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GENIS OZET
Heterojen Coklu Robot Sistemlerinde I¢ Mekan Yiizey Tipi Tabanh Gorev Atama

Asiye DEMIRTAS
Yiiksek Lisans Tezi, Elektrik-Elektronik Miithendisligi Anabilim Dali
Damisman: Dr. Ogr. Uyesi Haluk BAYRAM
Es Damsman: Doc¢. Dr. Gékhan ERDEMIR
Temmuz, 2023. 58 sayfa.

Teknolojideki hizli gelismelerle birlikte i¢c mekanlarda mobil robotlarin kullanimi yaygin-
lagmaktadir. Ev, hastane ve depo gibi c¢esitli ic mekan ortamlarinda is yapilma sek-
lini degistirerek robotlarin nakliye, teslimat ve temizlik gibi cesitli faaliyetleri gercek-
lestirmesi miimkiin kilimmugtir. I¢ mekan mobil robotlarin ¢alisma ortamlarindaki nes-
neler ve yiizeylerle etkilesime girebilmeleri en 6nemli 6zelliklerinden biridir. Ozellikle
yiizey smiflandirma iglemi robotun hareketini, kararliligini ve giivenligini stirdiirmek
icin ¢ok Onemlidir. Kapali alanlarda ylizeylerin karakteristikleri yogun degiskenlik
gosterir. Hali, fayans, ahgap vb. farkl yiizey tiirleri i¢ mekan mobil robotlarinin
hareketi i¢in farkli zorluklar yaratmaktadir. Kapali yilizeyler tipik olarak diizdiir ve
hareket etmesi kolaydir. Ancak bazi alanlar kaygan ve engebeli olabilir, bu da robotun
hareketini zorlagtirabilir ve istenmeyen durumlarin meydana gelmesine neden olabilir.
Robotlar, yiizey tiirlerini dogru bir sekilde smiflandirirken ayni zamanda yiizeylerde
nasil hareket edeceklerini akillica secebilir ve buna gore hareketlilik parametrelerini

degistirebilirler.

Bu tezin temel amaci, en dogru yiizey siniflandirma modelini belirlemek ve yiizey tipine
gore robotlarda gorev paylagimi yapmaktir. Bildigimiz kadariyla gesitli yiizey tiplerini
igeren acik kaynakli i¢ mekan yiizey veri seti yoktur. Aragtirmalarda kullanilan veri
setlerinin ¢ogu birkag dig yiizey tipini ve bir veya en fazla iki i¢ yiizey tipini icerir. Bu
nedenle benzersiz bir ic mekan yiizey veri seti olugturulup acik kaynak haline getirilmesi
amaglanmaktadir. Olusturulan veri seti hali, fayans ve ahsap gibi i¢ ylizey tipinden
olusmaktadir. Yiizey ornekleri gesitli i¢ ortamlarda toplanmistir. Bu nedenle her yiizey
farkli renk ve tiplerden olugmaktadir. Veri seti 870 hali, 638 fayans ve 573 ahgap olmak

iizere toplam 2081 goriintii icermektedir.

Daha sonra veri setimiz yiizey simflandirma goérevini gerceklestirmek i¢in InceptionV3,



VGG16, VGG19, ResNetb0, Xception, InceptionResNetV2, MobileNetV2 ve Onerilen
MobilenetV2-Modified gibi son teknoloji CNN modelleri iizerinde egitilmigtir. Her
model mimarisi, katman sayisi, ozellik ¢ikarma ve 6grenme icin 6zel islemler agisin-
dan farkhlik goéstermektedir. Ornegin, InceptionV3 model mimarisi 47 katmandan
olusur ve 3x3’liik konvoliisyonlar1 3x1 ve 1x3’e ayirir. Boylece bu iglem, belirli de-
taylarin daha etkin bir gekilde 6znitelik ¢ikarimina ve daha kisa iglem siiresine olanak
tanir. VGG16 ve VGG19 modelleri 1 adimh 3x3 filtreli evrigimli katmanlara ve 2x2
filtreli maksimum havuzlama katmanina odaklanmaktadir. Isimlerinden de anlasila-
cagl gibi, VGG19un mimarisi 19 katman, VGG16 ise toplam 16 katmandan olugmak-
tadir. ResNet50’nin ana mimarisi, VGG mimarisinden esinlenmigtir, ancak VGG’den
farkli olarak baglantilar: atlama (skip connections) adi verilen bir teknik icermektedir.
ResNet50 mimarisi, her biri ti¢ evrigim katmanina sahip bir kimlik bloguna (identity
block) ve ti¢ evrigim katmanina sahip bir evrigim bloguna olmak iizere beg agama iger-
mektedir. Xception modelinin gelistirilmesinde Inception modelinden esinlenilmigtir.
Xception model mimarisini, yan yana iglev géren derin ve kapsamli evrigsimli katman-
lar olugturur. Mimarinin derinligi 71 katmandir. InceptionResNetV2, Inception ve
artik aglarim (residual networks) bir birlesimidir. InceptionResNet modiiliiniin mi-
marisi iki ana boliime ayrilmigtir: kisayol baglantilar1 (shortcut connections) ve artik
bloklar (residual blocks). Sinirh hesaplama giiciine sahip mobil ve gémiilii cihazlarda
CNN kullanilarak cesitli gorevleri gerceklestirmek i¢in MobileNetV2 mimarisi 6neril-
migtir. MobileNetV2 modelinin ana mimarisi, darbogaz seviyeleri (bottleneck levels),
ters artik yapilar (inverse residual structure) ve baglantilar (connections) gibi ii¢ temel
boéliimden olugmaktadir. Bu metodoloji sayesinde sinirli bellege sahip cihazlarda gergek
zamanl siniflandirma miimkiin olmustur. Bu tez calisgmasinda hafif bir mimariye sahip
MobileNetV2-Modified modeli 6neriyoruz. MobileNetV2 orijinal modelinin ana mi-
marisinde mimarinin son 11 katmani kaldirilmigtir. Kaldirilan katmanlarin yerine 16
filtreli ve 5x5 ¢ekirdek boyutuna sahip 2B-evrigimsel katmani, birakma (dropout kat-
mani), havuzlama (global average pooling) katmani, ve iki tam bagh katmanlar: eklen-
migtir. Boylece ana mimaride degisiklikler yapilarak toplam blok sayisi 17°den 16’ya
diigliriilmiugtiir. Uygulanan son teknoloji CNN modellerinin her biri 6nerilen model
disinda énceden egitilmis modeller olarak kullanilmistir. Onerilen modelde son 23 kat-
mani egitilebilir hale getirilmistir. Onerilen model, diger CNN modellerine kiyasla daha

