extraction
method, which involves segmentation for feature extraction and shows improvement
in the stage classification. IAlgorithm 4.1, the deep featured final layerare
combined with texture gradient featurés, a 12000 images dataset. Howeuvbese
algorithm lose object to scene relationship during feature extraction. Segmentation
based feature extraction involves human interactidnich perforns well for small

scale dataset (see Table 3.4), but hegg discriminative information when therge

scale dataset is usedhe Algorithm 4.1, uses deep features which may lose
information at intermediate layers when a large number of convolutional and pooling

operations have been done

In this method, the scoilevel and featuréevel fusion strakgies areused and
visualized in Figure5.1-2, respectivelyFigure 51 illustrates scoréevel fusion, we

c al | ModeltHSFsModel of Handcrafted and multhyer features using Scere

104



level Fusiodand Figure 2 represents the featulevel fusion we call it asviodel
HFF: Model of Handcrafted and multayer features using Featdevel Fusion The
handcrafted features are extracted frem — grid patches as it describes in
Subsection3.1.1.2. However, this method simply divide image into patcied
features are extracted (samewdwentemplate 2.8(f)Js used in Subsection 3.1.1.2
The handcrafted features, naméleibull parameterdHOG, and color featuregiven
in Subsectiors 2.14.1-3, are $sedto enhance the discriminet information ofimage

scenesThe detail of the both strategissgiven in Subsections 5.221

Input Feature Extraction
h‘_ i__L _ Handcrafted
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Figure 5.1: 3D scenecognitionusing ModelHSF (scordevel fusion).
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Figure 5.2: 3D scenecognition using ModeHFF (featurelevel fusion)
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5.1.1 Design ofModel-HSF for 3D Scene Recognition

Algorithm 5.1 representstepby step process of ModeISF, which is also illustrated

in Figure 5.1 TheAlgorithrm 5.1t akes N training i mages, &
Y training labels, andy testing labels, C classes, firained CNN model number

of blocksof CNNd as i nput dnadscorddveldusign aetiod (e.g. sum

or product rule)as inputsand generates accuracy (Acc), precision (Pr), recall (Re),

and Fscore for testingmages.

In this model, the deep feature®}, iQ;, B RQ; hat multilayers areextracted for

each input imagédQ pkf8 by usi ngQRAAOAD D G Bd Q¢ ¢
(see line 1 of Algorithm 5.1)his function takes CNN model, and humber imagds,

and generates multayer features as output.is blocks or multistagesof CNN
("Yawn) and’Q @ a dimension of théh block The features extraction detaitdm

intermediate block are shown in Subsection 22.Meanwhile, the handcrafted
featuresQQ hare extracted from the each input imad@Q plghs ,

following the modelshown inFigure5.1 (see lines 2 of Algorithm 5.1) Before
combining thehandcrafted features with deep ltlayer features, the both feature
vectorsare separgely normalized byz-score normalizationThen combination of
handcrafted featuresith multi-layer features is givem (see lines 8, Algorithm

5.1),

KO I ¢'0! "} hQ pEERQ pRghes , (5.2
where 0O"Q Q Q), s total images 0+0 1 s eifeatdré cat i n
concatenatiorNext, the number of features vectaf80 ) is divided into N training

and M testing parts by followinpe Y n and Yau inputlabels. For training and testing,
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we follow the description given in Subsect@l.2 TheN-labeled feature vector can

be represented by using (3.2), it becom& O I 0 pleade.

Therefore, we have tHgg by M3 } set of labeled feature vectors fitraining
samples’Q plg&dt are different CNN blocks. Then, these features vectors are used

as inputs to an individual classifieCL(f ), i=1,2,..n, to train a model

TrainedCL, i=1, 2, én,(see lines 1113 of Algorithm 5.1).

Algorithm 5.1 Method of 3D Scene Recognition usikMgpdetHSF

Input: N training images, CNN modeK total number of image§; classes,
Y training labelsYw testing labels— as input fo —1) & @4 ¢ is
number of blocks of CNNscorelevel fusion method

Output: Acc, Pr, Re, Fscore

1. "Q AQ B RQ QIO OO QAN ddo RE AR 1/

FeaturesQ f or €& withmMengthedd, at block,:S

2: for j = 1doé/ for each image

3 Q =@E Qi GOEDADANIOA i ¢ (- Néeqture
vector for image , 0 is length of feature vector,is input for—
— patches e.g- =4.
. end for
: Fori=1:n
Forj=1: & do
ﬂ
MQQMOoW IQEET a WG Q €1 aoQWQ
combine two different features vectongth length ofO'Q 0 'Q:Q
8: End For/j

9: End For /i
/I Training & testing

10: 5 3 hd /I N is @ number of training samplesth ‘05

dimension, andth block, i=1,2..n.
11: for i=1:ndo
12: Yi Q8 603 h/iwhereg is used to traifith classifier
13: end for
/I Testing (prediction)
14: forj = N+ 1do /Eloop on M test images
15:  for i=1l:ndo /lloop on classifiers
16: 0 6 a @i 'VROEHWQE /0 isC-dimensional score
vector for an imagé.
17: end for //I
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18: end for//|

/I Classifiers combination

19: forj =N+ 1do é&/M testimages

20: |j = scorelevel fusion( 0 ), fusion ofn classifiers scores

21:.  end for/l]

/[Performance measures

22: [ Acc, Pr, Re, Fscore]=Calculate_Measura®(Ym). // Ym is a true
labels

end Algorithm

The Matlab code of training classifier is showmApendix I.In this code a classifier
takes a set of labeled features and trains a mddetefore, the method generates
trained models foN-labeled data (detail is given Subsection 3.1.2). The feature set of
the testing data at each block is evaludigdising a corresponding trained madel
Suppose that the feature vectors of theesting samples arg Sy %F8 K Sy for

ith block and are used as inputs to fhinedCL model, which predicts a score
vector,0 , for thejth image(seeAlgorithm 5.1, lines 1418). 0 is anC-dimensional
vector, where C iclassesNext step oModelHSF is scordevel fusion wherein the
outputs of the classifiers are fused together to obtain a class (akel lines 121,
Algorithm5.1). As it describes in Subsection 3.1tl3¢ predicted score of n classifiers
combinedusing sunor productrule (described in Subsection 2.1.5.3). Each classifier
provides an individual score vectar, , for eachjth sample, wheré&) pfci8 €8
Sumor productrule combines the score vectorsnoflassifiers and generates a class
label&x and "Gndicates an input sample. Thus, for testing data with awjzipredicts

& hlabels. The Matlab code of score combination is given in Agpeh&inally, the
Acc, Pr, Re andF-scoreof the input ésting data usingquations (2.24.30 are
calculated(see line 22 of Algorithm 5.1)The metric calculatiowhile using Matlab
function is given in Appendix Kit takes predicted and ground trdlass labels of M

images and generates performance metric.
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5.1.2 Design of ModetHFF for 3D Scene Recognition

The ModetlHFF (see Figure 5.2) fused the multilayer featuresand handcrafted
features into a single vect@teps are described in Algorithm 5l2takes same input
as given for ModeHSF and generatescc, Pr, Re andF-scoreas outputSimilar to
ModelHSF, the multiayer featureand handcrafted features are obtaimedfinput

samplesas it describes in Algorithm 3, lines 14.

Algorithm 5.2 Method of 3D Scene Recognition using MottF
Input : N training images, CNN modekK total number of image§; classes,
Y training labelsYw testing labels; as input fo —1) & @) & is number
of blocks of CNN
Output: Acc, Pr, RefF-score
1: "Q FQ BAQ QQMQOGO Qi Odo Qd AR 1/
FeaturesSQ f or €& i mages wi t i CNNemodltspre d
trained model
2: forj = 1doé/ for each image

3 ="@E Qi GOEDADAN LA ¢ (- Néfeqrture
vector for image,, 0 is length of feature vectos,is input for— - patches
e.g.—=4.

4: end for

5. Forj=1: é do

6: 3
QOO IQEET a WG Q heééi aODQAQ /
combine two different features vectors, with lengtifosf 0
QR ERQE

7. End Forl/j

/l Training & testing

8:3%% 3 Md /I N is a number of training samples wiiddimension

9: Yi ¢QB W 6 07*=h/iwheres is used to trailCL classifier
/] Testing (prediction)
10: forj = N+ 1do /Eloop on M test images

11: ;. 0 a wi "'YRWODH B'Y &/& predicted label of imagé,
12: end for/lj
/[Performance measures

13: [ Acc, Pr, Re, Fscore]=Calculate_Measure®)(Ywv). // Yu is a true
labels

end Algorithm
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Thenthese multiayer featureandhandcrafted features are first normalizasdhown

in Algorithm 5.2 lines G and then are linearly concatenated to forn athat is given

by,

0 z 'Q hQ pliss, (5.2

where™Q is a handcraétd features of the imagéQ plghes ,* is union
operatoy which indicating thecombination of featuresf ¢ sample and &6+06 i :
concatenation operatofor handcrafted features and mdudlyer features O

Q Q Q E Q and’Q is a multi-layer features from the
block™Y for jth image Next, the number of features vector&d ) is divided into N
training and M testing parts by following the. énd Y& input labels(see lines 8 and

9 of Algorithm 5.2) For training, the feature vecterr, 3 hd hQ plghed) hwith

N labels are generated by using 8,%&nd used as input aclassifier CL, to train a
model,”Yi & Q6 Bs@e line 9 of Algorithm 5.2)The feature vectors of the M testing
images are used to evaluate tteened modelSuppose that the feature vectors of the
M testing images are hQ plgied hand are used as inputs to thé Q6 B'Q
model, which predicts the class lakielof each input imag€Xtesting process is given
in Subsection 2.1.6, (X)) (see lines 142 of Algorithm 5.2) The predicted label
belong to C, andC is categories of 3D scene geometrigfier predicting the class
label,"OhM is testing images, thacc, Pr, Re andF-smre of the input testing data
using Equations (24-2.30 are calculateg@see line 13 oAlgorithm 5.2) The metric

calculation using Matlab function is given in Appendix IKtakes predicted and

ground truth class labels of M images and generates performance metric.
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5.2 Implementation, Testing of HF-MSF Model, and Results on 15

Scene and Stage Dataset 2

In this sectiontheimplementation setting of oiF-MSF model is givenThe multk

layer feature extraction setting is given in Subsecti@il5The classifiers setting is

given in Subsection 8.2. The HF-MSF modelis validated on théwo benchmark

image scenes datasett5scene andstage dataset 8 which are illustratedn
Subsection 3.2.33nd SubsectioA.2.1, respectivelyThe MATLAB 062019a6b
to implement thdHF-MSF modeland executedroa Dell PC with 8 GB RAM, 2.53

GHz i5 processogndUbuntu OS.

5.2.1 Multi -Layer CNN Feature Extraction Setting

In order tomeasurehe effectiveness ohe HF-MSF model,we showin Section 4.2.3
(results are described iFable 4.) that theGoogLeNet(Szegedy et al., 2015and
ResNet50 (He et al., 2016)rchitectureperform well for image scengeornetry
recognition. Furthermore, the recent studieang et al.,, 2017agand . Liu et al.,

2019 utilize themulti-layer information ofGoogLeNet and ResNet architectures for
scene categorization, respectivelyand achieve statgf-the-art performance
Therefore, w utilize these architectures as a backbone for nayer features
extraction. These features are extracted at early, intermediate, and last layers, where
these layers output are connected toGid° functionto reduce their dimesionality,

at these places, the activation function@ f (§ee equation (2.31pan be used to
activate the multlayer features, adescribed in Subsection 22The Matlab code

with ResNet model is shown in AppendxFurther, implementatiodetail foreach

CNN model is given below.
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The GooglLeNet and ResNet modéiiescribed in Subsections 22) consists of
severac onsecutive | ayers and due to the
reduces the performance of scene recognftomedium and small scale datasdts
implement theHF-MSF model usingpre-trainedGoogLeNet architecturgre-trained
on Places36%B. Zhou et al., 2018) we follow (Tang et al., 2017awhere nodel is
divided into thredlocks (YRYRY , to extract three different feature vectéor each
input image (Matlab code is shownAppendix P, whichs neeadto set @ogleNet
blocks given in commenis The features are extracted from GAP layeefore
auxiliary classifiers, see Figure 8.1n this way, wearegetting branches where each
block generating feature vector with 1000 dimensions. At &émtk (Y), Q pltas,

the deep features(y and handcrafted feature®)( hare integrated by

following proposed ModeHSF, which form a 132@dimension fusion vectofq"Q

~

Q HQ hQindicates an intermediat@h block, and Q is the feature

dimension.Matlab code is shown in Appendix Nthe handrafted feature set is
calculatedby partitionng eachimage intot 1 patches and theparameters of
Weibull distibution four featuressee in Subsection 2411), Color (seven features,
includingcolor corrected coefficient of RGE features)mean ofHSV (3 features)
andvariance ofaturatiorcomponen(1 featurg), and HOG(nine featuresgescribed
in Subsection 2.4.3) features are exdcted for each patch that yis820-dimensional
featurevector fora singleémage. As the experimentsChapter Jsee Tabl.3) show
that the template (f), from Figure 2m@sbetterresults compared to each individual
template, therefore, wadoptit with t T grid patches for handcraftedaterre
extraction.For selecting the particular features of geascene geometry, viellow
(Nedovicet al., 2010and (Lou et al., 20)5nethod, which particularly pay attention

to the use of rich image scene geometry features. These methodspatiireeters of
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Weibull distribution,color features ¢orrection coefficient of RGRBIsing gray word
algorithm, meanof HSV, an average othe variance ofsaturaton component and
HOG features.Besides this, we alsase LBP-E features to represent the scene
geometry structurel hes e features are applied on 0O0s
The results oflifferent features combinatismre shown in Appendix S, in Tabld S

and Figure S1We found that combinintheabowe features (without LBHE features)
achieve 58.71% recognition accuracy foéstage datase2 12000 images) (see
Appendix Sin Table 81), while by adding thé.BP-E featuresthe accuracy reaches
56.46% (2.2%% decreases) arttiesize of theeature vector reachd90when thedx4

grid patches are usediherefore, v ignoreusing ofthe LBP featuresfor medium

scale dataseOn the othehand, the parameters of Weibull distribution capture the
texture information(Nedovic et al., 201Q)p.1677and improvethe scene geomegt
recognition accuracy whaombined wih deep features, as we obseirv&€hapter 4

(see Table 4). Thus the HOG, color, andgrameters of Weibull distributioare
extracted as handcrafted featuiresn each image patdb represent the image scene
geometry.These features are normalized before integrating into asiogkeset. For
ModelHFF, the deep features of edabck “Y and handcrafted features aireshrly
integrated to allow 332dimensions fusion vector O

Q KO R HRQ 8t performs featurdevel fusion with handcrafted
features.The combination of these features are done by same function, shown in

appendix\.

Next, theHF-MSF model haslsoutilized the pretrained ResNeb0 architecture. The
pretrained ResNeb0 architecture contains 16 residual blodKse basic structure of

theresidual block is shown in Figure 2. ach block contains several internal layers
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and at the end of the block, the output of current block is combinedheifitevious

block bythe residual connection. After this point, we can extract the featfirdsh e
feature maps created from the adjdacenidual block have certain similarities. It is not
wise to extract features from every block, which can increase both the network
compl exity and (ZLurepal 2AY p.1®hThdrefora,ene extract
each feature vector after two consegeitblocks. Fivedifferent residual blocks,
namely blocks 10 (Gctivation 29 reld, 12 (éctivation 35 reld, 14
(Gactivation_41_reld, 16 (Gactivation_45 reld,a n d calt0 00f6 "YRYdByheYy s  (
are selected for multayer feature extractiorMatlab code is given in Appendix P.
The previous blocks are ignored because beginniager contain more detailed
information, but suffer the problem of background clutter and semantic amk{igujty
Yang, Yao, Sun, & Xu, 2017)he model provides 5 differenegtors having 256,

256, 512, 512, 1000 dimensions aath block outcome is separately concatenated
with handcrafted features vector (320 featur@s)d then it feeds to the fivensemble

of classifiers.Matlab code is shown in Append®. By using ModelHFF, the all
feature vectors including handcrafted featwasgch are linearly integrated to form a

~

2,856dimensions  fused vectoiOfs Q i A A R h
Q . The combination of these features are done $anation, shown in appendix

N. We also apply the prerained AlexNe{Alex et al., 2012architecture. We extracted

themultti ayer features, 96, 25%)06nax6p 0Ygaln2ddé 1(0 (
Omax p orp) 5 a0 dy) layéerg B<€pecijvely, by applying the ReLU activation

function with GAP operation and then these features are individually fed to the

classifiers, as it idescribedabovefor GoogLeNet and Réget architectures.
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We adopt the prerained GoogleNet model on Places3@& Zhou et al., 2018)
Dataset which contains about 10 million scene images in total and more than 400
image categories. The ResNet is-frened on ImageNet datagét Deng et al., 2009)
which contains more than 1.2 million images with 1000 classes. After that, both
model®parameters are fine tune on the two benchmarkesdatasets: i&cene and

0st age ,dnmithaasedllustraked in Subsection 3.2.3, and Subsecti2i, 4.
respectively

5.2.2 Classifiers Setting

In HF-MSF model, we applied two weknown classifiers, namelgLM andLinear

SVM (descripton is given in Subsecti@?.1.5.1-2). SVM is a solid choice for scene
geometry classificatiofNedovic et al., 20Q). The ELM also shows high performance

for scene classification severastudies(Cheng et al., 2015; Lei et al., 2021; Ozyurt,
2020; Ozyurt et al., 2020; J. Tang et al., 2015; Wang et al., 2020; Wang et al., 2021;
Weng et al., 2017)asit is describé at the beginningf Chapter 4Inspired by the

high performance diWang et al., 2020)f sceneecognition, wealsoutilize the ELM

as a classifiein this study. We set following parameter$0 is set toO 0 6Q

plt 8 £h¢ is blocks neuronsd  p g ththe activation function is set ass i g mo i d
f unc,tand€n @t . Matlab code of ELM classifier is given in AppendixId.
predicts the harthbel for each input imagd&.herefore, majority voting is used to
obtain the final label when tidodelHSF is usedfFor ModelHFF, the fused feature

vector is used to ELMIassifier anctlass label iglirectly predicted.