kisa egitim siiresi ve daha az egitim parametresi sunmaktadir.
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Yiizey smiflandirma gorevi igin en etkili ag1 belirlemek amaciyla SGD, RMSProp,
Adam, Adadelta, Adamax, Adagrad ve Nadam gibi birka¢ optimizasyon algoritmasinin
etkisini aragtirarak analizi geniglettik. Yani her bir CNN modelini 7 farkli optimiza-
syon algoritmasi ile egittik. Derin 6grenmede en ¢ok kullanilan optimize edicilerden biri
SGD’dir. SGD, tiim egitim setini giincellemek yerine egitim verilerinin alt kiimesindeki
parametreleri giinceller. Adam, Adagrad ve RMSProp’un birlegimidir. Hem birinci ani
hem de ikinci anmi birlegtiren Adam, 6grenme oranini her parametrenin 6zel gereksinim-
lerine uyarlayarak optimizasyon performansini gelistirir. Hesaplama agisindan oldukga
verimlidir ve ¢ok az bellek gerektirir. RMSProp, saglamligi ve performansi nedeniyle
derin 6grenmede popiilerlik kazanmigtir. RMSProp, kare gradyanlarin ¢alisan ortala-
masini koruyarak her parametre icin uyarlanabilir bir 6grenme oram hesaplar. Bunu
yaparak RMSProp her parametre igin 6grenme oranini ayri ayr1 ayarlayarak mode-
lin cegitli bolimlerinde etkili giincellemeler saglar. Adagrad, egitim siirecinde ¢esitli
parametreler icin uygun bir 6grenme oram se¢menin zorlugunu gidermek icin Oneril-
migtir. Adagrad’in temel amaci, 6grenme oranini her parametre icin kare gradyanlarin
toplaminin karekdkiiyle ters orantili olarak ayarlamaktir. Adagrad bu o6zellikleri ne-
deniyle az verilerle ve farkli éneme sahip Ozelliklerle caligmada etkilidir. Adadelta,
yalnizca gradyanlarin birikmis gegmis bilgisini kullanarak, kiiresel bir 6grenme hizina
olan ihtiyaci1 ortadan kaldirmaya galigmaktadir. Algoritma ge¢mis kareli gradyanlarin
azalan ortalamasi ve giincellemelerin iissel olarak azalan ortalamasi adi altinda iki ana
bilegsen kullanmaktadir. Bdylece, bu bilegenler tarafindan parametre giincellemeleri
hesaplanir. Ozellikle bellek etkinliginin énemli oldugu durumlarda Adadelta giiclii per-
formans gosterir. Adamax, Adam optimizasyon algoritmasinin bir cesididir. Ozellikle
bellegin sinirli oldugu durumlarda, Adam’a gore daha giivenilir ve hafiza agisindan ver-
imli bir alternatif sunmak amaclanmaktadir. Adam ile kargilagtirildiginda Adamax,
ikinci an tahmini saglamasi gerekmediginden daha az bellek gerektirir. Nadam, Adam
ve Nesterov Accelerated Gradient (NAG) kavramlarini birlestirir. Nesterov momentum
tekniginin kullanimiyla Nadam, uyarlanabilir 6grenme hizlari ile Adam’in momentu-
munu birlestirmektedir. Nadam, 6zellikle karmagik yapilara sahip derin 6grenme mo-
dellerinde uyarlanabilmektedir. Biiyiik 6l¢ekli veri kiimelerine karsi 6grenme hizlari,
momentum ve Nesterov ivmesinin avantajlarini entegre ederek daha hizli yakinsama
ve iyilegtirilmis optimizasyon performansi saglamaktadir. CNN modelleri yukarida

bahsedilen her bir optimizasyon algoritmasi ile egitildi ve bu sayede en iyi modeli be-
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lirlemig olduk.

Bu tezde mobil robotlardan Kobuki ve Burger kullanilmigtir. Kobuki ve Burger robot-
lar1, farkli yonlerde hareket etmelerini ve gezinmelerini saglayan bir diferansiyel tahrik
sistemine sahiptir. Her iki robot da uzun pil 6mrii, giivenilir odometri sensérleri ve ak-
tlatorler gibi ozellikler sayesinde gesitli i¢ mekan gorevleri igin pratiktir. Kobuki robot
agirhg 3 kg civarinda, 35 cm gapinda ve maksimum 0.7 m/s hizinda hareket edebiliyor.
Burger robotunun maksimum hiz1 0.22 m/s’dir. Burger robotunun agirlig: ise sensorler,
pil, RaspberryPi dahil olmak iizere 1 kg civarindadir. Burger robotu 138 mm uzunluk,
178 mm geniglik ve 192 mm yiiksekliktedir. Goérevi yiizey tipine gore robotlar arasinda
paylagmak icin her bir robotun hali, fayans ve ahsap zemin tizerindeki performansini
inceledik. Ilk olarak, robotlarin performansini dogru bir sekilde analiz etmek icin her
yiizeyde baglangic ve bitig noktasi olan parkur tanimladik. Parkur toplam uzunlugu 5
metre olarak ayarlandi. Parkur hazir oldugunda Kobuki ve Burger robotlarini hareket
ettiriyoruz. Robotlar1 gesitli hizlarda test ettik. Diiglik hareket hizi nedeniyle Burger
0.1, 0.15 ve 0.2 m/s hizlarda test edilirken Kobuki 0.1, 0.2 ve 0.3 m/s hizlarda test
edildi. Robotlarin performans analizleri agisal sapma, hedef noktaya kadar olan hata
orani (cm) ve zaman ag¢isindan yapilmigtir. Acisal sapma, robotlarin iizerine monte
edilen WT901 IMU sensorii ile 6l¢iilmiigtiir. Dogru yonlendirme, hizlanma ve agisal
hiz 6lgiim yetenekleri ile WT901, gesitli uygulamalar i¢in hareket algilama yetenekleri
sunar. Hata oranimi varig noktasina dogru ve hizli bir gekilde 6lgmek i¢in elde tasgi-
nan bir lazer metre cihazi kullanildi. Robotlarin baglangi¢c noktasindan bitig noktasina
kadar olan hareket siireleri yazilim araciligiyla olgiilmigtiir. Veriler IMU, lazer olger
ve yazilimdan toplandiktan sonra, hangi robotun hangi yiizeyde daha iyi performans
gosterdigini belirlemek i¢in Analitik Hiyerarsi Siireci (AHP) karar verme yontemi uygu-
lanmigtir. AHP, karmagik se¢gim konularimi metodik olarak analiz etmek, kriterlerin ve
alternatiflerin goreceli agirligini hesaba katmak icin resmi bir ¢erceve sunar. Bu nedenle
AHP uygulanarak puanlama yapilmis ve hangi robotun hangi ylizeyde daha iyi oldugu
tespit edilmistir.