Secondly, the linear SVM is considered due its effectiveness and efficiency for the
CNN architecturegKim et al., 2013; Tang et al., 2017&Ye employedt with default

parameters The Matlab code is given in Appendix It generates aposteriori
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probabilities or scores distributed ovwbe number of classes and cléaisel (class
type) for each input image. ModelHSF, these scores fasd iQ plthes ¢ o
for GoogLeNet, anct v for ResNet) are combined for test images by using
majority, max, sum, and product rulddatlab code is shown in AppendR. In

ModeklHFF, it is directly used to predict the output label for test images.

5.2.3 Testing of the HFMSF Model

In this section, we té$1F-MSF Methodimplementation in differengteps, which are
given below.The left side is indicating expected value from Hie-MSF method.
Right side is indicating the output of th#=-MSF method for a single input image.

The horizontal lines are differentiating multiple steps.

Manually calculation and settings Output of HF-HSF Method

Stepl: Input RGB image
Input RGB image: Size 256x256>

pixels.

Image referencéB. Zhou et al., 2018)

Step2: Extract multi-layer CNN Output: Multi-layer featuresfor single
features image is shown in sceashot below.The
We extract thanulti-layer features 256, 256, 512, 512, 1000 features fromn
from different blocks of the CNN different blocks are shown below for ea
models. Here, we show that featur input sngle input image.

from 5 different blocks of Rest || ||

@/ image_data
1 outputFolder
f-1 X0

50 generates 25&256, 512, 512, fz

Jf-L Xng

1000 featurefor each input image. [ e I

15 2% Part 2:
16@  [YTrain,Xng,X0, X1,X2,X3] :
17 %% uncomments layers for g

116



Step 3:Handcrafted features Output: The code generates 320 handcrai
extraction features for eaclnput image as shown i

We extract handcrafted feature screenshot.

o e emeeepemm e g ens et o st
Wh'Ch are explaled |n Subsectlon %% uncomments layers for googlemet model inside despfeaturs

B addpath ('deepfeatures 4xd4');
- [grid_basedFeature,imageid scene]=Mainfile features_gridpat

2.1.4.23. And these features a * TS 00 pasedreature: 1x320 double

“® P70.8 columns 1 through 12
- No_in
alSO used in Chapter 3 SO, sal - idx 0.0006 0.4565 0.5725 0.6811 0.0005
- znd 4
I~ md ¥ columns 13 cthrough 24
B T&=3qf

0.0008 0.4316 0.5698 0.6995 0.0016

code is used here with ¢ grid =

(¢8]

patches. However, it generates

[e}}

features for each input image

extraced

Step 4: Features normalization Output: The screenshot shows that featu
and combination

In this stepmulti-layer and are first normalizedwhile using Matlab
handcraftedeatures are normalize function¢ € i & © 8 ‘@l ten the feature
first and then combined into single are combined into a single vector, yieldi
featurevector.The ModetMSF 576 features. It contains one more elem
generates 5 different feature which is indicating the class label of tl
vectors. Here, we show a single  image. It means that our implementation
feature vector. The other features accurate

vector can be generated similarly.

combine_features= [double( (¥TrainRGE)), mnormalize

]
Suppose the Iength Of the feature combine_features: 1=577 single row vector =

% diwvi|

s L. Columns 1 through 12

vector is 576256+320 at first

5 )’:Iaini

B ; 1.0000 -1.1231 0.6300 1.0761
B testin
B YTR“:XIN Columns 13 through 24
R - trair
block. By adding the class label, it - 1 _ B )
1.5231  -1.1226 0.5343 1.0652
B Teat_s
. . = end Columns 25 through 36
reaches to 578imilarly, Model —_—
1mand Window 1.3880  -1.1070 0.7503 1.1026

Ml 3T ehamende A

HFF featuresrecombined.

Step 5: Training and testing step
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In this step, thdused feature vectors aready to use for training the machi
learning algorithmWe use 5 parallel classifiers and their output are comkan:
scorelevel. This process is given in the next section because here we verifie

our implementation isarrect for input testing image.

5.3 Experiments and Results

The image scene geometry recognition performance oMtieelHSF model| and
comparison with the baseline methods are discussed in this s@tt@performance
metrics is used whichradescribed in Subsection ZlequationsZ.24-30). The cktal
results, including Acc, Pr, Rand Fscore (Fs.) are given in Tables and accuracy is
visualized in bar graphs (Riges) as wellThe graphs are generated by excel tdbe
best results are shown in bold fohhe performance diF-MSF model on 18Scene
andé st age atagivea m BlbsecoB5.3.1-2, respectivelyThe 15scene and
0st age aadesmribedtin S@b8ections 3.2.4.1 a@dl4respectivelyFor 15
scene dataset, the 100 images per category are used for training andesshff{as
following standard setting, see Table 26 st a g e ,dha BO&sineages &r&
used fo training and 20% for testing gsvenin Subsection £.1.

5.3.1Performance ofHF-MSF Model on 15Scene @taset

In the 15scene dataset, there is a limited number of images in each catéfory.
observe that the intermediate laydrboth GoogLeNet and ResN&d architectures
improve the performandgy adding handcrafted features it givenin Table5.1 The
scorelevel fusion ModelHSF) uses differenblocks of both ResNet and GoogLeNet
architectures. In Tabl.1andFigure5.3, it is shown that adding handcrafted features
increase accuracy of scene recognition at émtk of CNN (Y8 RY). Figure5.3

(a) illustrates the GoogLeNet model with its three diffefaiocks ("YRYRY) and
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Figure 5.3 (b) illustrates the ResN&0 based model with its five differebtocks,
where SVM and ELM classifiers are applied at ebldtk ("YAYR “Y).6 wt hd an
Owi t hout handc rharddtratedéatuiesadei integrated st edstyEs t

or without integration and the results of edtdck for both SVM and ELM classifiers
aregiven Results in Figure 5.6a & b) and Table 5.1 describe that beginrarks,

“Y and"Y, show lower results than the blocks Y, and"Y of ResNet50 architecture

and similar behavior is observedd GooglLeNet architecturésee Figure 5.3 (a))
Therefore previousblocks are ignored for scetevel fusion.Table 5.1 also describes

the scene recognition results of four different layéMiYRYRYh of AlexNet
architecture. Resul{see Table 5.1, AlexNet Archrdicate that the scene recognition
accuracyncreasesrom"Y toward"Y for both SVM and EM classifiersand itreaches
69.23% to 86.7% for "Y and "Yhrespectively.Adding the handcrafted features
AlexNet architecture achieves maximum accurac9409% athe6 ma x p (59 | 5 6
layer when the SVM classifier is usddowever,it is lower thanthe GoogLeNet and
ResNet architecturdsy 2.92% and 2.70%, respectivéiee Table 5.1 heresults of

the combination ofdifferent layersfeature and scordevel fusion are given in
Appendix X (in Table 2 & X3). The ModelHSF performancas given in Table5.2

In scorelevel fusion, the maximum accuracy is obtained by the sum and product rules
which approaches to 97.55 % by using GoogLeNet architeandethe Fscore is
reached to 97.42% by using suinie. By adopting the ResN&0 architeture (see
Table 5.2, rows-4.0), the sum rule shows 97.86% and produt# reaches to 97.77%
using linear SVM. The maximum-$core is 97.79% when the sumle is used (8

rows). Graphical representation of results is shown in Figure 5.4, where SVM and
ELM cl assi fiers are used and effects of

visualized. The accuracy is calculated by majority voting, max, sum, and product rules
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for each classifier. Figure 5.4(a) illustrates GoogLeNet based MtfslEIresults and
Figure 5.4(b) shows the results of the MeH&F model using the ResNg&d
architecture. Similarly, the AlexNet architecture using sufa achieves 93.98%
recognition accuracy, which is 3.88% and 3.57% lower than Re&fNetind

GoogLeNet architecture, resgtively (see Table 5.2).
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Influence of landcrafted feature at each level using GoogleNet eBcEhe image
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(a) Using GoogLeNetrchitecture S-1, S2,S3 are indicating the:$$,Ssblocks,
respectively.
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(b) Using ResNe#rchitecture S1, S2,..,S5 are indicating the SS, € 5bfbcks,
respectively.

Figure 5.3: 15cene imagdataset: influence of handcrafted features at each
intermediate layers. Figure (a) and (b) are indicating GoogLeNet and ResNet
architectures, respectively. Raw data is shown in Appendix X.
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Table 5.1: 15-Scenei
handcrafted?d

mages

dat aset :

features

f usi.on

e X péewiitnheonutts

by

Without handcrafted With handcrafted (Accuracy
NN Accuracy % %
Arcﬁitecture Blocks ( v ) )
ELM SVM ELM SVM
o Y 88.49 88.63 92.86 95.27
5
§ Y 88.27 88.49 93.67 95.00
£
o
b Y 91.35 92.33 95.27 96.57
©
2 "y 90.19 90.1 95.41 95.58
04
Y 92.46 92.37 95.58 96.79
S
=z Y 90.45 90.45 95.9 95.23
@
% Y 93.62 93.84 96.92 96.39
-
(@]
é Y 93.09 93.84 97.28 97.01
Y 69.23 77.70 81.27 84.39
5
< Y 82.94 83.84 91.19 91.42
[
zZ
= Y 85.95 87.74 92.31 94.09
<
Y 86.73 85.73 93.53 93.87

Raw Data igivenin Appendix X.

Next, the featurdusion strategy is applied (ModelFF) on 15scene image dataset.

usi

The features of different blocks and handcrafted featurefsised into a one feature

ng

vector. Then, the SVM and ELM are applied and recognition results are given in Table

5.3. The maximum performance is obtained by ELM, which is reached to 97.41%

recognition accuracy {2 row). While by employing the ResNet with S\VNhe

proposedViodelHFF achieves 96.48% recognition accuracy (8w). On the other

hand, AlexNet architecture reaches to 94.95% recognition accuracy when the SVM

classifier is used. In conclusion, the GooglLeNet achieves the best performance

(97.41%) when the ModdliFF is usedGenerally, both proposed approaches (Model

HSF and ModelHFF) perform well by which it is clear evidence that handcrafted
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features influence is positively improved the recognition of image scene classification.
In conclusion, the ModdHSF shows the best performance in scene recognition

compared to thBlode-HFF because of using sceievel fusion of different classifiers.
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5 90
S g3
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SV SV SV SV ELM SV ELM
Majority Max-rule | Product-rule Sum-rule = Majority Model- HFF Model- HFF
voting voting
HF-MSF model using GoogLeNet on-s6ene image dataset
= Without m \With handcrafted
(a) Using GoogLeNeéarchitecture
N~ (o] N~ N~
100 X = = ~ z o g
o o o o © o ©
98 % 2 9 © © 4 ©
4 4 - ~
% o g g 3 3 o o
Y & <
X
> 92
3
5 9
§ 88
86
84
82
80
SVM SV SV SV ELM SVM ELM
Majority | Max-rule | Sum-rule Product-rule Majority = Model-HFF Model-HFF
voting voting

HF-MSF model using ResNet on-k8ene image dataset

m Without = With handcrafted

(b) Using ResNet#rchitecture
Figure 5.4: 15S5cene image dataset: performance of the mid&#l. Figure (a) and

(b) are indicating GoogLeNet and Resldathitectures, respectively. Raw data is
given in Appendix X.
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Table5.2: Experimentatesults & the ModeltHSFon 15scene imagesataset.

Without With handcrafted features

Model-HSF Classifi Re.
Acc.% | Pr. % F-s% | Acc.% | Pr.% | Re. % | F-s%
er %

CNN Arch.

Majority voting SVM 93.86 | 93.90 | 93.84 [ 93.84 | 9737 | 9733 | 9733 | 97.29

Max-rule SVM 93.94 | 93.75 | 93.84 | 93.78 | 97.32 | 97.27 | 97.37 | 97.26

Product-rule SVM 9412 | 9422 | 94.15 9396 | 97.55 | 97.32 | 97.52 | 97.39

Sum-rule SVM 9401 | 9433 | 9433 [ 9432 | 9755 | 9745 | 9746 | 97.42

GoogLeNel Architecture

Majority voting ELM 93.74 | 93.70 | 93.87 | 93.72 | 97.41 | 97.38 | 97.51 | 9742

Majority voting SVM 93.40 | 93.74 | 92,93 | 93.23 | 97.50 | 97.29 | 97.40 | 97.31

2
é Max-rule SVM 9398 | 93.94 | 93.61 [ 93.73 | 97.77 | 97.68 | 97.65 | 97.63
::5 Sum-rule SVM 9398 | 9433 | 9344 ( 93.74 | 97.86 | 97.80 | 97.83 | 97.79
;ZZ Product-rule SVM 94.16 | 93.39 | 93.65 | 9392 | 97.77 | 97.69 | 97.72 | 97.68
Majority voting ELM 92.64 | 9243 1 9239 9236 | 9691 | 96.83 | 96.94 | 96.83
Majority vote SVM 87.51 | 86.53 | 86.06 [ 86.09 | 9231 | 91.63 | 91.49 | 91.43
:5 Max-rule SVM 88.74 | 88.01 | 87.95 [ 87.93 | 9331 | 92.86 | 92.69 | 92.65
;2': Sum rule SVM 90.64 | 90.00 | 89.61 | 89.73 | 93.98 | 93.63 | 93.35 | 93.34
g Product rule SVM 89.68 | 89.07 | 89.05 [ 89.01 | 93.53 | 9298 | 9291 | 92.84

Majority voting ELM 8495 | 84.78 | 83.69 [ 83.57 | 91.19 | 91.12 | 90.16 | 90.22

Raw data is given in Appendix X.

Table 5.3: Featurelevel fusion: result oModelHFF for 15-scene images
dataset

CNN Architecture Classifier Acc.% Pr. % Re. % F-score%
SVM 97.32 97.45 97.34 97.25
GoogLeNet
Architecture
ELM 97.41 97.33 97.45 97.45
SVM 97.37 97.24 97.41 97.30
ResNet
Architecture
ELM 96.48 96.39 96.39 96.32
SVM 95.32 95.32 94.91 94.95
AlexNet Arch.
ELM 93.98 94.29 93.50 93.61

Raw Data is given in Appendix X.
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5.3.2 Performance ofHF-MSF Model on Stage Dataset2

INn6st age ,drxethesanes &edrelatively classified according to image scene
geometry structure and dataset sizdarger than 15Scene dataset. Therefore, it is

useful to employ the deeper architectuiidne handcrafted features provide rich
discriminative information of image scene geometry and fusion of this information at
each deep CNMlock, it improves theecognition rate efieively when we apply the
ModelHSF. Figure5.5, and Table5d4i f f er ent i at e oOowith6é and
feature influence at eadblock of GoogLeNet and ResNet Architectarén Figure

5.5a), which illustrates the effectivenesfshandcrafted features at differdoidcks of
GoogLeNet model, shows thhtock ("Y) achieves 74.75% to 91.33% recognition
accuracy when the handcrafted features are added and SVM classifier is applied.
Similarly, block (“Y) reaches 76.50% to 87.50% ogoition accuracy when the
handcrafted features are added and ELM classifier is applied. The shmeds can

be observed ikigure5.5b) and Tablé.4 (rows 15) by using the ResN&O Model.
Wealsousd t he Al exNet ar chi.fTrecesul$ofeachlayer6st ag
Owithé and o6without handcr aNepbsen@thdttheat ur e
recognition accuracy is increased toward the higher layers, sitcteashes 57.33%

atY and 70.49% aty (see Table 5.4vith SVM). Adding the handcrafted featuris

AlexNet architecturethe accuracy reaches 77.17% Tgrand it reache88.17%for

“Y when the linear SVM is usett means that addg handcrafted features improves

the recognition accuracat each intermediate layeHowever, the ResNet and
GooglLeNet architectures achieve 3.87% and 5.58% higher accuespectively,
compared to AlexNet architecture when the handcrafted features are int¢gested

Table 5.4) The performance of Mod#iSF improwes 81.83% to 95.17% (sdable

5.5(row 4)) by using produetule on test images when the GoogLeNet architecture is
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applied.Meanwhile, its maximum4score is achieved 95.06%. Detailed of niade}

HSF is shown irFigure5.6, where majority voting, sum, max, and product rules are
calculated when an SVM classifier is applied and ELM performance is cattibate
majority voting only Figure5.6(a) illustrates the effectiveness of handcrafted features
for scorelevel fusion using Googl¢et model. Produetule achieves the highest
performance and reaches to 95.17% when the hariddrigatures are includdeigure

5.6(b) shows the effectiveness iiodeFMSF using ResNet model. The handcrafted
features influence improves 83.258®©3.96%recognition accuradyy employing the
productrule when the SVM classifier is selected. It improves 10.71% recognition
accuracy compared to the baseline ResNet model. By comparing amontgseore
fusion techniques (see Table 5.6 is shownthat the sum and produaile always
showbettemperformancehan majority votingand max rule, and provides highest score
for both architectures (Table 5.5, rows:3,4 and 8, 9). The discriminative information
for each class is exhibited in confusion matrix, Figure 5.7 (a, b), which clearly shows
that simple combirtaon of multilayers features has confusion with different classes,
such assidewallRL confused withgroundDiagBkgRLclass up to 18.42%, while
ModelHSF reduces this confusion to 3.62% (see Figure 5.7(b)). On the other hand,
the AlexNet architecture reach@4.38% recognition accuracyhen thesumrule is
usedfor classifierlevel aggregatiomvithout integrating théardcrafted featuredt is
3.89% higher thathe accuracy ahed f daedof AlexNet architectur& he results

of intermediate layerfeaturecombination and scoilevel combination argivenin
Appendix Y (Table Y3)However, the performance of AlexNethitecture i$5.58%

and 7.79%lower than ResNet and GoogLeNet architecturespectivelybecause
these models take advantage of residual and inception blocks to avoid the overfitting

problem.
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Figure 5505 a g e d:anflierceedf hardérafted features atkintermediate

block of GoogleNet (see in (a)) aRdsNet architectures (see in (b)). Raw data is
given in Appendix Y.
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Table5.4: Stageimage dataset Experiments f
features fusion by usingVM andELM classifiers

Owi thd and o6withou

. 0 .
CNN CNN Without handcrafte@Acc. %) With handcrafted (Acc%o)
Architecture Blocks ELM SUM ELM SVM
o Y 75.29 82.00 88.83 89.58
>
@ Y 74.83 81.78 88.88 89.83
2
o
74 Y 78.29 83.25 90.79 92.04
D
Z Y 78.50 82.68 89.46 91.21
14
Y 78.25 82.50 89.50 90.79
T o Y 76.50 74.75 87.50 91.33
=]
% 3
o2 Y 81.50 78.92 90.54 93.13
26
©< Y 80.13 82.25 90.92 93.75
. Y 52.25 57.33 77.58 77.17
<
(&)
f Y 64.42 64.38 81.58 84.21
(]
2
3 Y 70.88 67.33 85.63 85.46
<
Y 72.46 70.49 85.92 88.17
Raw data is given in Appendix Y.
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d :gperfarmante of VioddISF. Figure (a) and (b) are
indicating GoogLeNet and ResNet architectures, respectively. Raw Data is given in
Appendix Y.
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In contrast, Table 5.6hows that the ModdiFF achieves 93.92% recognition
accuracy when the handcrafted features are integrated with-layalti learned
features of GoogLeNet model and selecting linear SVM as a classifier. It shows that
handcrafted features influence greatfieets of featurdevel fusion as well and it
improves 11.42% recognition accuracy from 82.50% recognition accuracy which is
achieved by using ResNet architecture with a linear SVM classifier. Meanwhile, the
AlexNet architecture reach84.40% recognitiomccuracy of image scene geometry
when the handcrafted features and rdalyier features are combined (see Table 5.6).
The detailed results of the muléiyer combination are given i (Table Y4).
However, the maximum accuracy is achieved by GoogLehhitecture, which is
reache®3.96% when it is integrated with handcrafted features. On e band,
ResNet50 is reach&®.54% when the handcrafted features are integrated and SVM
classifier is used. Both GoogLeNet and ResNet architectures achievedughecy
compared to AlexNet architecture because they are utilizing the concept of inception

modules and residual blocks to avoid the overfitting problem, respectively.
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(b) Confusion matrix of HSF Model with handcrafted feature using product rule.

Figure 5.7: Confusion matrices@fs t a g e ubiag GoaleNet aicliitecture

with multi-layer and ModeHSF given in Figure (a) &). Raw data is given in
Appendix Y.
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Table 5.5: 6tSage d apedsneanhce @NodelHSF using ResNetand
GoogleNet architecture.

CNN T LE Without With handcrafted features
= |72] w —
[=] T E@
Architecture = O Acc.% | Pr.% | Re.% | F-s% | Acc.% | Pr.% | Re. % | F-s%
Majority
SVM 82.88 | 82.55 | 82.74 | 82.58 94.46 93.2 | 93.09 | 93.18
voting
2
§ Max-rule SVM 81.00 80.78 | 81.05 80.89 95.04 9499 | 94.87 | 94.91
g Sum-rule SVM 82.08 | 81.61 | 81.71 | 81.62 95.13 | 95.09 | 94.99 | 95.02
k=]
< Product-
= SVM 81.83 | 81.61 | 81.72 | 81.65 95.17 | 95.13 | 95.03 | 95.06
2 rule
@)
Majority
ELM 8296 | 82.13 | 82.82 | 82.27 91.75 | 91.69 | 91.83 | 91.65
voting
Majority
SVM 82.00 | 81.22 | 81.55 | 81.35 92.79 | 92.86 | 92.73 | 92.78
voting
E Max-rule SVM 81.78 | 81.61 | 815 81.53 93.54 | 93.47 [ 93.36 | 93.40
=
Q
% Sum-rule SVM 83.25 82.69 82.8 82.70 93.79 93.77 | 93.64 | 93.69
<
51 Product-
% SVM 82.68 | 82.12 | 82.18 | 82.10 93.96 | 93.89 | 93.82 | 93.84
[ rule
Majority
ELM 79.54 | 7891 | 79.65 | 78.87 91.88 | 91.87 | 92.01 | 91.83
voting
Majority
SVM 68.92 | 68.28 | 69.10 | 68.40 8575 | 85.89 | 85.88 | 85.86
voting
f)
E| Max-rule SVM 71.54 | 70.78 | 71.70 | 71.04 87.13 | 87.27 | 87.28 | 87.26
|5
Q
5 Sum-rule SVM 74.38 | 74.05 | 7448 | 74.19 86.63 | 86.92 | 86.77 | 86.82
=
E Product-
% SVM 72.88 | 72.34 | 73.01 | 7245 87.38 | 87.52 | 87.51 | 87.50
= rule
Majority
ELM 64.88 | 64.22 | 65.18 | 63.18 83.71 | 83.81 | 83.95 | 83.53
voting

Raw data is given in Appendix Y.
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Table5.6:Model HFFresultsusingg st age .dat aset 260

&:J 5 Without With handcrafted features
% g HUUE; o o o
05 © S X X S S = =S N
g O g e o @ 3 - ) ¢
< a @ e < a o L
= O
2 E SVM 80.79 | 80.64| 80.4 | 80.44 | 93.96| 93.92| 92.87 | 93.88
3 3(’ ELM 82.13 | 81.32|82.00 | 81.54| 90.42 | 90.24 | 90.49 | 90.25
(O]
5 3 SVM 8250 | 82.28(82.05| 82.10| 92.54 | 92.33| 92.32| 92.38
Z 8
& =
§ ELM 80.67 | 80.16 | 80.74 | 80.16 | 89.83 | 89.81 | 89.92 | 89.73
T . SVM 74.04 | 73.90| 74.24 | 94.03 | 91.33| 91.48| 91.43| 91.45
<5
Lz
< ELM 75.29 7450 | 75.57 | 74.25 | 87.38| 87.29 | 87.61 | 87.30

Raw data is given in Appendix Y.

5.3.3Comparisonwith State-of-the-Art Methods

In this section, the HHIMSF model is compared with existimgethods The existing
methodsfor 15-scene dataset are given in Table ZHeG-MS2F(Tang et al., 20173a)
FTOTLM (Shaopeng Liu et al., 201DPFFADML (Wang et al., 2020RLML-LSR
Chen et al(Wang et al., 2021jnethodgperformance are alsmmpared with HAMSF
model, and aagacy of these methods are giverTable 5.7 These methods achieve
an accuracy of 92.90%, 94.01%6.39%,and 93.50% respectively, on 15cene
dataset. On the other handl, et al(B. Liu, Liu, & Lu, 2015) Lin et al.(Lin et al.,
2017) Zafar et al.(Zafar, Ashraf, Ali, Ahmed, Jabbar, & Chatzichristofis, 2018)
utilized BoW feature encoding techniquésee Table 2.1and achieve 89.70%,
87.23%, 87.01%, respieely, on 15scene dataset. Talle7 shows that CNN based

methodgShaopeng Liu et al., 2019; Tang et al., 2017a; Wang et al., 26Bi@ve
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Table5.7: Thecomparison oHF-MSF Model with stateof-the-art methods for
15-scene dataset.

Methods Accuracy %
Liu, et al.(B. Liu et al., 2015) 89.70
GooglLeNet (Places36%B. Zhoy et al., 2018 90.19
GoogLeNet (ImageNe(J. Deng et al., 2009) 91.12
Zafar et al(Zafar et al.2018) 87.07
Lin et al.(Lin et al., 2017) 87.23
Segmentatiofbased feature extraction method 92.58
G-MS2F(Tang et al., 2017a) 92.90
FTOTLM (Shaopeng Liu et al., 2019) 94.01
DFF-ADML (Wang et al.2020) 96.39
RLML-LSR (Wang et al., 2021) 93.50
HF-MSF model: (modelHSF using ResNet multilayer features) 97.86
HF-MSF Model: (model HFF using GooglLeNet multilayer 97 41
features)

higher recognition accuracy by taking the advantages of-taykr features. HIMSF
model also utilized the advantages of mildtiers features of ResNet model and by
adopting a scorevel strategy, it reaches to 94.16% without adding external
handcraftd features (see Figure 5.3(b)). At the end, fullMBF model with score

level strategy, including multayer features and handcrafted features, it achieves
97.86% recognition accuracy on-38ene dataset, which is superior to the existing
methods. The $gnentatiorbased feature extraction method (see Chapter 3) achieves
92.58% performance on Hgene dataset. However, f#SF model improves the

accuracy of 5.10% compared segmentabased feature extraction method. It
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demonstrates that combining rich harafted features with deep features of multi

layer improves the accuracy of the image scene recognition.

Theexisting methods aralso evalated onthe stagedatase® .OFor fair comparison

to existing methods, we apply the Nedovic e{/dedovic et al., 2010nd J. Sanchez

et al. (Sanchez et al., 2013)ethods on théstagedatase? dy utilizing 80% part
training and 20% part for testinResults are reported in Table 5Medovicet al.
(Nedovic et al., 2010eatures arextracted bypartition the image into T patches
andfeatures are combined into a single vector for each image. In J. Sdnchez et al.
method(Sanchez et al., 201,3)he Gaussian components in the GMM for encodes
features is empirically set to be @ore detail of implementation is given in
Subsection 2.3.2. We useSVM classifier for both methods and achieve maximum
accurag of 52.65% and 74.89%,3pectively, as shown in Table 5Next,thepopular

deep CNN architectures, which are the-patned on ImageNet dataset, namely
GoogLeNet(Szegedy eal., 2015) ResNetc0 (He et al., 2016)AlexNet(Alex et al.,

2012) and VGG16 (Simonyan & Zisserman, 2018ye also employed ontlies t a g e
d at a sThase @dbained weights are used sfarting weights to learthe stage
geometries. Each deep CNN parameters is fined tuned through the standard BP
algorithms with a batclsize 10.In order to obtain optimum performance of CNN
models, the same learning parameters are used as described in Subsection 4.2.4.
Training and testinggme of eab method is reported in Table 5Bhe results of deep

CNN models are also reported same as given in Tableld.standard CNN

architectures, the GoogLeNet achieves maximuenracy which reached to 82.25%.
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Table5.8: Comparisorof HF-MSF model with stateof-the-art methods forthé st a g e
dataset 20

Training
Methods Acc.% | Pr.% Re.% | F-s% +testing

time/sec
Nedovic et al(Nedovic et al., 2010) | 52.65 51.95 | 52.37 | 52.04 58.0
Sanchez et a[Sanchez et al., 2013) | 74.89 71.57 | 68.23 | 69.11 1800

GooglLeNet(Szegedy et al., 2015) 82.25 82.13 | 82.07 | 82.08 | 1009 min +43

AlexNet (Alex et al., 2012) 78.13 77.76 | 78.13 | 77.81 517min +16

VGG-16 Net(Simonyan & Zisserman g, g5 | gn50 | 80.87 | 80.36 | 2833 min +53

2015)

ResNet50 (He et al., 2016) 81.88 | 8192 | 81.88 | 81.73 | 1458min +33
TGF-DeepFFmethod 86.29 | 85.92 | 86.16 | 85.96 275.72
G-MS2HTang et al., 2017a) 82.96 82.13 | 82.82 | 82.27 47.29+4.35

HF-MSF Model: (Model-HSF, using
GoogLeNet multi-layer features)

HF-MSF Model: (Model-HFF using
GoogLeNet multi-layer features

Raw data is given in Appendix W and Y.

95.17 95.13 | 95.03 | 95.06 48.74+3.98

93.96 93.92 | 92.87 | 93.88 48.09+4.14

Our HFMSF model shows superior performance compared to existing methods for
the 3D scene geometry recognition. The best performance of our method mainly
benefits from the fusion of deep and handcrafted features, a&étiDeepFFmethod

in Chapter 4 showthe positive influence of handcrafted feature fusion for image scene

geometry recognition.