Bu tezdeki deneyler birkag asamadan olugsmaktadir. Olugturulan veri seti lizerinde ilk
olarak yiizey simiflandirma deneyleri yapilmistir. Ikinci olarak, uygulanan son teknoloji

CNN modelleri ve onerilen model arasindan yiizey siniflandirmasinda en iyi perfor-
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mansa sahip model gercek zamanl test edilmistir. Ugiincii olarak hangi robotun hangi
yiizeyde daha iyi performans gosterdigine karar vermek i¢in robotlarin performans ana-
lizi yapildi. Son olarak robotlarin yiizey tipine gore gorev dagilimi ile ilgili deneyler

yapilmigtir.

Egitim ve test anlaminda y{izey siniflandirma deneyleri, AMD Ryzen 9 iglemci ve Nvidia
Ge Force RTX 3080 Ti ekran kartina sahip bilgisayarda gergeklestirilmigtir. Uygu-
lanan her bir CNN modeli ve 6nerilen model, bu tezde olugturulan ve toplam 2.081
goriintii iceren veri seti tizerinde egitilmis ve test edilmistir. Veri setinin sirasiyla %80-
10-10 oraninda egitim, dogrulama ve test setlerine ayrilmigtir. Her modelin verimliligi
ve performansi dogruluk, kesinlik, hatirlama ve F1 skoru metrikleri ile olgilir. Ek
olarak, modellerin performansini ayrintil olarak analiz etmek i¢in her modelin karigik-
lik matrislerini gosterdik. Egitim ve test deneysel sonuglari, 6nerilen modelin bu tezde
uygulanan diger tiim modellerden ve literatiirdeki mevcut yaklagimlardan daha iyi per-
formans gosterdigini saptanmistir. Onerilen model, Adamax optimizer ile egitildiginde
%99,94 egitim dogrulugu ve %99,52 test dogrulugu elde etti. Kesinlik, hatirlama ve
F1 puan sirastyla %99, %100 ve %100 olmustur. Onerilen modelin egitim kaybinin
her bir model arasinda en diigiik olan %0,53 oldugunu belirtmekte fayda var. Karigilik
matrisi incelendiginde, 6nerilen model bir gorinti disinda simiflardaki her gériintiiyii
dogru tahmin etmigtir. InceptionV3 %95,67 test dogrulugu ile énerilen modele en yakin
performansi gostermigtir. ResNet50 modeli ise %58,17 test dogrulugu ile en kotii per-
formans sergiledigi goriilmiigtiir. Ayrica modellerin egitim siirelerini ve agirlik boyutlar:
da Olgiilmiistiir. Elde edilen sonuclar, énerilen model agirlik boyutunun orijinal Mo-
bileNetV2 modelinden 4 kat daha az olacak sekilde 11MB’a diisiiriilmiistiir. Onerilen
modelin egitim siiresi 1:25 dakika, MobileNetv2 modelinin egitim siiresi ise 1:43 dakika

olarak gergeklegmigtir.

Onerilen modelin gercek zamanh siiflandirma gérevinde mobil robot iizerinde cesitli
i¢ ortamlarda degerlendirilmigtir. Ofis, oda, koridor gibi 11 farkli ortamda yiizey
siniflandirmasi yapilmigtir. Gergek zamanl siniflandirma yapmak igin agirliklar: diziistii
bilgisayara aktardik, ardindan bilgisayar robotun iistiine yerlegtirilmigtir. Test asa-
masi i¢in 11 senaryo belirledik ve boylece Kobuki robotu ahsap-hali-fayans, hali-fayans

ve hali-ahsap gibi yiizeylerin bulundugu parkurlarda hareket ettirdik. Mobil robot

ix



hareket halindeyken her 5 saniyede bir Logitech kameradan goriintii alindi ve hali,
fayans veya ahsap olarak siniflandirildi. Toplamda 267 fotograf cekildi ve test edildi.
265 adet yiizey goriuntiisii 6nerilen model tarafindan dogru olarak tammnirken sadece 2
adet goriintii hatali olarak taninmistir. Onerilen model, gercek zamanlh siiflandirmada
%99,25 dogruluk elde etmigtir. Gergek zamanl ve gesitli ortamlarda yiiksek dogruluk
elde edilmesi, 6nerilen modelin saglamligini gostermektedir. Kobuki ve Burger robotlar:
igin IMU ac1 sapma verileri, hedefe olan hata degeri ve baglangi¢ noktasindan bitig nok-
tasina kadar gegen stire her iki robotun da ii¢ farkli zemin iizerinde hareket etmesinden

sonra elde edilmistir.

Herhangi bir yontem uygulamadan sadece degerlerin analizi ile hangi robotun hangi
yiizeyde daha iyi performans gosterdigine karar verilebilir. Ancak daha dogru karar
verebilmek icin elde edilen degerlere AHP yontemi uygulanmigtir. Yapilan deneylerde
0,2 m/s hiz i¢in Kobuki robotun performansi hali ve fayans ytizeylerde, Burger ise ahgap
yiizeyde daha iyi olmustur. Ote yandan, 0,1 m/s hizla Burger’in performansi Fayans

ve Ahsgap tlizerinde daha iyiyken, Kobuki hali iizerinde daha etkili olmustur.