By involving the particular handcrafted features with mialjier features CNN
architecture, the accuracy significantly improved over the existing methods such as G
MS2F (Tang et al., 2017achieves 82.96% recognition accuracy when it applies on
0st age dGNMIE &stimpl@r@nted by using three auxiliary classifiers

(explained inSubsection 2.2)2and their outome are combined using produate
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(defined inSubsection 2.1.5.3We use SVM with linear kernel, as author described

in their stuly. The code is given dffang, Wang, & Kwong, 2017b)n contrast, the
HF-MSF model approaches to 95.17% and 95.13% recognition accuracy when the
scorelevel fusion using the product and sum rule is applied, respectively. It means that
handcrafted features which are particularly contained the image scene geometry
information has strong influence in image scene recognitionoft a g e ahait as et
improves accuracy of 12.21% than existingS2F(Tang et al., 2017ajhethod It is

shown that our HIMSF model outperform by 12.92% of theMES2F (Tang et al
2017a)method On the other handt, also improves 8.88% performance compared to
TGFDeepFFmethod. It is because of adding the discriminative information of scene
geometry at each block of CNN and then applying the dewrd fusion. The
evaluationtime of the HFMSF model (training and testing) is approached to 52.72
sec and 522 sec for ModeHSF and ModeHHF, respectively, which is clear
evidence that it is faster than BP techniques that takes a long time to fine tune it

parameters.
5.4 Summary

In summary,we present a solution based on mldtier features of CNN and
handcrafted features fusidar the problem of 3D scene geometry recognitidra

single image. Thehandcrafted features contain rich information of image scene
geometry, including shape, depth, and color. Fusing the handcrafted features at
different blocks of multilayer CNN architecture improves the discriminative
information of image geometry, whichimportant for 3D scene geometry recognition

of a single image. Furthermotgf-MSF modelutilizes scordevel and featuréusion
strategies to gain the highest recognition accuracy. In $eeeé fusion, the multi

layer featurexombined with handcradtl featurest eachblocks individually fugd
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and the classifier at eatthock which is used to learn the image representation, then
their predicted scores at eablock are combined using sum or the product rule to
obtain final category type. In featulevel fusion, the handcrafted features and multi
layers features of CNN from differeblocks are combined into a single feature vector
and fed into a classifier to obtain final decision. Finally, to compare the effectiveness
of the HF-MSF mode] it is evduated on two different datasets. One is a 3D scene
geometry dataset, called ttstagedataseR Gvhile the other is thél5-scene datasgt
which is useful in image scene recognition. HieMSF modeis built on weltknown
deep architectures, nameBoogLeNet and ResNet architecturdhe deep features
are extracted at three differdsibcks of GoogLeNet and five different residual blocks
of ResNet model. Two classifiers, linear SVMdalBLM are usedvith scorelevel
fusion and featuréevel fusion stategiesAnalysis shows that scotevel fusion using
SVM classifier achieves best performance for both datasetsHFRSF model
achieves mamum accuracy of 97.86% on -K6ene dataset and 95.17% d@tage
dataseR @y using ResNet and GooglLeNet modedspectivelyWe also tested the
AlexNet architecture with four different layers for feature extractiodneant age dat a ¢
2 Owhile the accuracy was losompared to ResNet and GoogLeNet architectures
which shows that ResNet and GooglLeNet capture straeges discriminative
information Compared to statef-the-art methods, HHSF model achieves superior
performance on the both datasets with 12.21% and 4v@&%h increase accuracy
versus the GMS2F (Tang et al.,, 2017apnethod and 11.92% and 3.85%crease
accuracy versus FTOTLNBhaopeng Liu et al., 201&)ethod ond s t a anedl52 6
scené image datasets, respectively. On the other hand, compared teADWE
(Wang et al., 2020nd RLML-LSR (Wang et al., 202Inethod, ourHF-MSF model

increass 1.47% 4.36% accuracy on 15cene datasetespectively Compared to
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segmentatiotbbased feature extraction method,-MISF model improves the accuracy

of 5.10% when the }5cene image dataset is ussdmmarily, the results indicate that

our contributions provide super accuracy under two different CNN models with
SVM and ELM classifiersHowever, model is designed for medium scale 3D scene
geometry datasets. Furthermore, it also involves the handcrafted features which needs
to extract beside with deep CNN featuresttincrease the computational time

compared to standard CNN model.
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Chapter 6

CONCLUSION AND FUTURE WORK

6.1 Conclusion

In this thesis, we investigate the plem of 3D scene recognition froa single image,
which isan important task for many computer visepplicationsi.e., 3D TV,vehicle
navigation systepvideo categoriation. In this study, we explore differespectof

image scenesuch as image features, segmentation techniques, dataset availability,
deepCNN features andhandcraftedeatures integration at different blacto obtain
higher recognition rateThe most recent approaches of feature extraction, machine

learning and image processing are adapted to tduk[@® scene recognitigomoblem

In this thesis, we introduce thrd#éferent methods of 3D scene recognitiontHefirst
method,we explored thalifferentfeatures that describe the structure information of
image scene, and predefined templatéth respect to scene geometriesd the
segmentation process is utilizemobtain high accuracy on small and mediscale
datased Thus, thesegmentatiofbased feature extraction method of 3D scene
recognition is implemented tackle the problem ahe3D scene recognition famall
andmediumscale datasets and to achi¢he significantrecognition accuracy @D
scene recognitianThe handcraftedfeatures, including HOG, color (RGB, HSV),
parameters of the Weibull distribution, local binary patteamsl entropy valuare

studiedand these features afesed for each palticand further these fused feature
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vectors are combined into a single vector based on the teralsde segmentatipn
which is individually fed into aSVM classifier In this way,this method reducdbe
intra-class variation problenkinally, the obtained results of these eight classifiers are
integratedby using surrrule. Compared with the statd-the-art methods, our
segmentatiotbased feature extractionethod obtainedhe significantimprovement

in 3D scene geometrgcognition acuracy on two different scene datasétse results

are motivating in the sense that applying the appropriate templates and particular
image features improve the 3D scene recognition accorasgnall and mediuracale

datasetsvhen the images with relatilyeclear geometry structures are given

Accordingly, inthe second methothe problem of 3D scene recognition is tacKted

the mediumscale datasdty usingtexture gradient features and deep CNN feature
fusion method TGFDeepFF) It reduces the intralass variation problem between
the similar stages by using additional features of parametertheofVeibull
distribution.As CNN models require a large dataset for traipiagposeand3D scene
geometrydataset is nopublically available. Therefore, aovel 3D scene geometry
dataset 0 st a g eis cdmsttuates] dothan@edthis issdde key advantages of
using texture gradient features are that rich image scene geometry kpevsehsy

to extract Finally, ELM classifieris applied to learn the 3D scene geometry model.
The TGFDeepFFmethodis evaluated om nt r oduced dat aamt , 0st
resultsexhibit that theTGFDeepFFmethodobtairs 86.29% recognition accuyg
which is higherand it requires less trainingme compared to standard CNN
architecturesincluding AlexNet (Alex et al., 2012) GoogLeNet(Szegedy et al.,
2015) VGG-16 (Simonyan & Zisserman, 201%3nd ResNebO0 (He et al., 2016)

architectures
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Finally, in thethird methoda novelapproachs presented based on midyerC NN 6 s
featuresand handcrafted features fusion to the problem of 3D scene geometry
recognition of a single imag@HF-MSF). Above proposed methods show reliable
performance on small or mediuscale datasets, but losing scene to object relationship
because using the predefined structure and human interaction in feature extraction does
not represent well of image scene geometry stracvhen complex image scenes are
given. AndTGFDeepFFmethod uses CNN architecture which do not well train on
the small or medium scale datasets. Thus thé/ i approach is proposed to achieve
high recognition accuracy of the meditstale scene geometdataset. The related
works did not pay attention to use the handcrafted and deep feature fusion at the
intermediate layer. In this system, the handcrafted features andamaltifeatures are

fused at different blocks. The handcrafted features contdirinformation of image
scene geometry, including shape, depth, and color. Fusing the handcrafted features at
different blocks of multiayer CNN architecture improves the discriminative
information of image geometry, which is important for 3D scene gegmeztognition

of a single image when the medium scale datasets are Giwginermoretheproposed
HF-MSF model utilizes scorevel and featurdusion strategies to gain the highest
recognition accuracyThe analysis shows that scetevel fusion usingthe SVM
classifier achieveshe best performance for both datasefbe proposed HIMSF
approach achieves maximum accuracy of 97.86% escébe dataset and 95.17% on
O0stage dataset 20 by wusing ResNet and
superior o the statef-the-art methods. Result indicates that the proposed approach
achieves high accuracy on mediscale scene datasets using additional handcrafted

features with multiayer CNN features

140



Summarily, the 3D scene regoition problemis studied in this thesis and it can be
recommended in three different aspects

1) Templatebased segmentatiomethod (see Chapter 8 used to achieve high
recognition accuracy on small andediumscale datasets with relatively clear
geometric structuse(see Tables 3.2, 3.3, and 3.%)e recommend this method for
smallscale image scene geometry datasatis relatively clear geometric structyre

see Table 6.1

2) Texture Gradient Features and Deep CNN Feature F(B®RDeepFF)method

is introduced for mediurscale image scene recognitidine proposed GFDeepFF
methodis useful for capturing the accurate depth and scene structure information as it
shows better accuracy on O0Ostage «€HNaset .
architecture. It takes benefits of texture gradient feafiNedovic etal., 2010) which
provides rich information of scene depth and by applying the extreme learning
machine (Huang et al., 2008),fine-tunes the scene recognition model faster than
standardh backpropagation algorithm (see Table 4.1). Recommendadi@given in

Table 6.1 (row 2jhat it can be useful for medium scale scene geometry ddtadset

very fast in training compared to standard GNidsed backpropagati@atgorithm

3) Finally, if the complex scene medium scale datagetsiven, then the Handcrafted
Features with CNN MultBtages Features (HWASF) approacihcan be applied. As it

uses additional features with muliyer CNN features and achievi®$.17% and
97.87% recognition accur-acenesat itccantbage d a
recommended (see Table 6.1, row 3) for medaaale datasetvhenhigh accuracy is
requiredlt is complex compared to segmentatimsed feature extraction and texture
gradient features and deep CNN feature fusion methddt achieves high accuracy

on mediumscale datasets.

141



Furthermore, th& GFDeepFF andHF-MSF approaches are proposed for medium
scale datasets and they use additional handcrafted features when the large scale
datasets are not given because the images areoaileto well train the CNN models.

Therefore, the accuracy of both approaches are higher than baseline methods.

Table 6.1: Recommendatisof introduced methods

;:hapter Methods Recommendation
. We recommend this method for smaltale image
Segmentation : .
scene geometry datasets with relatively c
1 based featurg

geometric structusg as it shows high accuracy

O0stage dataset 106 ( seé¢
It is recommended for mediustalescene datase
Texture Gradien| as it shows higher accuracpmpared to standal
Features and Deg CNN architectures (see Table 4.1). It is very fas

extraction method

CNN Feature training compared to standard CNN architectt

Fusion method (see Table 4.1)It can be useful for redime
systems.

Handcrafted

Features witH It is applicable for mediurscale scene geomet
3 dataset when the high accuracy of image sce

CNN Multi-Stages .. itionis required
Featuresnodel g 9

6.2 Future work

In future work the 3D scene recognitiomay aggregatewith object detection, 3D
scene layout extraction by using advahoeachine learning approaches recent

study of deep CNN shows that the CNN can be used for shjetéction and
segmentation purposeége. region basedNN (R-CNN) and mask FCNN (He,

Gkioxari, Dollar, & Girshick, 2020\We expect that objestietection andcene layout
extractionaccuracymay improwe when the3D scene geometng known of a single
image However adeep study oENN for object detection anskene layout extraction

by following 3D scene geometof a single image is required.

142



REFERENCES

Aghdam, H. H., & Heravi, E. J. (2018). Guide to Convolutional Neural Networks: A
Practical Application to TraffkSign Detection and Classificati@pringer 1-

303. d0i:10.1007/978-319-575506

Alex, K., Sutskever, I., & Hinton, G. E. (2012). ImageNet<Slfication with Deep

Convolutional Neural Networks. 1097105.

Ali, N., Zafar, B., Riaz, F., Hanif Dar, S., Igbal fgal, N., Bashir Bajwa, K.,Sajid,
M. (2018). A Hybrid Geometric Spatial Image Representation for scene
classification. PLOS ONE, 1®), e0203339.

doi:10.1371/journal.pone.0203339

Alom, M. Z., Taha, T., Yakopcic, C., Westbef§, Hasan, M., Esesn, BAsari, V.
(2018). The History Began from AlexNet: A Comprehensive Survey on Deep

Learning Approaches.

Anderson, C. H., Van Essen, D. C., @shausen, B. A. (2005). CHAPTER -3
Directed Visual Attention and the Dynamic Control of Information Flow. In L.
Itti, G. Rees, & J. K. Tsotsos (EdsNeurobiology of Attentioifpp. 1117).

Burlington: Academic Press.

Anguita, D., Boni, A., Ridella, SRivieccio, F., & Sterpi, D. (2005). Theoretical and

Practical Model Selection Methods for Support Vector Classifiers. In L. Wang

143



(Ed.), Support Vector Machines: Theory and Applicatiqpp. 159179).

Berlin, Heidelberg: Springer Berlin Heidelberg.

Ballabio, D., Grisoni, F., & Todeschini, R. (2018). Multivariate comparison of
classification performance measuresChemometrics and Intelligent

Laboratory Systems, 173344.

Brébisson, A., & Vincent, P. (2015). An Exploration of Softmax Alternatives

Belongingto the Spherical Loss Family.

Breiman, L. (2001). Random ForestsMach. Learn., 48l), & 32.

doi:10.1023/a:1010933404324

Brownlee, J. (April 24, 2019). Convolutional Neural Network Model Innovations for
Image ClassificationDeep Learning for Computer 8ion. Retrieved from
https://machinelearningmastery.com/reviefaarchitecturainnovationsfor-

convolutionalneuratnetworksfor-imageclassification/ Feb 2020.

Carreira, J., & Sminchisescu, C. (2012). CPMC: Automatic Object Segmentation
Using Constrained Parametric M@uts. IEEE Transactions on Pattern
Analysis and Machine Intelligence, (3%, 13121328.

doi:10.1109/TPAMI.2011.231

Chan, T. F., & Vese, L. A. (2001). Active contours without edtf&lSE Transactions

on Image Processing, (@), 266277. doi:10.1109/83.902291

144


https://machinelearningmastery.com/review-of-architectural-innovations-for-convolutional-neural-networks-for-image-classification/
https://machinelearningmastery.com/review-of-architectural-innovations-for-convolutional-neural-networks-for-image-classification/

Cortes, C., & Vapnik, V. (1995). Suppérector NetworksMachine Learning, 2(3),

273297 doi:10.1023/A:1022627411411

Cheng, D., Yu, W., He, X., Ni, S, Lv, J., Zeng, W., & Yuanlong, ¥9®Bec. 2015).
Scene recognition based on extreme learning machine for digital video archive
managementPaper presented at the 2015 IEEE International €ente on

Robotics and Biomimetics (ROBIO).

D. Hoiem, A.A. Efros, & Hebert, M. (2007). Matlab code of Recovering Surface
Layout from an Image. Retrieved frohttp://dhoiem.cs.illinois.edufeb

2018.

Dalal,N., & Triggs, B. 0-25 June 2005Histograms of oriented gradients for human
detectionPaper presented at the 2005 IEEE Computer Society Conference on

Computer Vision and Pattern Recognition (CVPR'05).

Deng, J., Ding, N., Jia, Y., Frome, AMurphy, K.,Bengio, S.,Adam, H. (201
Large-Scale Object Classification Using Label Relation GrapPRsper

presented at the Computer VisibECCV 2014, Cham.

Deng, J., Dong, W., Socher, R., lli,, Kai, L., & Li, F.-F. 20-25 June 2009).
ImageNet: A largescalehierarchical image databas®aper presented at the

2009 IEEE Conference on Computer Vision and Pattern Recognition.

145


http://dhoiem.cs.illinois.edu/

Duffy, S. F. (1997). Weibull Parameter Estimatidieory and Backgroufid
Information, Connecticut Reserve Technologies, LLC, Cleavelandy Ohi

44114 1-22.

Faruk Ortes, Derya Karabulut, & Arslan, Y. Z. (2019). General Perspectives on
Electromyography Signal Features and Classifiers Used for Control of Human
Arm ProstheticsIGIl Global, 1-17. doihttp://doi:10.4018/978-52252255

3.ch043

G. Kumar, & Bhatia, P. K.89 Feb. 2014)A Detailed Review of Feature Extraction
in Image Processing Syster®aper presented at the 2014 Fourth International

Conference on Advanced Computing & Comreation Technologies.

gettyimages. (accessed at March 2019). gettyimages data Retrieved from

https://www.gettyimages.com/photpdline 2018.

Geusebroek, <M., & Smeulders, A. W. M. (2005). A Sigtimulus Theory for
Stochastic Texturelnternational Journal of Computer Vision, @3, 7-16.

doi:10.1007/s112680546327

Geusebroek, J., Smeulders, A. W. M., & Weijer, J. v. d. (2003). Fast anisotropic Gauss
filtering. IEEE Transactions on Image Processing, (812 938943.

doi:10.1109/TIP.2003.812429

Gonzalez, R. C., & Woods, R. E. (200Djgital Image ProcessingAddisonWesley

Longman Publishing Co., Inc.

146


http://doi:10.4018/978-1-5225-2255-3.ch043
http://doi:10.4018/978-1-5225-2255-3.ch043
https://www.gettyimages.com/photos/

Gonzalez, R. C., & Woods, R. E. (200®)igital Image Processing (3rd Edition)

PrenticeHall, Inc.

Gonalez, R. C., & Woods, R. E. (2018pigital image processing 4Th edition

Pearson: Printed and bound in Malaysia.

Gonzalez, R. C., Woods, R. E., & Eddins, S. L. (20@8yital Image Processing

Using MATLAB PrenticeHall, Inc.

GuangBin, H., QinYu, Z., & CheeKheong, S. 2529 July 2004)Extreme learning
machine: a new learning scheme of feedforward neural netw®#per
presented at the 2004 IEEE International Joint Conference on Neural Networks

(IEEE Cat. N0.04CH37541).