Ayrica, robotlarin ylizey tipine gore hareket etme deneyleri gergeklestirilmigtir. Bu
hareket deneyleri i¢in dort farkli senaryo olusturulmusgtur. Bu senaryolar sirasiyla:
fayans-ahsap, hali-ahgap, sadece ahgap ve sadece hali olmak iizere belirlenmigtir. Senar-
yolar esnasinda robotlar birbirleri ile haberleserek yiizey tiiriine gére hareket etmistir.

Gergeklegen deneylerde, her iki robot da bagarili performans sergiledigi goriilmiigtiir.

Anahtar Kelimeler: yiizey sinmiflandirma, mobil robotlar, evrisimsel sinir aglari, gérev

atama, i¢ mekan robotigi, haberlesme.



ABSTRACT
Indoor Surface Type-based Task Assignment in Heterogeneous Multi-Robot Systems

Asiye DEMIRTAS
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Supervisor: Asst. Prof. Haluk Bayram
Co-supervisor: Assoc. Prof. Gokhan Erdemir

July, 2023. 58 pages.

The ability to recognize the surface type is crucial for both indoor and outdoor mobile
robots. Knowing the surface type can help indoor mobile robots move more safely
and adjust their movement accordingly. However, recognizing surface characteristics is
challenging since similar planes can appear substantially different; for instance, carpets
come in various types and colors. To address this inherent uncertainty in vision-based
surface classification, this study first generates a new, unique data set composed of 2081
surface images (carpet, tiles, and wood) captured in different indoor environments.
Secondly, the pre-trained state-of-the-art deep learning models, namely InceptionV3,
VGG16, VGG19, ResNetb0, Xception, InceptionResnet V2, and MobileNetV2, were uti-
lized to recognize the surface type. Additionally, a lightweight MobileNetV2-modified
model was proposed for surface classification. The proposed model has approximately
four times fewer total parameters than the original MobileNetV2 model, reducing the
size of the trained model weights from 42 MB to 11 MB. Thus, the proposed model
can be used in robotic systems with limited computational capacity and embedded sys-
tems. Finally, several optimizers, such as SGD, RMSProp, Adam, Adadelta, Adamax,
Adagrad, and Nadam, are applied to distinguish the most efficient network. Exper-
imental results demonstrate that the proposed model outperforms all other applied
methods and existing approaches in the literature by achieving 99.52% accuracy and
an average score of 99.66% in precision, recall, and Fl-score. Besides this, the proposed
lightweight model was tested in real-time on a mobile robot in 11 scenarios consisting
of various indoor environments such as offices, hallways, and homes, resulting in an
accuracy of 99.25%. The performance analysis of the Kobuki and Burger robots on
different surfaces in terms of angular deviation, time of reaching to the desired point,
and sensitivity of reaching the desired point was conducted. The angular deviation was

measured by using Inertial Measurement Unit (IMU) sensor. In order to assign tasks to
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the robots according to the ground type, we evaluated the performances of the Kobuki
and Burger robots by using Multi Criteria Decision Making Method. According to the
performance analysis, it is concluded that the Kobuki robot has better performance on
carpet and tile, while the Burger performs better on wood. In addition, task assignment
experiments were carried out with multi robots according to the surface type. During
the experiments, it was observed that both robots completed the task correctly and in

accordance with the performance analysis method.

Keywords: surface classification, mobile robots, convolutional neural network, task

assignment, indoor robotics, communication.
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CHAPTER 1: INTRODUCTION

With the rapid evolution of technology, robotics has moved from laboratories to almost
all aspects of industry, education, health, agriculture, and life in general [Niloy et al.,
2021]. The contributions of robotics in relevant areas are remarkable in terms of mass
production, safe operation, quality of education, patient satisfaction, and so on. Due
to their abilities, mobile robots are one of the most rapidly growing technologies in the
world today [Stefek et al., 2020]. Mobile robots can be categorized into two groups ac-
cording to their operational environment: indoor and outdoor mobile robots. [Yasuda
et al., 2020]. Outdoor mobile robots are used in a variety of contexts, such as agricul-
ture, the military, search-and-rescue, and safety [Rubio et al., 2019]. Due to their high
capabilities and human-friendly interfaces, indoor mobile robots have become increas-
ingly prevalent daily. Indoor mobile robots are capable of performing many tasks in a
given indoor environment, including cleaning rooms [Muthugala et al., 2020], providing
efficient human services [Diddeniya et al., 2019], and serving meals [Guan et al., 2021].
However, indoor mobile robots’ dexterous and safe locomotion becomes challenging on
surfaces with varying features. Indoor mobile robots require environmental data to
adjust their movements intelligently and react to a changing environment. Therefore,
timely recognition of surface types is crucial for mobile robots to carry out a given

mission successfully [Bai et al., 2019].

The nature of surfaces varies incredibly in ordinary indoor areas. Usually, indoor
floors are flat and thus easy to traverse. However, certain areas could be slippery or
bumpy, which may result in difficulties in the mobility of robots or hazardous incidents.
Therefore, knowledge of the floor type can aid mobile robots in traversing (moving) and
adapting their movement according to the surface to avoid undesirable incidents [Xue
et al., 2022]. For instance, if the mobile robot identifies surfaces as wood floors, it can
move at high speed, as the wood floor is comparatively simple and safe for movement.
Certain surfaces, like carpets, are uneven and lofty, which affects movement; thus,
mobile robots should slow down their speed. Therefore, the methods for estimating
the current or forthcoming floors’ characteristics significantly contribute to the motion
capabilities of indoor mobile robots. Surface classification can be classified into two

main groups based on different sensing techniques: contact-based classification, which



includes vibration and touch, and contactless classification, which mainly makes use of

vision and sound.

1.1 PROBLEM STATEMENT

Indoor mobile robots’ dexterous and safe moving becomes challenging due to the variety
of surface types. In ordinary indoor areas, surface characteristics can greatly vary.
Generally, indoor surfaces are flat and simple to move around. However, particular
areas can be slippy or uneven, which could make the mobile robots’ movement difficult
and lead to hazardous incidents. In the context of this, to adapt the movement of the
robots according to surface type, avoid undesirable incidents, assign tasks according to

the floor type, etc., surface recognition is a crucial problem that needs to be solved.