Hassantabar, S., Ahmadi, M., Sharifi, A. (2020). Diagnosis and detection of infected
tissue of COVID19 patients based on lungray image using convolutional
neural network approache€haos, Solitons & Fractals, 140110170.

doi:https://doi.org/10.1016/j.chaos.2020.110170

He, K., Gkioxari, G., Dollar, P., & Girshick, R. (2020). MaskCRIN. IEEE
Transactions on Pattern Analysis and Machine Intelligenc&)4386397.

doi:10.1109/TPAMI.2018.2844175

He, K., ZhangX., Ren, § & Sun, J. 27-30 June 2016 Deep Residual Learning for
Image RecognitionPaper presented at the 2016 IEEE Conference on

Computer Vision and Pattern Recognition (CVPR).

147


https://doi.org/10.1016/j.chaos.2020.110170

Hedau, V.Hoiem, D., & Forsyth, D.Z9 Sept2 Oct. 2009)Recovering the spatial
layout of cluttered room#$aper presented at the 2009 IEEE 12th International

Conference on Computer Vision.

Hochreiter, S., Bengio, Y., Frasconi, P., & Schmidhuber, J. (2001). Gradient flow in
recurrent nets: the difficulty of learning loitgrm dependesies. In S. C.
Kremer & J. F. Kolen (Eds.A Field Guide to Dynamical Recurrent Neural

Networks IEEE Press.

Hoiem, D., Efos, A. A., & Hebert, M. 17-21 Oct. 2005)Geometric context from a
single imagePaper presented at the Tenth IEEE International Conference on

Computer Vision (ICCV'05) Volume 1.

Hoiem, D., Efos, A. A., & Hebert, M. 17-22 June 2006)Putting Objects in
PerspectivePaper presented at the 2006 IEEE Computer Society Conference

on Computer Vision and Pattern Recognition (CVPR'06).

Hoiem, D., Efros, A. A., & Hebert, M. (2007). Recovering Surface Layout from an
Image. International Journal of Computer Vision, (@5, 15%172.

doi:10.1007/s1126806-003%y

Huang, G:B., Zhu, Q-Y., & Siew, C.-K. (2006). Extreme learning machine: Theory
and applications. Neurocomputing, 1), 489501.

doi:https://doi.org/10.1016/j.neucom.2005.12.126

148


https://doi.org/10.1016/j.neucom.2005.12.126

Huang, G., Bai, Z., Kasun, L. L. C., & Vong, C..N2015a). Extreme learning
machine, Matlab implementation. Retrieved from

https://github.com/ExtremeLearningMachines/ELLRRF, August 2019.

Huang, G., Bai, Z., Kasun, L. L. C., & Vong, M. (2015b). Local Receptive Fields
Based Extreme Learning MachindEEE Computational Intelligence

Magazine, 1®), 1829. doi:10.1109/MCI.2015.2405316

l gl haut , J. Cabo, c., Pul iti), S. , Pierr
Structure from Notion Photogrammetry in Forestry: a Revie@urrent

Forestry Reports, @), 155168. doi:10.1007/s4072819-000943

Jan Mark Geusebroek, Arnold W. M. Smeulders, & Weijer, J. v. d. (2007). Matlab
code for anisotropic filter Retrieved from
https://ivi.fnwi.uva.nl/isis/publications/bibtexbrowser.php?key=GeusebroekT

IP2003&bib=all.bik July 2018.

Joost van de Weijer , Theo Gevers , & Gijsenij, Retrieved from

https://staff.fnwi.uva.nl/th.gevers/software.htiwlarch 2019.

Jung, C., & Kim, C. (2012). Redilme estimation of 3D scene geometry from a single
image. Pattern Recognition, 459), 32563269.

doi:https://doi.org/10.1016/j.patcog.2012.02.028

149


https://github.com/ExtremeLearningMachines/ELM-LRF
https://ivi.fnwi.uva.nl/isis/publications/bibtexbrowser.php?key=GeusebroekTIP2003&bib=all.bib
https://ivi.fnwi.uva.nl/isis/publications/bibtexbrowser.php?key=GeusebroekTIP2003&bib=all.bib
https://staff.fnwi.uva.nl/th.gevers/software.html
https://doi.org/10.1016/j.patcog.2012.02.028

Khan, A., Chefranov, A., & Demirel, H. (2020a). Imalgevel Structure Recognition
Using Image Features, Templates, and Ensembl€lassifiers.Symmetry,

12(7), 1072. doi:doi.org/10.3390/sym12071072

Khan, A., Chefranov, A., & Demirel, H. (2020b,-1@ Aug. 2020)Texture Gradient
and Deep Features Fusigdased Image Scene Geometry ldentification System
Using Extreme Learning Maaie. Paper presented at the 2020 3rd
International Conference of Intelligent Robotic and Control Engineering

(IRCE), University of Oxford, UK.

Khoo, Y-H., Goi, B:M., Chai, T:Y., Lai, Y.-L., & Jin, Z. (2018).Multimodal
Biometrics System Using Featdrewel Fusion of Iris and FingerprintPaper
presented at the Proceedings of the 2nd International Conference on Advances
in Image Processing, Chengdu, China.

https://doi.org/10.1145/3239576.3239599

Kim, S., Kawri, S., & Lee, M. (2018 Deep Network with Support Vector Machines.

Paper presented at the Neural Information Processing, Berlin, Heidelberg.

Kittler, J., Hatef, M., Duin, R. P. W., & Matas, J. (1998). On combining classifiers.
IEEE Transactionsn Pattern Analysis and Machine Intelligence(30226

239. doi:10.1109/34.667881

Krizhevsky, A., Sutskever, 1., & Hinton, G. E. (2017). ImageNet classification with
deep convolutional neural network€Commun. ACM, @), 8490.

doi:10.1145/3065386

150


https://doi.org/10.1145/3239576.3239599

Lazelmik, S.,Schmid, C., & Ponce, J. 1422 June 2006 Beyond Bags of Features:
Spatial Pyramid Matching for Recognizing Natural Scene Categdriser
presented at the 2006 IEEE Computer Society Conference on Computer Vision

and Pattern Recognition (CVPR)06

LeCun, Y., Bengio, Y., & Hinton, G. (2015). Deep learniN@ture, 52{7553), 436

444. doi:10.1038/nature14539

Lee, C., Badrinarayanan, V., Malisiej T., & Rabinovich, A.Z2-29 Oct. 2017).
RoomNet: Endo-End Room Layout EstimatioRaper presenteat the 2017

IEEE International Conference on Computer Vision (ICCV).

Lei, Y., Karimi, H. R., Cen, L., Chen, X., & Xie, Y. (2021). Processes soft modeling
based on stacked autoencoders and wavelet extreme learning machine for
aluminum plamnwide applicationControl Engineering Practice, 10804706.

doi:https://doi.org/10.1016/j.conengprac.2020.104706

Lin, G., Fan, C., Zhu, H., Miu, Y., & Kang, X. (2017). Visual feature coding based on
heterog@neous structure fusion for image classificatilnfi. Fusion, 3§C),

275 283. d0i:10.1016/.inffus.2016.12.010

Linda G. Shapiro , & Stockman, G. C. (200€omputer Vision1st Edition ed.):

PearsonlSBN-10: 0130307963

Liu, B., Liu, J., & Lu, H. (2015)Learning representative and discriminative image

representation by deep appearance and spatial cdclamgputer Vision and

151


https://doi.org/10.1016/j.conengprac.2020.104706

Image Understanding, 136 2331. doi:

https://doi.org/10.1016/j.cviu.201E3.006

Liu, S., & Deng, W. 8-6 Nov. 2015)Very deep convolutional neural network based
image classification using small training sample sRaper presented at the

2015 3rd IAPR Asian Conference on Pattern Recognition (ACPR).

Liu, S., Tian, G., &Xu, Y. (2019). A novel scene classification model combining
ResNet based transfer learning and data augmentation with a filter.
Neurocomputing, 338 191206. doi:

https://doi.org/10.1016/j.neunn2019.01.090

Lou, Z., Gevers, T., & Hu, N. (2015). Extracting 3D Layout From a Single Image
Using Global Image StructuredeEE Transactions on Image Processing,

24(10), 30983108. doi:10.1109/TIP.2015.2431443

Lowe, D. G. 20-27 Sept. 1999)Object recogiiion from local scalanvariant
featuresPaper presented at the Proceedings of the Seventh IEEE International

Conference on Computer Vision.

Luo, N., Sun, Q., Chen, Q., Ji, Z., & Xia, D. (2015). A Novel Tracking Algorithm via
Feature Points Matching. PLOS ONE, 101), e0116315.

doi:10.1371/journal.pone.0116315

Marculescu, D., Stamoulis, D., & Cai, E. (201l8ardwareaware machine learning:

modeling and optimizationPaper presented at the Proceedings of the

152


https://doi.org/10.1016/j.cviu.2015.03.006
https://doi.org/10.1016/j.neucom.2019.01.090

International Conference on Compufeded Design, San Diego, California.

https://doi.org/10.1145/3240765.3243479

Marr, D. (1982). Vision: A Computational Investigation into the Human

Representation and Processing of Visual Informatitenry Holtand Co., Inc.

Mei Wang, & Deng, W. (2018). Deep Face Recognition: A SuraeXiv preprint

arXiv:1804.06655

Mensink, T. (2012). Matlab code of Retrieved frottps://github.com/tmensink/fvkit

July 2018.

Milton Abramowitz , & Stegun, I. A. (1972Handbook of Mathematical Functions

with Formulas, Graphs, and Mathematical Tab(gth ed.).

Mohandes, M., Deriche, M., & Aliyu, S. O. (2018). Classifiers Combination
Techniques: A Comprehensive RevieWEEE Access, 6 1962619639.

doi:10.1109/ACCESS.2018.2813079

Nanni, L., Ghidoni, S., & Brahnam, S. (2017). Handcrafted vs-hamdcrafted
features for computer vision classificatidtattern Recognition, 71158172.

doi:https://doi.org/10.1016/j.patcog.2017.05.025

Nedovic, V., Smeulders, A. W., Redert, A., & Geusebroek, J. M. (2010). Stages as
models of scene geometti£ZEE Trans Pattern Anal Mach Intell, 3, 1673

1687. doi:10.1109/TPAMI.2009.174

153


https://doi.org/10.1145/3240765.3243479
https://github.com/tmensink/fvkit
https://doi.org/10.1016/j.patcog.2017.05.025

Nikisins, O. (2020). Local binary patterns transformation of the input image.
Retrieved fromhttps://ch.mathworks.com/matleéntral/fileexchange/37781

locakbinary-patternstransformatiorof-the-inputimage June 2018.

Ojala, T., Pietik, M., & Maenpaa, T. (2002). Multiresolution G&oale and Rotation
Invariant Texture Classification with Local Binary PatteriiSEE Trans.

Pattern Anal. Mach. Intell., 2%), 972987. doi:10.1109/tpami.2002.1017623

Oliva, A., & Torralba, A. (2001a). Gist descriptor Matlab code Retrieved from

https://people.csail.mitdei/torralba/code/spatialenvelopdiine 2018.

Oliva, A., & Torralba, A. (2001b). Modeling the Shape of the Scene: A Holistic
Representation of the Spatial Envelop#ernational Journal of Computer

Vision, 423), 145175. doi:10.1023/A:1011139631724

Ozyut, F. (2020). A fused CNN model for WBC detection with MRMR feature
selection and extreme learning machi@eft Computing, 441), 81638172.

doi:10.1007/s0056019-043838

¥zyurt, F. ., Sert, E. , & Avece, D. :2020) .
Fuzzy Gmeans with super resolution and convolutional neural network with
extreme learning machine. Medical Hypotheses, 134 109433.

doi:https://doi.org/10.1016/j.mehy.2019.109433

154


https://ch.mathworks.com/matlabcentral/fileexchange/37781-local-binary-patterns-transformation-of-the-input-image
https://ch.mathworks.com/matlabcentral/fileexchange/37781-local-binary-patterns-transformation-of-the-input-image
https://people.csail.mit.edu/torralba/code/spatialenvelope/
https://doi.org/10.1016/j.mehy.2019.109433

Paris, S., Hamoff, S. W., & Kautz, J. (2011). Local Laplacian filters: eduyeare
image processing with a Laplacian pyranA&€M Trans. Graph., 3@), 1-12.

doi:10.1145/2010324.1964963

Patalas, M., & Halikowski. (2019). A Model for Generating Workplace Procedures
Usingg a CNNSVM Architecture. Symmetry, 1®), 1151.

doi:10.3390/sym11091151

Penatti, O. A. B., Noguea, K., & Santos, J. A. d7{12 June 201500 deep features
generalize from everyday objects to remote sensing and aerial scenes
domains?Paper presented tite 2015 IEEE Conference on Computer Vision

and Pattern Recognition Workshops (CVPRW), Boston, MA, USA.

Phung, & Rhee. (2019). A HighAccuracy Model Average Ensemble of Convolutional
Neural Networks for Classification of Cloud Image Patches on Small&stas

Applied Sciences,, 94500. doi:10.3390/app9214500

Pietikainen, M., Hadid, A., Zhao, G., & Ahonen, T. (2011). Computer Vision Using
Local Binary Patterns. In M. Pietikdinen, A. Hadid, G. Zhao, & T. Ahonen
(Eds.),Computer Vision Using Local Binary Paths (pp. EXE2). London:

Springer London.

Pietikainen, M., & Zhao, G. (2016). Two decades of local binary patterns: A survey.

CoRR, abs/1612.06795

155



Quatoni, A., & Torralba, A. 20-25 June 2009)Recognizing indoor sceneBaper
presented at the 2009 IEEConference on Computer Vision and Pattern

Recognition.

Richards, W., Jepson, A., & Feldman, J. (1996). Priors, preferences and categorical
percepts. In C. K. David & R. Whitman (EdsBerception as Bayesian

inference(pp. 93122): Cambridge University Press.

Rosset, S. (2004Model selection via the AU®aper presented at the Proceedings of
the twentyfirst international conference on Machine learning, Banff, Alberta,

Canada.

Sanchez, J., Perronnin, F., Mensink, & .Verbeek, J. (2013). Image Classification
with the Fisher Vector: Theory and Practit&. J. Comput. Vision, 1@3),

222-245. doi:10.1007/s1126313-0636x

Scott, D. W. (1992). Histograms: Theory and Practice, ChapldtBsariate Density

Estimation(pp. 4794).

Simonyan, K., & Zisserman, A. (2018jery Deep Convolutional Networks for Large
Scale Image Recognition, arXiv:1409.1566@p://arxiv.org/abs/1409.1556

http://arxiv.org/abs/1409.1556

Snelick, R., Uludag, U., Mink, A., Indovina, M., & Jain, A. (2005). Lasgale

evaluation of multimodal biometric authentication using stditthe-art

156


http://arxiv.org/abs/1409.1556
http://arxiv.org/abs/1409.1556

systemsIEEE Transactions on Pattern Analysis and Machine Imgfefice,

27(3), 450455. doi:10.1109/TPAMI.2005.57

Somvanshi, M., Chavan, P., Taate, S., & Shinde, S. V12-13 Aug. 2016)A review
of machine learning techniques using decision tree and support vector
machine Paper presented at the 2016 Internationaif€ence on Computing

Communication Control and automation (ICCUBEA).

Szegedy, C., Liu, W., Jia, Y., Sermanet, Re® S. E., Anguelov, DRabinovich, A.
(2015). Going deeper with convolutions

https://doi.org/10.1109/CVPR.2015.7298594

Szeliski, R. (2011). Computer vision algorithms and applications. London; New York:

Springer.

Tang, P., Wang, H., &wong, S. (2017a). @1S2F: GoogLeNet based muittage
feature fusion of deep CNN for scene recognitdeurocomputing, 225.88

197. doihttps://doi.org/10.1016/j.neucom.2016.11.023

Tang, P.Wang, H., & Kwong, S. (2017b).-®IS2F: GooglLeNet Based Mulitage
Feature Fusion ofDeep CNN for Scene RecognitiolRetrieved from

https://mic.tongji.edu.cn/51/46/c9778a86342/page, Wtogust, 2020.

Tang, J., Deng, C., Huang, G., & Zhao, B. (2015). CompreBsatain Ship

Detection on Spaceborne Optical Image Using Deep Neural Network and

157


https://doi.org/10.1109/CVPR.2015.7298594
https://doi.org/10.1016/j.neucom.2016.11.023
https://mic.tongji.edu.cn/51/46/c9778a86342/page.htm

Extreme Learning MachindEEE Transactions on Geoscience and Remote

Sensing, 53), 11741185.d0i:10.1109/TGRS.2014.2335751

Tomasi, C. (2012). Histograms of oriented gradie@itsnputer Vision Samplér6.

Torralba, A., & Oliva, A. (2002). Depth estimation from image structiE&E
Transactions on Pattern Analysis and Machine Intelligenc)242261238.

doi:10.1109/TPAMI.2002.1033214

Tulyakov, S., Jaeger, S., Govindaraju, V., & Doermann, D. (2008). Review of
Classifier Combination Methods. In S. Marinai & H. Fujisawa (Ed4achine
Learning in Document Analysis and Recogniti(pp. 361386). Berlin,

Heidelberg: Springer Berlin Heidelberg.

Ujjwalkarn. (August 9, 2016 ). A Quick Introduction to bl Networks. Retrieved
from https://ujjwalkarn.me/2016/08/09/quitktro-neuratnetworks/ Dec

2020.

Wang, C., Peng, G., & De Baets, B. (2020). Deep feature fusion through adaptive
discriminative metric learning for scene recognitibriormation Fusion, 63

1-12. doihttps://doi.org/10.1016/}.inffus.2020.05.005

Wang, C., Peng, G., & Lin, W. (2021). Robust local metric learning via least square
regression regularization for scene recognitideurocomputing, 423179

189. doihttps://doi.org/10.1016/j.neucom.2020.08.077

158


https://ujjwalkarn.me/2016/08/09/quick-intro-neural-networks/
https://doi.org/10.1016/j.inffus.2020.05.005
https://doi.org/10.1016/j.neucom.2020.08.077

Weng, Q., Mao, Z., Lin, J., & Guo, W. (2017). Labde Classification via Extreme
Learning Classifier Based on Deep Convolutional Featlfee€ Geoscience
and Remote Sensing Letters, (34 704708.

doi:10.1109/LGRS.2017.2672643

Weihull, W. (1951). A statistical distribution function of wide applicabildyAppl

Mech, 18 290-293.

Weijer, J. v. d., Gevers, T., & Gijsenij, A. (2007). Edgsed Color ConstancNeEE
Transactions on Image  rBcessing, 1), 22072214,

doi:10.1109/TIP.2007.901808

Weisstein, & W., E. (2020). Vector Norm. Retrieved from

https://mathworld.wolfram.com/VectorNorm.htnidec., 2020.

Winn, J., Cminisi, A., & Minka, T. (17-21 Oct. 2005)Object categorization by
learned universal visual dictionaryPaper presented at the Tenth IEEE
International Conference on Computer Vision (ICCV'05) Volume 1, Beijing,

China

Xiao, J., Hays, J., Ehinger, K. A. i@, A., & Torralba, A. (3-18 June 2010 SUN
database: Largescale scene recognition from abbey to Zaper presented at
the 2010 IEEE Computer Society Conference on Computer Vision and Pattern

Recanition, San Francisco, CA, USA

159


https://mathworld.wolfram.com/VectorNorm.html

Xie, L., Lee, F., Liu, L., Ktani, K., & Chen, Q. (2020). Scene recognition: A
comprehensive survey. Pattern Recognition, 102 107205.

doi:https://doi.org/10.1016/j.patcog.2020.107205

Xin, Y., Kong, L., Liu, Z., Wang, C., Zh, H., Gao, M. Xu, X. (2018). Multimodal
FeaturelLevel Fusion for Biometrics Identification System on IoMT Platform.

IEEE Access, ,2141821426. doi:10.1109/ACCESS.2018.2815540

Yamashita, R., Nishio, M., Do, R. K. G., & Togashi, K. (2018). Convolutiaeatal

networks: an overview and application in radiolognsights into Imaging,

9(4), 611629. doi:10.1007/s1324@18-06399

Yang, Y., & Newsam, S. (201@agof-visualtwords and spatial extensions for land

use classification Paper presented at the &redings of the 18th

SIGSPATIAL International Conference on Advances in Geographic

Information Systems, San Jose, California.

Yann LeCun, Corinna Cortes, & Burges, C. J. (2010). [online] MNIST Jwaitten

digit database. AT&T Labs.

Yu, W,, Yang, K., YapH., Sun, X., & Xu, P. (2017). Exploiting the complementary
strengths of multlayer CNN features for image retrievédleurocomputing,

237, 235241. doihttps://doi.org/10.1016/j.neucom.2016 Q@2

Zafar, B., Ashraf, R., Ali, N., Ahmed, M., Jabbar, S., & Chatzichristofis, S. A. (2018).

Image classification by addition of spatial information based on histograms of

160


https://doi.org/10.1016/j.patcog.2020.107205
https://doi.org/10.1016/j.neucom.2016.12.002

orthogonal vectors. PLOS ONE, 1®), e0198175.

doi:10.1371/journal.pone.0198175

Zafa, B., Ashraf, R., Ali, N., Ahmed, M. abbar, S., Qureshi, K. NJeon, G. (2018).
Intelligent image classificatichased on spatial weighted histograms of

concentric circlesComput. Sci. Inf. Syst., 1615633.

Zarbakhsh, P., &emirel, H. (2018). Lowank sparse coding and region of interest
pooling for dynamic 3D facial expression recognitiSignal, Image and Video

Processing, 1), 16111618. doi:10.1007/s1176W18 13185

Zhou, B., Lapedriza, A., Khosla, A., Oliva, A., 8oifralba, A. (2018). Places: A 10
Million Image Database for Scene RecognitiifEE Transactions on Pattern
Analysis and Machine Intelligence, (@0, 14521464.

doi:10.1109/TPAMI.2017.2723009

Zhou, B., Lapedriza, A., Xiao, J., Torralba, A., & Oliva, A. 12). Learning deep
features for scene recognition using places databBaper presented at the
Proceedings of the 27th International Conference on Neural Information
Processing Systems, Volume 1, Montreal, Canada.

https://dl.acm.org/doi/10.5555/2968826.2968881

Zurada, J. (1992)Introduction to artificial neural systemdNest Publishing Co.

https://dl.acm.org/doi/book/10.5555/131393

161


https://dl.acm.org/doi/10.5555/2968826.2968881

APPENDICES

162



Appendix A: Predefined Template Structure

Template'Y is represented by an array ¥ 0 size same as input image I. Each
element of an array is an integer number in arangésf m&8Y p HY ¢38 0 ws
the number of segments/componentsDin the template;Y Nb is obtained by

& ¢RQIO Element’Y

belong to theéQth segment. I i

¢, then @ p andg
one template, e.g. shown in Figure A.1).

"Q whereQis from SS, if the pixefj “@Qin an image shall

¢ (2 are segments in

11

1,C

R,1

R,C

Figure A.1: ImagéQwith 'Y rows andd columns. Coordinates of four corners are
shown. Each cell represents a pixel of 2D im&aye

The some

templ at bdodv: exampl e

ar e

gi ven

Template T from Figure 2.8 (a) an be represented by equationlA Assume T

same size as input imag@gthen,

4 pd,- hpd

So, resultanTican be visualized by Figure A.2.

Al A
4 - pdRfpg¢t T8

ph
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elleolle] — — —

(A1)

(a) Template with eachixel value (b) Template with each pixels value and

FigureA.2: Implementation of templaf€;, for'Y 06

The template T(Figure 28 (b)) can be obtainelly dividing the image into 3

shadow

horizontal components as it is shown in Figar8d (b). Thus,
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v 4 pd- chﬂ# pF‘

4 -d- -ftpg <ch (A.2)
LY Al A

V4 - - pRfpg o8

i

1[1f11]1f1]1]1 11111111
1/1faf1faf1f1]1 11111111
1/1f1f1faf1f1]1 11111111
2| 2]2]2]2]2]2]2 2 2222222
2|2]2]2]2]2]2]2 2 2222222
2|2]2]2]2]2]2]2 2 2222222
3/3[/3[3]3[3]3]3

3/3[/3[3[3[3[3]3

(a) (b)
FigureA.3. Implementation of templaie. (a) isshowingthevalueof each pxel
and (b) is aegments with boundariey following these values

Template E from Figure 28(c) is formed ariangle. Hence, we assume three points,
(npM¢Mo) to generate mask of triangle using image coordinates.

np "Yf ptp h

ng "6 pho,

0o Y Y h

ts= 40 AQ TNQ pRBEIYNQ pltreEBh
Ts= N Qo@ai WO WO & @dipicho p. A.3)

04 OQQ Q@ YR @O EfEMcoc  p, where the pixel lie inside the
triangle, the value is considered to be 1. And remaining pixels value will be zero.
Example is shown in Figur.5.
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(a) (b)
FigureA.5: Implementation btemplateFigure 28(c). (a) is showing the value of
each pixel and (b) is a segments with boundaries by following these values.

Template T from Figure 28 (d) can balefined by using equatio@(3). Only value
of the parameters will be changed. Thie, value of the parameter

points fphcho is:

-

ne

gc

8] 0)
o/loj/ojo|o|of0]1 0 0 0 O gt
o|lojolo|o]0O[1]1 0 0 O pui
o|lojolo|o[1]1]1 0 g 111
o|lojolo|1]1]1]1 0 1111
olojof1|1]1]1]1 0 1111
olofal1|1]21]2]12 0 1111
ol1f2l2l1]2]2]12 0 1111
1(1f11f2]2l1]1 1 1111

(@ (b)

FigureA.6: Implementation of templaf&s. (a) is showing the value of each pixel
and (b) is a segments with boundaries by following these values

Template F (Figure 28(e)) can beobtained by,
40 AQ TQ pkB AYTQ plkB FBh
4v - -d- -h -d- - p8 (A.4)

The graphical representation of the templatée) is given in Figurd\..7.
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(@)

FigureA.7: Implementation of templatesT(a) is showing the value efch pixel
and (b) issegments with boundaries by following these values.
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Appendix B: Basic Description ofParameters ofWeibull Distribution

Weibull distribution was introducedyhthe Svedish physicist Waloddi Weibull in
1939(Weihull, 1951) The definition of Weibull distribution is, a random variable X

I's said to have a Weibull di stribution w
pdf of X is,

o N
— \.(r—le—(.\'/B) x=0

foa,B) =B

X<
] 0 sl (B
Where,U shapea n d stalegarameteand x isrealnumbeBot h U and b ¢
varied to get the number, as it looking in densuyes. Figure B.1 illustratéash e U i s

shapea n d sdaleparameterFigureB2i | | ustrates U is shape a
and it shows di f fle2). im RigureB.Z(ad) =2h @aix abmpfl cers (o0f.
theiWull diBtwiitbhutviaorny ifhog{ ® h%®, vihnlcurze aosti} n g
t he via,l uiet ogioeheés smrve.

Mlxl .

[ 1

0 5 1.0 1.5 2.0 2.5

FigureB.1: Weibull distribution with different andf value_s: using equatiom(1).
__ Alpha=1/2

Alpha=1
05 [

MW B ;o om ®
a 2 =2 F a P o 2
o 5 >y o © (.
[ W ;B

o o ©
weibul distribution where Bela=1, AIph:-FI

weibul distribution where Beta=1, Alpha=0.5

i T

o " . " " ] p = L L . L . 1
- -3 -2 -1 1] 1 2 3 4 4 3 -2 -1 0 1 2 3 4
input x value nput x value

(a) alpha =0.5 Beta =1 (b) Alpha =1, Beta =1

167



1, Alpha=2

weibul distribution where Beta:

Alpha=2 Alpha=4
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(c) Alpha=2, Beta=1
FigBrRRepresentation
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Appendix C: Relation between Parameter of Weibull Distribution

and Histogram

The relationship of histogram and weibull distribution can be visualized using Matlab
packageas shown in Figure C.1. The ®©'Q0 G DMBMA is a Matlab function,

geneates random numbers from the beta distribution with parameters speciied by

and B The mis a size of radom data. The b & output of beta distriubtion with

dimenton ofi & . Assume aata sample mEO0 with paramters (3, 20}hen beta

distribution is:b = betarnd(3,20,100,1). Itttensthebeta valuesvith size ofp p 1.1

Then the hisigram using ins with beta ditrubtion can be constructed using matlab
funciton,”0"Qi 6GREID 'Q &hiheren (we use 5in Figure C.1)are bins of histogram

and 6betab6 is indadueating beta distributi

20

18y B Histograni

16 — Weibull fit -

14}
12}

101

Figure C.1:Histogram and weibull fit (beta) of random data.
Figure C.1 indicates the histgoram gives ftiiscrete representation of weibull
parameters. Therefore, it is contructedi@ibull parameters estimation.
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Appendix D: Analysis of Change of Parameters of Weibull

Distribution with Respect to Change of Image Depth

The change in Weibull parameters over degtdemonstrated in FigurB.1. We
describe here théNedovic et al., 2010experiments of parameters d¥eibull
distribution with respect to deptiNedovic et al.direction (Nedovic et al., 2010)
compute thea n d pafametersof Weibull distribution forvertical position and
horizontal position by dividing the input image into ggegsand individual average
themalongthe direction perpendicular to change in deptie Figure Dl(a) (see at
next pageylemonstrates the vertical image position, in which the Weibull parameters
are averaggalong xdirection (horizontal axis) over the n number of patchidé®
Figure D1(d) demonstrates the horizontal image position, in which the Weibull
parameters are average alongliection (verti@al axis) over the rpatches more
description is given ifiNedovic et al., 2010p. 1677 The the average along n patches
can bedefined as,

O -B |, (D.1)
G -B T . (D.2)

Similarly, in the horizontal image position, théeibull parameters are averagdong
y-direction (vertical axis) over the n patcheBhese average values of Weibull
parameters in and ydirectiors are plotted in Figur®.1 (b, c), and FigureD.1 (e, f)
respectively, for two different surfagabe implementation igollowed by (Nedovic

et al.,, 2010) p.1677 According to the nature of an image (see Figoré (a)), |
increases (see Figuizl(b,ee ) with the depth of an i
with the depth of the image (see Figlrd. (c, f)).

170

ma g



(b) Vertical image (c) Vertical image
position (Alpha) position (Beta)

18 74 ° ~
o 2 1w \
it \\\\/—/77/ 0015

(a) Original image

(d) Original image " (e) Horizontal image (f) Horizontal image
position (@) position (8)

FigureD.1: Weibull paramters values (forderivative as a function of depth for
texture of grassy and brick surfagdedovic efal., 2010) (a,d) are original input
images. (b,c) and (®@,are graphs of parameters oWull distribution for vertical
and horizontal image positien increases with depth, wherdadecreases slightly
with the deptlof the image.
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Appendix E: 1D and 2DKernel Using First Derivative

We can obtain the 1Rernelby using first derivative along x orgxis, (Taylor series
expansioi (Milton Abramowitz & Stegun, 1972)

The forward difference ofQw is following: A function™Qw can be evaluated at
values that lie to right of x. In calculus, we have continuous valued function but with
images we have discrete pixel values. The first derivativeémtered difference) of
discree data is defined in equation.{ft The uncenteredlifference can be obtained

by h =1 as following (Dalal & Triggs, 2005)and outputkernel can be used as
convolutional filter withaninput image

d_f = f 'X = im f (X + h) -
dx h->0 h
(not- centered- at- x)

f(x)o f(x+1)- f(x),h=1- Mask:%[- 17, (E.1)

For centraldifference, a functiofQw can be evaluated at the values which exist left
and right of the x.The formula will showthat the abscissas that are selected
symmetrically on both sides. It is defined as:

df _ o FOcHh)- F(x- ) o f(x+D)- f(
2

dx h->0 2h

x-1 h=1, Mask:%[- 1,01](centered- at- x)
(E.2)