1.2 RELATED LITERATURE

The classification of surface type or terrain using outdoor robots has gained attention in
recent years because of the growing utilization of Unmanned Ground Vehicle (UGV) and
Unmanned Aerial Vehicle (UAV) in both civilian and military applications; however,
as compared to outdoor robotics, the research for indoor surface classification requires
more attention. Researchers in prior studies used sensors, cameras, or a hybrid system
(sensor and camera both) to detect the surface type. For example, [Tick et al., 2012]
classified the indoor surface using data collected from an inertial measurement unit
(IMU) connected to the robot. Unlike other sensor-based studies, they used additional
attributes such as velocity and acceleration to construct a dataset of 800 features, which
were later reduced by exploiting a sequential forward floating feature selector. Then,
they used Linear Bayes to classify surfaces into five types (carpet, terrazzo, linoleum,
ceramic tiles-A, ceramic tiles-B) and obtained an accuracy of 90% for a robot moving

for 20 minutes.

Similar to previous work, [Bermudez et al., 2012] utilized vibration data obtained by an
IMU installed on a legged robot. The authors also incorporated magnetic encoders and
back-EMF sensors to generate motor control data for better surface classification. They
used 75% of the collected data to train Support Vector Machine (SVM) and attained

an overall accuracy of 93.8% in the test phase to distinguish three types of surfaces



(carpet, tile, and gravel). [Kertész, 2016] performed several sensing modalities (ground
contact force sensor, motor force sensor, infrared sensor, accelerometer, etc.) on the
Sony ERS-7 mobile robot to identify six types of indoor terrains with the help of a
random forest (RF) classifier. Besides this, a fast Fourier transformation scheme was
exploited on the obtained data and the later system was tested. The study achieved

an overall accuracy of 94% while moving the robot barefoot and wearing socks.

On the other hand, [Giguere and Dudek, 2011] used a low-speed wheeled robot with
an accelerometer to train an artificial neural network (ANN) classifier in order to rec-
ognize ten types of outdoor and indoor surfaces. They analyzed acceleration patterns
with eight extracted features in the time and frequency domains to obtain an accu-
racy of 94.6% and 89.9% for windows of 4 seconds and 1 second, respectively. Unlike
others, they distinguish between tiled and untiled linoleum surfaces. Instead of using
motion or vibration sensors, [Bosworth et al., 2016] utilized touch sensors to measure
surface friction and impedance to enable the MIT Super Mini Cheetah robot to move
over variable terrains with better locomotion. Previous studies used wheeled or legged
robots with different combinations of sensing modalities to classify indoor surfaces
based on vibration. However, even an increasing number of sensors does not signifi-
cantly contribute to achieving higher performance. Moreover, most of these works em-
ployed traditional machine learning algorithms, whereas vision-based modalities with
advanced deep learning-based models could be more effective for surface classification.
In addition to vibration and motion sensing modalities, researchers have also leveraged
vision-based data or hybrid datasets (vibration and images) to classify surfaces and

terrains.

For instance, [Weiss et al., 2008] utilized imaging data and vibration measurements to
classify 14 types of surfaces, including mix grass-gravel, mowed grass, medium grass,
short grass, small bushes, dirt, clay, circular paving, quadratic paving, tiles, coarse
gravel, fine gravel, asphalts, and indoor surfaces. They first trained an SVM model on
the given datasets individually and later broadened the research by combining vibration
data with imaging data for better classification. It is noted from the conclusion that
the SVM outperformed the models trained on individual datasets, achieving an overall

accuracy of 87.04%. Even though they used the camera to capture the images, the



paper focuses only on outdoor surface classification, as they grouped all types of indoor
surfaces into one label (‘indoor’). In contrast, we aim to classify indoor surfaces into

three different labels.

Similarly, [Kurobe et al., 2021] used audio features beside images to identify indoor and
outdoor surfaces. They clustered surface types by training the CNN-based ResNet50
model using audio-visual modalities with the help of a microphone and camera installed
beneath the mobile platform. Their developed scheme achieved an overall accuracy of
80%. Nonetheless, including audio modality does not enable the model to outperform
vibration-based classification models. Therefore, there is a need to suggest an accurate
indoor surface classification system with minimal equipment and computational cost.
[Guan et al., 2022] proposed a framework that utilizes visual and inertial perception by
using camera and IMU sensors to classify multiple outdoor and some indoor surfaces,
such as carpet and tile, for mobile robot navigation. The presented framework uses a
CNN-based EfficientNet-B0O model to extract the image features. The obtained results
demonstrate the efficacy of the proposed model for surface classification tasks. However,
the indoor surface types in our study are more diverse, including a wide range of carpet,
tile, and wood types in various colors and patterns. Additionally, our dataset consists
of samples collected from different indoor environments, unlike previous studies, which

focused on a single site.

1.3 CONTRIBUTION OF THE THESIS

Previous studies on surface classification have certain limitations. Firstly, the gener-
alization of the trained classification networks is not specified, whereas models were
trained over finite samples that may cause over-fitting or underfitting. Secondly, most
works did not present the time analysis to detect the sudden changes in the surface.
Thirdly, they lack a discussion of model efficiency regarding training time. Fourthly,
the presented results include limited performance evaluation metrics. Fifthly, most
studies exploited specific machine learning algorithms. Still, they lack a comparative
analysis of the proposed model with state-of-the-art models, which may perform better
than the suggested ones. This study aims to improve surface recognition to stabilize the
mobile robot’s movements so that it performs the given task more comprehensively. Be-

sides exploiting pre-trained state-of-the-art deep learning models, the study proposed a



modified MobileNetV2 to classify the surface efficiently. The key contributions include:

e Generation of a unique dataset that is composed of surface images captured in

different environmental conditions.

e Unlike prior studies, our new dataset includes carpet surfaces besides wood and

tiles.

e Comparison and analysis of the pre-trained deep learning models for a surface

classification task on the new dataset.

e Proposing a modified MobileNetV2 to establish its impact on the classification

performance of robotic systems with limited computational capacity.

o Comparison and analysis by examining the effect of several optimizers (SGD,
RMSProp, Adam, Adadelta, Adamax, Adagrad, and Nadam) to distinguish the

most efficient network for the problem of surface recognition.

e Providing a systematic evaluation of each utilized model using various optimizers

based on accuracy, precision, recall, and F1-score.

e The performance analysis of the MobileNetV2 Proposed model was tested in
real-time using the Kobuki robot by creating 11 different scenarios in different
environments such as a home, office, and hallway consisting of carpet tiles and

wood.

e Indoor robots, Kobuki and Burger, were tested by considering the parameters
such as IMU data for each surface at different speeds, the margin of error in cm

when reaching the target, and completion time.