For 2D kernel it can be defined as:

df i FOCENY) - £ hy) o FOGHLY)- FOCLY) |y e g

dx h->0 2h 2

Note: Often the division by 2 is ignored to save the computation time, resultant
matrix is scaled estimaté&onzalez et al., 2003; Linda G. Shapiro & Stockman)
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Appendix F: Matlab Code of Template-BasedSegmentation

function Feature Vector=Feature extraction from each template (Tempi, img, F)
%% input:
% tempi indicates input template having same size of img. e.g. template (a) from Figure 2.8
% input image: img RGB image for feature extraction
% F contains all the parameters, including nxn patch size (e.g. 4x4), parameters of features etc.
%% Output
% Tt return M that contains full set of features from an image which we
% obtain by follwoing this template, it is next step of our algorithm
Seg_set = unique(Tempi); % find components of template
check=size(Seg_set); %
if(F.temp==6) % if it is 6th template as it did not use segmentation see figure 2.8, we apply feature extraction directly
Feature Vector = feature extraction(Tempi,img.F); % feature extraction step (next step ofalgorithm)
else
global mask = zeros(size(Tempi));
for k=1:size(Seg_set)
Image_mask = zeros(size(Tempi));
Image mask(Tempi == Seg_set(k)) = 1;
bw=activecontour(rgbh2gray(img),Image mask, 'Chan-vese'); % apply active contour algorithm
for kk=1: numel(global mask(:,1))
for 11=1: numel(global_mask(1,:))
if (global_mask(kk,11)==0)&&(bw(kk,11) ==1)
global mask(kk.11) =k;
end
end
end
[min_x.min_y, max_x, max_y]=find_area(global_mask); % it is finding center points(x.y)
F.midx(k)=(min_x+max_x)/2;
F.midy(k)=(min_y+max_y)/2;
end
%% call function for finding distance which near to it using Euclidian algorithm
global_mask=merg_small_holes_into_neighbour(global_mask.F.k);
Feature Vector = feature extraction(global mask, img, F);%extract features for segmented image(next step)
end
end
function global mask=merg small holes into neighbour(global mask,F k)
%% merg small holes or some pixels into nearest segment and return updated segment
[r.c]= size(global_mask);
fori=lr
for j=1:¢
if(global_mask(i,j)==0)
index= find_ecludean max(F.i,j.k):%6% apply Euclidean distance
global mask(i,j)=index;
end
end
end
end
function index= find_ecludean_max(F, i, j.k) % definition of Euclidean function
temp=inf;
form=1k
dist = sqrt( (F.midx(m)-1)"2 + (F.midy(m)-j)"2 );
if(dist<temp)
temp=dist;
index=m;
end
end
end
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Appendix G: Matlab Code ofFeature Combination from Segments

function combine features= feature extraction(Img mask, img, F)
% input:
%take img_mask (segmented template), img (RGB image), and F structure which contains
%% patch size (NxN e.g. N=4) parameters of features (e.g., HOG parameters(e value, norm 2, No. of bins, degrees:180/360)
%%extraction. return one segment features, which has feature vector with
% Qutput: combine_features: set of features for whole image
%length 400 for each input 'img' image (color features 6,
[Row,Col.K]=size(img); % row and column and K represent color channels
% Possible set of segments from templates. We have at most 6 segments,
% which are manually assigned.
segment1=[]; segment2= [];segment3= [];segment4= [];segment5= [];segment6= [];
Row_chunk=floor(Row/(F.M)); %o nxn patches: x-axies
col_chunk=floor(Col/(F.N)); % nxn patches: y-axies
F.Row_chunk=Row _chunk;
F.col chunk=col chunk;

%% step_x and step_y are nxn patch to use for getting the features.
for m=1:Row_chunk:(Row- (Row_chunk-1)) %%% row-m
for n=1:col_chunk:(Col- (col_chunk-1)) %%col-n
patch=img(m:m+(Row_chunk-1), nin+(col_chunk-1),:);% generate patch
for cordi=1:Row_chunk
for cordj=1:col chunk
Y(cordi,cordj)=m+cordi-1; % patch x coordinate yq(cordi.cordj)=m+cordi;
X(cordi,cordj)=n+cordj-1;%patch y cordinate
end
end
[segment_number]= patch_isinside( X, Y.Img_mask);% it return which segment part is greater among the region
if(segment_number—1)
segment1= cat(1, segmentl . feature_for segment(patch.F));
end
if(segment number—==2)
segment2= cat(1, segment2. feature_for_segment(patch.F));
end
if(segment number==3)
segment3= cat(1, segment3_ feature for segment(patch.F));
end
if(segment_number==4)
segment4= cat(1, segment4 feature for segment(patch.F));
end
if(segment_number==5)
segment5= cat(1, segment5,feature for segment(patch,F));
end
if(segment_number==6)
segment6= cat(1, segment6,feature for segment(patch,F));
end
end % end step colmn
end % end steprows
combine features=cat(l, segmentl segment2 segment3 segment4,segmentS segment6); % combine features from segments
end % end function
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Appendix H: Matlab Code of Feature Extraction

function [features]=feature for segment(patch, F)
% - Input: Image patch (3D array of size NxM),
% - F is structure same as previouse function, contains list of parameters of features extraction
% - It calculates HOG. Weibull parameters, COLOR:RGB and HSV, and LBP-E features
% - Output: features of 1D float_type array with size of 25 features)
%concatenate with: [R,G.B,H.S,V, Weilbul parameters, LBP, hog features].
% - Where R. G, B and H.S.V contain mean value of R.G. B (3) and H.S.V(3) respectively
% - Weilbul parameters contains 4 features and Hog features contains 9 features.
% - All these features are concatenated into ‘features’ array.
[hog_feature]=hog_custm(patch, F); % hog features (9 features)
[al.,bl,a2,b2] =weibul fit(patch);
weilbulparameters= [al.,b1,a2,b2]; %eshape parameters: al.b1.
represent alpha and beta for x direction and a2, b2, represents value
of y-direction Gaussian derivatives
[WR,wG,wB,out1]=general_cc(patch,0,1,0); % k.e"(0.1.0) general cc(input_data,njet,mink norm,sigma.mask im) gray world algorithm
[b s v]=rgb2hsv(patch); % hsv values
R=mean(mean(wR)); % means of R.G and B and H.S.V values.
G=mean(mean(wG));
B=mean(mean(wB));
H=mean(mean(h));
S= mean(mean(s));
V=mean(mean(v));
binary_f Entropy= local_binary pattern_Entropy(patch); % generate
lbp features and entropy value
features= cat(1, R, G, B. H, S, V,weilbulparameters' hog_feature, binary f Entropy' );
% combine feature for each patch
end % end function
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Appendix | : Matlab Code of Classifier Training and Testing

% Default function of SVM classifier
% input: train features: featuresTrain float array of NxL. N is number training images and L is length of features.
% similarly, featuresTest are testing features are
MxL, where M is number of testing images.
% Train labels, and Test labels are 1xN
and 1xM integer arrays.
% CL t is trained model, and t.Ylabel is
predicted labels of test images.
validationPredictions is predicted score matrix of MxS dimension, S is number of classes.
The accuracy is calculated for predicted and true labels.
t = templateSVM('KernelFunction', linear');
% templateSVM is default function: set kernel: Gaussian, linear, other useable parameter
CL t = fitcecoc(featuresTrain, Train labels, learner’, t);
[t.Y¥label.t.validationPredictions ]= predict(CL t. featuresTest);
accuracy = mean(t. Ylabel = Test_label)
addpath('./ELM\ELM-LRF-master/");
train = normalize(featuresTrain);
test = normalize(featuresTest);
mytrain= [double(string( Y Train)).double(train)];
mytest= [double(string(Y Test)).double(test)];
% call ELM function with its paramters ( e.g. 6000 neurons, C=0.03125).
[TrainingTime. TestingTime. Trainacc, TestACC, ACTUAL.PRED| =ELM(mytrain, mytest, 1.6000.'sig',0.03125) % set parameters
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Appendix J: Matlab Code of Predict Score Fusion

%6% load the prediction score of M testing images for each classifiers: t1-t8.
t1=param.t1.validationPredictions;
t2=param.t2.validationPredictions;
t3=param.t3.validationPredictions;

t4= param.t4.validationPredictions;

t5= param.t5.validationPredictions;

t6= param.t6.validationPredictions;

t7=param.t7.validationPredictions;

t8= param.t8.validationPredictions;

imglist=numel(t1(:,1)); % get number of images

tic %o start time

countNum=0;

for i=1:imglist

m_majr(i,-)= t1(1,:)+t2(1,:)+t3(30, )+t (1,)+H5(0,)+t6(1, )+ 7(1,:)+t8(1,:) ; % sum rule

[value, index]= max( m_majr(i.:));
predict(i)=index;
if index ==param.label.label(i)
countNum=countNum-+1;

end

end
Accuracy_sumrule= mean(predict== param.label.label);
fprintf(" Accuracy of sum rule: %2f\n', accuracy _sumrule*100);
toc %% timer end
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Appendix K: Matlab Code of Performance Metric Calculation

function [confmat, prec, recall, fscore] = prec_recall(groundtruth,prediction)

%% input: ground truth (true labels) and prediction labels of input images

% output: confusion matrix, precision, recall F-score values

if ~iscolumn(prediction) || ~iscolumn(groundtruth)
error('input must be column vectors");

elseif length(prediction) ~= length(groundtruth)
error('input vectors must have the same length");

end

M = confusionmat(groundtruth.prediction);

P =sum(M.1); %

N =sum(M,2); %

prec = nan(size(M,1),1);

recall = nan(size(M,1),1);

fori= 1:size(M,1)
prec(i) = M(i.1) / P(i);
recall(i) = M(1,i) / N(i);

end

fscore =2 * prec .* recall ./ (prec + recall); % fscore

prec = mean(prec); %o average

recall = mean(recall);

fscore =mean(fscore);

confmat = bsxfun(@times, M, 1./(sum(M, 1)));

%% optional

plotConfMat (confmat, {'skyBkgGnd', 'skyGnd',
'bkgGnd', "ground', 'sidewalRL', 'Box', 'diagBKgRL',
'groundDiagBkgRL', 'Corner', 'TablePersonBkg',
'PersonBkg', "noDepth', "'});

xtickangle (43)
End
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Appendix L: Matlab C ode ofPre-Trained Deep CNN

clear ;
close all;
cle
fprintf{'Loading Data '\n");
% % n is the number of types of images
outputF older= fullfile('D:\PhD\Image-Classifier-by-resnet\image new_dataset’); % load data
im = imageDatastore(outputFolder, IncludeSubfolders',true,'LabelSource', foldernames");
% net=googlenet(); %% we can select the pretrained CNN model
% net = googlenet("Weights','places365");
%analyzeNetwork(net);
%onet=vgglo();
%onet= alexnet();

net=resnet30();
net.Layers(1);
%% list end
inputSize = net.Layers(1).InputSize;
if isa(net,' SeriesNetwork')

lgraph = layerGraph(net.Layers);
else

lgraph = layerGraph(net);
end
[learnableLayer,classLayer] = findLayersToReplace(lgraph);
[learnableLayer,classLayer]
numClasses = numel(categories(imdsTrain.Labels));

if isa(learnableLayer, nnet.cnn.layer FullyConnectedLayer')
newLearnableLayer = fullyConnectedLayer(numClasses, ...
"Name',' new_fc', ...
"WeightLearmmRateFactor', 10, ...
'‘BiasLearnRateFactor',10);

elseif isa(learnableLayer, nnet.cnn.layer. Convolution2DLayer")
newLearnableLayer = convolution2dLayer(1,numClasses, ...
"Name','new_conv', ...
"WeightLearnRateFactor', 10, ...
'‘BiasLearnRateFactor',10);
end
lgraph = replaceLayer(lgraph.learnableLayer.Name,newLearnableLayer);
newClassLayer = classificationLayer(Name',new_classoutput");
lgraph = replaceLayer(lgraph,classLayer.Name.newClassLayer);
layers = Igraph.Layers;
connections = Igraph.Connections;
augimdsTrain = augmentedImageDatastore(inputSize(1:2),imdsTrain);
augimdsValidation = augmentedImageDatastore(inputSize(1:2),imdsValidation);
miniBatchSize =10; % set batchsize
valFrequency = floor(numel(augimdsTrain.Files)/miniBatchSize);
options = trainingOptions('sgdm’, ... %% training options
'MiniBatchSize',;miniBatchSize, ...
'MaxEpochs',20, ...
'InitialLearnRate',3e-4, ...
'Shuffle','every-epoch’, ...
'ValidationData',augimdsValidation, ...
'ValidationFrequency',valFrequency, ...
'Verbose' false, ...
'Plots','training-progress");
net = trainNetwork(augimdsTrain,lgraph,options);
[YPred.probs] = classify(net,augimdsValidation);
accuracy = mean(YPred == imdsValidation.Labels) % accuracy and metric calculation
[confmat, prec, recall, fscore] = prec_recall(imdsValidation.Labels, YPred)
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Appendix M: Matlab Code of CNNSVM and ELM

clear ;
close all;
cle
fprintf('Loading Data \n');
outputFolder=fullfile('D:\PJD'\Image Classification by RESNET50'RGB_New _dataset');
im = imageDatastore(outputFolder, IncludeSubfolders',true,LabelSource','foldernames');
net= resnet50;
inputSize = net.Layers(1).InputSize;

augimdsTrain = augmentedlmageDatastore(inputSize(1:2),imdsTrain);
augimdsTest = augmentedimageDatastore(inputSize(1:2),imdsValidation);
%layer = 'loss3-classifier';

layer ='fc1000';

featuresTrain = activations(net,augimdsTrain,layer,'OutputAs','rows');
featuresTest = activations(net,augimdsTest,layer,'OutputAs','rows');

whos featuresTrain

% SVM implementaiton using linear kernel (as it default)

YTrain = imdsTrain.Labels;

YTest = imdsValidation.Labels;

tic,classifier = fitcecoc( normalize(featuresTrain), Y Train); toc

tic,[ YPred,prob ]= predict(classifier,normalize(featuresTest)); toc
accuracy = mean(YPred == YTest)

[confmat, prec, recall, fscore] = prec_recall(YTest, YPred)

%% ELM implementation

addpath('./ELM\ELM-LRF-master/");

train = normalize(featuresTrain);

test = normalize(featuresTest);

mytrain= [double(string(YTrain)).double(train)];

mytest= [double(string(YTest)),double(test)];

% call ELM function with its paramters ( e.g. 6000 neurons, C=0.03125).
[TrainingTime, TestingTime, Trainacc, TestACC,

ACTUAL.PRED] =ELM(mytrain, mytest, 1,6000,'sig',0.03125) % set parameters
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Appendix N: Matlab Code of Features FusionMethod

function [combined features]=combine features (YTrainRGE,
deepfeaturesRGB, texture feature)
%% combine deep features +texture features
input: image labels:YTrainRGB, deep features, texture features)
5% Output: combine features:

floating 2D array. Rows are no. of images

and no. of columns is length of both feature wvector.
combine features= [double (¥YTrainRGB),

normalize (deepfeaturesRGB), normalize (texture feature)];

end
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Appendix O: Matlab Code of Weibull Feature Extraction

function [al,b1,a2,b2]=weibul_fit(patch)
% input: image patch
% output: al,bl, parameters for hx, horizontal direction
a2.b2 paramters for hy vertical direction.
G1l=fspecial('gauss',[3,3], 0.5); % sigma 0.5 with [3,3] filter
[Gx,Gy] = gradient(G1);
% apply derivative y-direction
dy=imfilter( double(patch),Gy, replicate','conv');
% apply in x-direction
dx=imfilter( double(patch),Gx, 'replicate','conv');
dy=double(dy);
h="(hist(dy, [0.15,0.5,10])+0.01)/(length(dy)+0.01);
%add 0.01 for avoiding the undefined number
derivativ_y=(abs(h(:)));
derivativ_y= derivativ_y+0.01;
[parmhat, ~] = whblfit(double(derivativ_y), 0.05);
% alpha =0.05 according six stimulus (see in paper)
al=parmhat(2);
b1=parmhat(1);
h=(hist(dx, [0.15,0.5,5])+0.01)/(length(dx)+0.01);
derivativ_y=(abs(h(:)));
derivativ_y= derivativ_y+0.01;
[parmhat, ~] = whblfit(double(derivativ_y), 0.05);
a2=parmhat(2);
b2=parmhat(1);
end
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Appendix P: Matlab Code of Multi -layer Feature Extraction

function [YTrain, X0, X1,X2.X3, X4]= deepfeatures_deepnet(imdsTrain )
%input: all input images with labels //training or testing or both
% output: set of features, X1,X2,... Xn,
% n is number of different blocks or layers.
% Xi is feature vector with dimension of Ytrain x feature length.
%e.g. 10x1000, 10 images with 1000 feature vectors.
% YTrain, labels of images corresponding to these features.
net = resnet50();
% net =vggl6;;
% net = googlenet
analyzeNetwork(net);
net.Layers(1);
inputSize = net.Layers(1).InputSize;
augimdsTrain = augmentedlmageDatastore(inputSize(1:2).imdsTrain);
augimdsTest = augmentedimageDatastore(inputSize(1:2).imdsValidation);
%% vggl6
% layer1="pool2";
% layer2='"pool3';
% layer3= 'fc8";
%%googlenet
% layerl="pool3-3x3 s2";
% layer2='pool4-3x3 s2";
% layer3= 'loss3-classifier';
%0% resnet
layerneg = 'activation 29 relu';
layer0 ='activation 35 relu';
layerl ='activation 41 relu';
layer2= 'activation_ 45 relu';
layer3="fc1000';
X0 = activations(net,augimdsTrain,layer0); % intermediate layer features
X0= squeeze(mean(X0,[1 2])): %% generate a single vector (GAP) applying
X1 = activations(net,augimdsTrain,layer1);
X1= squeeze(mean(X1.[1 2]))"
X2 = activations(net,augimdsTrain,layer2);
X2= squeeze(mean(X2.[1 2]))":
X3 = activations(net,augimdsTrain,layer3);
X3= squeeze(mean(X3.[1 2]))":
X4 = activations(net,augimdsTrain,layerneg);
X4= squeeze(mean(X4,[1 2]))":
whos featuresTrain
YTrain = imdsTrain.Labels;
end
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Appendix Q: Matlab Code ofClassifiers Training, Testing, and Score

Level Fusion

[YTrain,Xng. X0, X1,X2,X3] = deepfeatures_deepnet(image_data);

%% extract deep features at multi-layers CNN: RESNET,GoogLeNET

%% uncomments layers for googlenet model inside deepfeatures_deepnet function,

extract three (pooling, FC layers) instead of 5 different layers.

addpath('deepfeatures 4x4");

[erid_basedFeature,imageid_scene]=Mainfile_features_gridpatch(image_data);

%% extract handcrafted features

% for i=1:length(Xng)

% end

p=0.80; %%%0% training and testing ratio

No_images=length(YTrain); %% randomly selection for training + testing

idx = randperm(No_images);

md_train=idx(1:round(p*No_images));

md_test= idx(round(p*No_images)+1: end);

T6=sortrows(localfeatureset,1) ; %% grid features

%% 15ing RESNET Model
==========—=Part 3: Training + testing for googlenet ==——==—==—==——=—-—=

%%%% training and testing using SVM+ ELM,

%function: obtain_train test list of features: normalized(): takes two different features,

random index of training+testing,

% divided into train+test features while keeping image index information into YTRAIN 1, YTEST 1.

% function:

%% call features training for 1st layers

[train_set 1, Test set 1, YTRAIN 1,YTEST 1]—=obtain train test list of features(YTrain,Xng T6,md train,rnd test);

%% combine at each layer's outcome

[svmng.elmng ]=classification_processing_usingSVM_ELM(train_set_1,Test_set_1,YTRAIN_1,YTEST_1);

%% call features training for 2nd layers

[train_set_1, Test_set_1, YTRAIN_1,YTEST_1]=obtain_train_test_list_of features(YTrain,X0,T6,rnd_train,rd_test);

%% combine at each layer's outcome

[svm0,elm0 J=classification processing usingSVM_ELM(train_set 1,Test set 1,YTRAIN 1,YTEST 1);

%% call features training for 3rd layers

[train set 1,Test set 1, YTRAIN 1,YTEST 1]—=obtain train test list of features(YTrain,X1,T6.md train,md test);

%% combine at each layer's outcome

[svm1.,elm1 ]=classification_processing_usingSVM_ELM(train_set_1,Test_set_1,YTRAIN_1,YTEST_1);

%% call features training for 4rth layers

[train set 2, Test set 2, YTRAIN 2. YTEST 2]=obtain train test list of features(YTrain,X2,T6,rmd trainmd test);

%% combine at each layer's outcome

[svm2.elm2 J=classification_processing usingSVM_ELM(train_set 2,Test set 2, YTRAIN 2, YTEST 2);

%% call features training for 5th layers

[train_set 3, Test set 3, YTRAIN 3,YTEST 3]—=obtain train_test list of features(YTrain, X3 textureFeature,md_train,md_test);

%% combine at each layer's outcome

[svm3.elm3 ]=classification_processing_usingSVM_ELM(train_set_3.Test_set_3,YTRAIN_3,YTEST_3);

%% ===—=—=—==———=—="Part 4: score-level fusion using Model: (a) Model-HSF (score-level fusion)——————=—=

%% score level fusion for svm and elm (elm only work for majority voting )/// model (Model-HSF)

[Ssvm]=calculate_scorefusion_svmresnet(svmng,svm0, svml,svm2,svm3,YTEST_3);

%% linear svm score , fusion using sum,product rule, and majority voting

%% Ssvm: return accuracy of majorty voting,sum, product, max rules

[Selm]=calculate_scorefusion_ ELM_resnet(elmng, elm0,elm1 ,elm2 ,elm3,YTEST_3);

%% majority voting, YTEST 3 has same testing images as like YTEST 1,.2...

%% Selm return accuracy of majority voting

% Ssvm is struct contains acc, pre, recal,fscore, confusion matrix for sum

% rule, product rule, max rule, and majorty voting. while Selm is only

% contain acc, prec, recall, fscore and conf.matrix for majority voting.

=Part 5: score-level fusion using Model: (b) Model HFF (score-level fusion)==

%% feature-level fusion and elements application // Model (B)

combine all features: deep+handcrafted,

deepfeature_cmb=[Xng, X0,X1 X2 X3];

[train_set_cmb, Test_set_cmb, YTRAIN_emb,YTEST_cmb]=obtain_train_test_list_of features(YTrain,deepfeature_cmb, T6.rnd_train,rnd_test);

[svmCMB.elmCMB ]=classification_processing_usingSVM_ELM(train_set_cmb,Test_set_cmb,YTRAIN_cmb,YTEST_cmb);

%% return performance: acc, pre, recall, and f-score, Conf. matrix.
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Appendix R: Matlab Code of Scorelevel Fusion Strategies

function [S]=calculate_scorefusion_svmresnet(svmng,svmo0, svml,svm2.svm3,actual_label)
%% input: indicating layerl, to layer 5 score respectively,
%% output: S is structure. contains sum, product, and majority voting, in terms of acc, pre, rec, fscore, and conf. matrix.
%% initialize
no_fusion_layers=5;
label=actual label;
tng= (svmng.score);
t0= (svm0.score);
t1=(svml.score);
t2= (svm2.score) ;
t3= (svm3.score);
imglist=numel(t1(:,1));
predictng=[];
predict0=[];
predict1=[];
predict2=[];
predict3=[]
¢=0;
c1=0;
count=0;
%% max rule
for i=1:imglist
% for j=1:clss
[mng.ing] = max(tng(i.)):
[m0,i0] = max(t0(i,:));
[m1,i1]= max(t1(i,:));
[m2,i2]= max(t2(i,:));
[m3,i3]= max(t3(i,:));
set_temp=-inf;
if(mO=>set_temp)
set_temp=mO0;
index=i0;
end
if(mng>set_temp)
set_temp=mng;
index=ing;
end

if(m1>set_temp)
set_temp=m1;
index=il;
end
if(m2>set_temp)
set temp=m2;
index=i2;
end
if(m3=>set_temp)
set_temp=m3;
index=i3;
end
predict1(i)=index;
list=[svm3.labels(i), svm2.labels(i),svm1.labels(i),...
svim0.labels(i),svimng.labels(i)];
cap=unique(list);
res= histe(list,cap);
[v,indx]= max(res);
¢1(i) =cap(indx);
if (label(i)==c1(i))
c=c+1;
end
end
fprintf(' \t \t accuracy of max rule:%63f\n', mean(label==predict1"));
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S.majority = mean(label==c1");
[S.major.confmat, S.major.prec, S.major.recall, S.major.fscore] = prec_recall(double(label),c1")
§.maxrule = mean(label==predict1");
[S.maxr.confmat, S.maxr.prec, S.maxr.recall, S.maxr.fscore] =prec_recall(double(label),predictl")
%% sum rule performance,
tic
count2=0;
for i=1:imglist
m_majr(i,;)= (tng(i,:))+t0(1,:)+t1(i,:)+t2(1.:)+t3(1,:))/no_fusion layers ;
[value, index]= max(m_ majr(i,:));
predict2(i)=index;
if index == label(i)
count2=count2+1;
end
end
S.sumrule= mean(label==predict2");
fprintf('sum_rule: 262f'n', S.sumrule*100);
[S.sum.confinat, S.sum.prec, S.sum.recall, S.sum.fscore] = prec_recall(double(label),predict2")
toc
%% product rule
count3=0;
for i=1:imglist
m_majr(i,;)= (tng(i,:).*t0(1,:). *t1(1,:). *t2(1.:).*t3(1,:))/no_fusion_ layers;
[value, index]= max( m_majr(i,:));
predict3(i)=index;
if index == label(i)
count3=count3+1;
end
end
S.productrule= mean(label==predict3");
fprintf('product_rule: %21 \n', S.productrule*100);
Toc
end % End of function
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Appendix S: Raw Daa of Different Experiments Generated by

Matlab

Table S1: Scene geometry recognition results of different features descriptors by using 4x4 patches.

Stage Classification (12 Stages)

Feature Set/ Methods SVM Linear/M. Gauss/ Quad. Kerne
c=1 (Acc %).

1312fi Geom.context feature (Hoiem D. 2007) 63.1/60.3/64.7

128fi Presp. Line (P) 38.242.643.2

512fi Gist descriptor(Gist) 61.25/61.162.8

48f - HSV feature 49.3/52.664.1

144fi HOG features 58.5/59.262.6

32f i local binary pattern(LBP) 45.3/48.649.5

32f - Local binary pattern R=2(LBP2 ) 44.2] 47.8/48.5

3072f -Fisher & pyramid (2013) 69.4/66.2/72.4

3379fi fisher and pyramid2013)+HOG+HSV+ | 74.0

color

(Continue)
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Table S2: Scene geometry recognition resusiag different templates

Feature extraction using Lou method and

Using segment parameter 20 for box

applied on majority method (see Appendix R) | hard seg.
304f-T1 (HOG +HSV+RGB)x16 66.2/65.4/68.1
304f-T2 64.7/65/67
304f-T3 63.7/63.2/65.8
304f-T4 63.0/62.2/67.7
304f-T5 63.9/63/65.2
304f-T6 66.8/66.5/69.6
Majority voting/max rules 73.53/77.88
Max adaptive rule 78.64

Using Lou et al. metod l(ou et al. 201p method| 67.25

with LBP

| mpl ement ati on of Lou

Using hard and soft segments

608f-T1 (HOG+HSV+RGB)x16x2:32patches

69.5

608f-T2 69.1
608f-T3 68.9
608f-T4 68.9
608f-T5 67.1
608f-T6 70.1
Majority voting 68.6/69.1
3379fi fisher and pyramid (2013)+hog+hsv+col| 74.0

Table S3 Scene geometry recognition resufsdifferent number of features with 8x8 gr

patchesand template based features combination.

8x8 feature vector

Svm (kernel :

linear/Gaussian/quadratigfc.%

256F Weibul distribution (T)

51.5/53.3/53.9

128f LBP

43.9/48.6/47.7

512f Line_pres (P).

44.8/45.7/47.3

320fAtm. Scattering. (A)

49.1/49.5/51.0

576f- HOG 57.6/57.9 /61.5
192f- HSV 49.7/53.3/53.6
4x4 version Linear/Quadratic/Gaussian/cubic

64f- Weibul Dist. (T)

49.753.751.2

81f1 Atm. Scattering (A)

48.650.950.6

128fi Pres. Line(P)

43.4/46.1/46.46.8

144+ HOG 58.962.359.662.6
48f- HSV 48.654.352.9
96f- LBP-E(5 LBP bins, 1 entropy) 45.5A8.9/48.9
160f LBP+T 58.3/61.1/60.6
144f- T+A 55.960.258.2
209f- P+A 54.357.254.5
512f- Gist 61.6/63.761.0
208f- T+HOG 60.165.161.5/65.5

288f- HOG+Color+T

62.766.764.467.0

800fi HOG+Color+T+Gst

63.968.2 64.869.5

848F HOG+A+T+HSV +Gist

64.969.7 65.1/

336fT HOG+A+HSV+T

64.568.1/656/68.4

880F HOG+COLOR+T+HSV+BP + Gist

65.3/69.865.3

HOG+HSV+RGB+W+LBRE features from each
template T

SVM kernel: Linear/Q/Gauss/Cubic

400F T(a) 66.6/68.3/66.2
400- T(b) 65.2/67.3/66.6
400- T(C) 63.4/65.7/62.3
400- T(d) 64.1/66.0/63.3
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400 T(e)

64.4/65.7/64

400F- T(f)

66.7/69.5/66.4

400- T(g)

65.2/67.5/65.4/67.8

400- T(h)

65.567.665.768.3

rules

Majority voting using up to T8 templates/max

76.63/81.18

rules

Majority voting using up to T6 templates/max

73.45/77.72

rules

Majority voting using up to T8 templatesim

81.15/82.495

Tabl e S4

: The

training and 20% for testing.

exper.i

ment s

on

6stage

Feature (f) set extracted by4x4 patches

Acc./Pr/Re/Fscore (%)

320f i HOG+HSV+saturation var.+
RGB+Weibull features

58.71/58.5958.68/58.55

E

400fi HOG+HSV+ RGB+Weibull features+LBR

56.4656.18/56.88/56.44

EH Name Value struct with fields: o e v =

localfeatureset 12000:337 doubl;
Efoctfeatures e labels: [2400=1 double] Hs 12000x401 double

score: [2400%12 double] struct with fields:

Workspace - G_multilayersystem ® J— - =
Name Value confmat: ogispacesl et © labels: [2400%1 double]
[E elmng prec: 0.58 Name score: [2400%12 double]
| 11: 0.5863

id zeca : 0.5646
\mage data fscore: 0.5855 €] emg ECCJ:CY. 12x12 doubl
H localfeatureset Hiax confmat: [12x12 double]
FH No_images 1] image_data prec: 0.5618
[ outputFolder 'D:\MS and PhD li TrainingTime = E\uca\featuraset recall: 0.5638

P 0.8000 HH No_images 12000 fscore: 0.5644
ﬁ'”d—‘e“ <& 0.9204 [ outputFolder ‘D:AMS and PD l
« m < [ 08000

Figure S1(a) indicatesthe e sul t s
representsthe e s u | t s H®ViFWethtl QiGr+LBRE 6

@)

of

(b)

6HOG+HSV+Satur at

Wikd9-0|+ of Nedo docx - Microsoft Word
o, | 4 Classification Learner - Confusion Matrix
J 3 CLASSIFICATION LEARNER
Paste _ = =
R @ W. BB 0
Hew Feature  PCA SioeansUME RN cutic SUM 3 Advanced  Use Train  Scatter Confusion ROC Curve Paralel
Session v Selection Gaussian Parallel Watrix Coordinates Plot
FiLE FEATURES MODEL TYPE TRAINING FLOTS
Data Browser ® - | ScatterPlot | Confusion Matrix 3 |
w History
Model 1.2
11 0 svm Accuracy: 66.2%
Last change: Linear SVM 3361336 features 1 [12%[14%)| 7°%| m%l 6%| 1%
12 s Accuracy. 68.3% 2 [5%) 2% 1%
Last change: Quadratic SUM 3361236 festures  [11%e] 29 B0 soehz%e] 2o I 64| 60| 2%| 1%
13 svm Accurscy: 68.3% A E. 6% 7%
Last change: Cubic SVM 3361236 festures
%, %, 2%|52%| 3%, <1% %|
14 7 svm Canceled Sle%| |5%) 2% 3% | | 2%
Last change: Fine Gaussian SVM 336/336 features - 6| 1% 3%| 10%) % 8%
@
15 7 svm Canceled =7 6% 6% 1%
Last change: Medium Gaussian 3. 336/336 features o
S 8|3% (1% |8% 3% %)| 2%
16 0 Svm Canceled =
Last change: Coarse Gaussian SVM  336/335 features 9| 1%| 2%)| 6% 2%| | 5% 2%
10(1% [2%| 2% |3% 2% B0%| 7%
 Current Madel (1% |4% 6% 2%| 2%
Model 1.2 Trained ~ 12 | 1%| 3%) 2%)| 4%| 3% 1%/ 7%| 1%,
Resuits Pasitive Predictive Value ISISIE = J5E = 2SN = n S
Accuracy 68.3% False Discovery Rate iaii m JS s (S = QS im iom oo
Prediction speed  ~80 obs/sec L N A
Training time 130.83 sec )
v Predicted class
Dataset B Observations: 1194  Size: 3MB  Predictors: 336 Response: column_1  Response Classes: 12 Valida

FigureS2, T1 confusion matrixand Accuracy

189

on

features

dat aset

var

20

an



Model 1.3

1 21% 13% | 5% 19% g%lm 1% 3% 1% | 4%
2| 4% [78% <1%| 4% | 5% 1%
3l10%  l44%| 5% |10% 4%‘ 14%| 9% | 7% | 2% 8%
4|e1% 39 849 10% lﬂ 4% 1% | 2% | 1% 4%
5| 7% 3% | 29 |43%| 2% 2%
6| 2% 3% 5% 1% 7% 2%
t_ET 7| 1% 2% 22%| 7%| 3% 5%
E 8law| |11% 2% | 29% | 1%
9| 3%/ 2% | 9% 9% 33% 7% 5% | 1%
10| 1% 4% 1% 12%
11| 2% 2% | 3% 4%| 3% | 2%
12| 2% 4% |10%] 2% 5% | 3%

Positive Predictive Value JERINREE w IS = JE = Do
False Discovery Rate e -15& -m _m Pam D Do
FA it ¥ 5 () - & ‘o Tz Fa
Predicted class

FigureS3. Confusion matrix ofSist feature on 1209 images

FigureS4 hog_T_Color_Hsv_gist featusecuracy and confusion matrix
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