¢ Determining which robot performed better on which ground by using the Analytic
Hierarchy Process method, which is a type of Multi-Criteria Decision Making,

based on the parameters obtained during the test.

e Task assignment with multi robots according to surface type.



1.4 APPROACH

The main goal of this thesis is to develop a system that can classify the surface types
in real time and assign tasks to heterogeneous robots according to the surface type.
The system consists of four main parts: generating a new dataset, applying several
Deep Learning based methods as well as proposing a lightweight MobileNetV2 model,
performance analysis of the Kobuki and Burger mobile robots, and finally utilizing

mobile robots and ensuring communication between them.

DL-based techniques heavily rely on datasets, accurate and precise results cannot be
obtained without reliable and useful data. Considering this, we generated a dataset
that includes various types of carpet, tiles, and wood images captured in different

environments. After the collection part, the dataset was prepared for further processing.

Once the dataset was ready to use, DL-based models were applied to perform surface
classification. To find the most accurate and lightweight model state-of-the-art CNN
models as well as the proposed model were performed with several different optimizers.
Then, each model’s performance was tested on a main computer in terms of accuracy,
precision, recall, and F1 score. From each model, we obtain pre-trained weights, which
were later used for surface classification in real time on both Kobuki and Burger robots.

Figure 1.1 illustrates the surface classification system applied in this thesis.

The Kobuki and Burger robots have been prepared to conduct the experiments by
installing all the packages and components on them. The connectivity between robots
and computers was facilitated by the Robot Operating System (ROS). ROS packages
were utilized for the real-time classification, robot movement, and connection of the

components. The communication between robots was done via Wi-Fi protocols.

The performances of the Kobuki and Burger robots on different surfaces were examined
in terms of angular deviation, time to reach the desired point, and precision. The
measurement of angular deviation was taken by the Inertial Measurement Unit (IMU)
sensor. We defined start and end points with a length of 5 meters on each surface. Later,

we moved both robots across the same scenario. By comparing their performance, we
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Figure 1.1: Problem Illustration.
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determined which robot performed better on each surface. According to this knowledge,

tasks were assigned to robots.
Furthermore, the proposed approach was tested in different indoor environmental sce-

narios. The optimized model weights obtained are uploaded to both robots, so surface



classification was done in real-time and according to the surface type tasks were as-
signed to the robots automatically. Finally, we performed task assignment according
to the surface type experiments. The obtained results show that task assignments were

carried out successfully.

1.5 OUTLINE OF THE THESIS

The remaining four chapters of the thesis are organized as follows. Chapter 2 pro-
vides a comprehensive review of the methodologies and algorithms applied at each
stage to achieve the surface classification goal. As surface classification utilizing the
DL approach is the primary focus of this chapter, it elaborates on the fundamental
capabilities of CNN models and discusses a few optimizers. Furthermore, it presents
the newly generated dataset, and provides detailed insights into the experiments and
their corresponding results. In Chapter 3, the method used for the performance analy-
sis of the robots is described. Chapter 4 demonstrates the experiments, while Chapter

5 concludes the thesis.



CHAPTER 2: CNN BASED SURFACE CLASSIFICATION

This section presents a detailed description of the dataset generated in this thesis, along
with the selection and architecture design of pre-trained CNN models and proposed
model, also the application of various optimization algorithms. It specifically focuses on
the generation of a new dataset, pre-processing steps, the implementation of CNN-based
models, and the selection of the appropriate optimization algorithms. The illustration

of the applied and proposed model in this section is presented in 2.1.
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Figure 2.1: Demonstration of the System for Surface Classification.
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2.1 DATASET

Datasets play a significant role in DL-based techniques, and accurate and precise re-
sults cannot be achieved without consistent and meaningful data. As there is a lack of
an open-source indoor surface image dataset, we generated a new dataset that includes
three distinct floor types: carpet, tiles, and wood. We captured dataset samples with
cameras in various indoor environments and lighting conditions. Before building the
dataset, we analyzed the overall dimensions of the indoor robots. Thus, while gen-
erating the dataset, we took images from different angles to ensure convenience for
the indoor mobile robot’s camera position. According to our literature review, the
generated dataset is one of the most comprehensive datasets used in such studies. In
particular, to prevent the lack of datasets in which the diversity of indoor surfaces is
limited, samples in our dataset were captured in more than 20 indoor environments, in-
cluding various carpet, tile, and wood floors [Demirtas et al., 2023]. In Figure 2.2, some

samples from the generated dataset are presented. The generated dataset is publicly



available in [Demirtas et al., 2023].

Tiles

Wood

Figure 2.2: Samples from the Different Surface Types.

The generated dataset consists of a total of 2081 samples, of which 870 samples are
carpet, 638 tiles, and 573 wood floors. All the images are RGB, and the size of the
collected images varies, but before feeding to the CNN models, samples are resized
to an equivalent dimension. Detailed information about the generated dataset can be
found in Table 2.1.

Table 2.1: Details of the Generated Dataset

Dataset | Carpet | Tiles | Wood | Total
Train 698 510 457 | 1665
Test 86 64 58 208
Validation 86 64 58 208
Total 870 638 573 | 2081

2.2 SURFACE CLASSIFICATION USING CNN

Convolutional Neural Networks (CNNs) are a Deep Learning (DL) based approach
that is extensively adopted for image recognition and classification tasks in various ar-
eas [Huang et al., 2017, Szegedy et al., 2015]. Instead of manually extracting certain
features, as is the case with traditional methods, CNNs can automatically learn specific
features from original images without the need for human supervision. The convolu-
tional layer, pooling layer, and dense layer are the three basic layers that make up a

CNN architecture. The descriptions of each layer are given in the following.

10



2.2.1 Convolutional Layers

The most crucial part of CNN is the convolutional layer, that utilizes various convolu-
tion kernel sizes to obtain the particular features of a given sample. A set of feature
maps can be obtained by applying a convolutional layer in a given image a few times.

Assuming that F; represents the CNN feature map for the ith layer, F; is given as:

F;, = (ﬁ(Fi_lWi + bi) (2.1)

where F; indicates the current network layer’s feature map, F;_ represents the previous
layer’s convolution feature, W; represents ith layer’s weight, b; is the offset vector of

the ith layer, and ¢ represents the rectified linear unit (ReLU) activation function.

2.2.2 Pooling Layers

After applying a convolutional layer, pooling layers reduce the feature dimensionality,
thus drastically minimizing the computational complexity. In addition, pooling layers
effectively control the risk of overfitting. The output feature of the hth local receptive

field in the I[th pooling layer can be calculated as follows:

a}, = downsample(z} 1, 5) (2.2)

where downsample indicates the down-sampling function, :Ul,fl represents the feature

vector of the previous layer, and s denotes the pooling size.

2.2.3 Dense Layers

Finally, all the features extracted by previous layers are collected in the fully connected
layer, thus, surface classification can be performed. The Softmax function generally
performs class prediction with all the gathered features. The Softmax function can be

expressed mathematically as:

11



K
softmaz(z); = ezj/ZeZ’“,Vj e{l,.., K} (2.3)
k=1

where K denotes the dimension of vector z.

2.3 PRE-PROCESSING

Carrying out a few pre-processing steps before feeding the data into DL models plays
a critical role in improving performance and feasibility. To meet the fixed-size input
requirement of applied and proposed CNN models, we pre-processed the input size
of the samples to 299x299 pixels. We then performed min-max normalization, which
reduced the values of a given set to a ratio between 0 and 1. Min-max normalization

is expressed by Equation 2.4 [Rajendran et al., 2020]:

Maz — newMi
Tout = (Iin — Min) =2 MZi — 7;;; ™ 4 newMin (2.4)

2.4 CNN BASED MODELS

In this thesis, several CNN-based models were used to perform the surface classifica-
tion tasks, including InceptionV3, VGG16, VGG19, ResNet50, Xception, InceptionRes-
NetV2, MobileNetV2, and the proposed MobilenetV2-Modified model. The description

of each model is presented in detail below.

2.4.1 InceptionV3

The InceptionV3 is a CNN-based DL model that is used for image recognition tasks
[Szegedy et al., 2016]. It is an advanced version of the main Inception V1 model. In the
InceptionV3 model developed by Google, a group normalization and a fully connected
layers have been added in order to make the network more efficient. This architecture
is widely utilized for image classification and has demonstrated good results on the
ImageNet dataset. The improved version aims to perform well even on applications
with limited computational costs. For example, a 3x3 convolution is split into 1x3 and
3x1 convolutions, which allows for more effective extraction of specific details present

in the image and reduces the numerical parameters of the model, resulting in shorter

12



training times. The total depth of the model is 47 layers. Despite its more profound
architecture than previous versions, InceptionV3, with the new factorization ideas,

reduces the parameters without decreasing the network performance.

24.2 VGG16

VGG16 as a CNN-based model, was ranked among the top 5 models in the ImageNet
Large Scale Visual Recognition Challenge (ILSVRC) [Russakovsky et al., 2015] compe-
tition on the ImageNet dataset in 2014 with a 7.3% error rate [Simonyan and Zisserman,
2014]. The architecture comprises 16 layers with approximately 130 million parame-
ters, applying 3x3 filters. Instead of using a lot of hyper-parameters, VGG16 uses on
2x2 filtered max-pool layers and 3x3 filtered convolution layers, which have a stride of
1. The architecture’s fundamental components are convolutional layers with varying
depths, followed by three fully connected layers. The first and second dense layers con-
tain 4096 neurons, while the third has 1000 neurons. Softmax is the last layer where

classification is performed.

243 VGG19

The overall concept of the VGG19 architecture is the same as VGG16, except for the
adoption of three additional convolutional layers. In this case, the first 16 convolutional
layers extract features, while the following three fully connected layers are used for
classification. There are five groups of feature extraction layers, each of which is followed
by the max pooling layer. VGG19 model’s input size is the same as VGG16’s 224 x
224 pixels.

2.4.4 ResNet50

The classification accuracy of deep CNN models increases correspondingly with the
number of network layers. However, as the depth of network increases, training and
test error rates of the models also increase. This case is referred to as the “vanishing
gradient”. To address this problem, the Residual Network was developed [He et al.,
2016]. ResNet50 deploys a method referred to as skip connections, allowing the network
to link directly to the output by skipping several training layers. The underlying

architecture of ResNet50 is inspired by the VGG architecture, consisting of five phases,

13



each with an identity block and a convolutional block. Three convolutional layers
compose each block. Downsampling is performed using pooling layer. The network is

finalized with fully connected layers.

2.4.5 Xception

As an inspired version of the Inception model, the Xception architecture was introduced
by [Chollet, 2017] in 2017. The Xception model is composed of deep and comprehensive
convolutional layers that operate in a collateral manner. Thus, the feature extraction
process of the network is realized with a total of 71 convolutional layers. In Xception,
the convolutional layers are arranged into modules and encircled by linear residual
connections, making them stacks of depthwise separate convolutional layers covered by
residual connections. This makes the architecture very simple to describe and perform,
unlike InceptionV2 or V3, which are substantially more difficult to specify. The pre-
trained model, which provides excellent efficiency in image recognition, was trained on

the Imagenet dataset using millions of samples.

2.4.6 InceptionResNetV2

The InceptionResNetV2 module is a combination of Inception and residual networks,
showing promising results in image classification and object detection tasks [Szegedy
et al., 2017]. From a particular view, each InceptionResNet module can be demon-
strated as a tiny CNN. These small CNNs, together with additional network layers
like pooling and convolutions, compose the main architecture of the InceptionResNet
network. The architecture of the InceptionResNet module consists of two main parts:
shortcut connections and residual blocks. Input features are directly mapped to output
features by the shortcut connection, so residual blocks estimate the residual function.
Finally, the module output is composed of the corresponding map of input features as

well as the output of the residual block.

2.4.7 MobileNetV2

The MobileNetV2 model is utilized in many computer vision applications, but mainly
it offers high robustness in object recognition tasks. The model increases the per-

formance of the existing CNN models on mobile and computationally limited devices
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across various benchmarks, activities, and model sizes [Sandler et al., 2018]. On the
main architecture of MobileNetV2, bottleneck levels, inverse residual structures, and
connections are presented. This methodology makes real-time classification possible on
computationally limited devices or smartphones. More detailed information about the

fundamental architecture of MobileNetV2 can be found in [Sandler et al., 2018].

2.4.8 MobileNetV2-Modified

The fundamental MobileNetV2 architecture inspires our proposed modified MobileNetV2
model. Once the core convolutional architecture has extracted the input images’ fea-
tures, global average pooling layer is utilized to minimize the size of the extracted
features. So, the precition is done in the fully connected layer. Original MobilenetV2
model has a lower computational cost than other CNN-based models. Thus, this makes
the MobilenetV2 model more effective in mobile robot-based applications. In this the-
sis, since the surface classification performance of the mobile robot was analyzed, it is
more consistent to modify the MobilenetV2 model compared to other models in terms
of computational cost. While the original MobileNetV2 model has an average weight of
around 40 MB, which is relatively small, its architecture is changed to reduce the mo-
bile robot’s computational cost and make it work more efficiently. To achieve this, we
replace the last 11 layers before the fully connected layers of the original MobileNetV2
with 2D-convolutional layers with 16 filters with a kernel size of 5x5, ReLu as activa-
tion, and the same padding. Thus, the number of blocks was reduced from 17 to 16, as
shown in Figure 2.3 and 2.4. The convolutional layer is followed by a Global Average
Pooling layer and a Dropout layer with a value set to 0.2. Then, two dense layers
are added, having a size of 2096 and 3, respectively. Softmax is used for activation
to classify the three types of surfaces correctly. The size of the extracted features is
minimized using the Global Average Pooling layer, and overfitting was prevented by
adding a new Dropout layer to the modified architecture. Apart from removing blocks,
adding dropouts, and building a convolution layer, we made a significant change to
the proposed model by making the last 23 layers trainable (Figure 2.4), whereas in the
original MobileNetV2, all layers are frozen except for the fully connected and global
average pooling layers. In the MobileNetV2 model, the frozen layers are trained on the
ImageNet dataset, while the trainable layers are trained with a custom dataset. By

doing so, the number of training parameters is reduced, thus significantly reducing the
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computational time compared to the original MobileNetV2, which will be explained

further in the comparison section.
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Figure 2.4: Architecture of MobileNetV2-Modified.

In Algorithm 1, firstly, the surface dataset was loaded (line 1). Secondly, normalization
was performed to reduce the computational cost (line 2). The MobileNetV2 model ar-
chitecture was defined (line 3). Following, the last 11 layers of the original MobileNetV2
model was deleted (line 4-6) and replaced with a convolutional layer, a global average
layer, a dropout, and two dense layers (line 7-13). After the modifications to the ar-
chitecture, we made the last 22 layers trainable (lines 14-16). The normalized dataset
was separated into training, validation, and testing (line 17). The modified model was
trained (line 18) and tested (line 19). Finally, the prediction result was returned (line

20).
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Algorithm 1 Pseudo Code of the Proposed Model

ImP=Load(Dataset)
ImNorm=(ImP min(ImP))/(max(ImP)min(ImP))
Architecture < {MobileNetV2}
for i in |Architecture| do
editArchitecture=[i, —11] delete
end for
model define do
addlayerl<—conv2D (editArchitecture)
addlayer2<—global AveragePooling (editArchitecture)
addlayer3<—dropout (editArchitecture)
. addlayerd<—dense (editArchitecture)
. addlayerb<—dense (editArchitecture)
: modifiedModel+ (addlayerl, addlayer2, addlayer3, addlayer4, addlayer5)
. for j in |modifiedModel| do
[7, —22] unfreeze layers
: end for
Jtrains Joatidations ltest <= ImNorm
. training < modi fiedModel (firain, foalidation)
. score < (lgest, training)
: return score

e T e
S © ® N U WO

2.5 OPTIMIZERS

Optimizers regulate the learning speed and the neural network weights to provide the
best model performance and reduce the losses experienced during training. In other
words, the optimization algorithms minimize the loss during training and ensure ac-
curate dataset training. The optimizer algorithms applied in this thesis are briefly

explained below.

2.5.1 SGD (Stochastic Gradient Descent)

Stochastic Gradient Descent [Robbins and Monro, 1951] and its variations are fre-
quently utilized in deep learning. SGD is different from the classic vanilla gradient
descent technique in that it computes the gradient of the objective function. It updates
the parameters on subsets of the training data instead of the complete training set.
The main goal of SGD is to minimize computational costs. It is worth noting that
gradient descent is a computationally intensive process by itself, especially when there

is a large training set. The parameter update of SGD is done as follows:
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0r =011 —n-VoJ(0i-1) (2.5)

where 6; € R is the parameter vector during iteration ¢, the learning rate is represented
by n, J(0;—1) is the loss function defined by the model’s parameters ; at the ¢-th
iteration, and Vg J(6;—1) = 0J(0:—1)/00 represents the gradient of the loss function to

parameters at the ¢ — 1th iteration.

2.5.2 Adam (Adaptive Moment Estimation)

The advantages of Adagrad and RMSprop optimizers are combined in Adam, which
calculates the learning rates adaptively for various variables. It has a low memory de-
mand, high computational efficiency and calculates the learning rates for each parame-
ter. Momentum is directly integrated with Adam to estimate the gradient’s first-order
moment. To account for the initialization at the origin, Adam applies bias corrections
to the estimations of the first-order and second-order moments [Kingma and Ba, 2014].
To estimate the moments, Adam employs the exponential moving average, which is
computed on the gradient evaluation concerning the current mini-batch. The exponen-
tial decay rates of these moving averages are controlled by the hyperparameters 81 and
B2, which are usually set close to 1. 31 and (5o are usually set near 1. The estimate of

the gradient’s mean, my, is calculated as:

my = Bimy—1 + (1 — B1)g: (2.6)

where ¢, is the gradient on the current mini-batch at step t. Subsequently, the estimate

of the gradient’s uncentered variance, vy, is calculated as:

v = Pove—1 + (1 — 52)91&2 (2.7)

In the first stage, m; and v; are smoothly biased to starting value. Therefore, bias
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correction must be calculated for both the first and second moments, so the following

steps are performed:

A My
my = 2.8
- B 25
. Ut
VUVt = 2.9
-84 29
Finally, the parameters are updated as follows:
0y =01 — Lmt,l (2.10)

where 7 is the learning rate and € is a small value to avoid division by zero.

2.5.3 RMSProp (Root Mean Square Propagation)

The RMSProp algorithm was proposed by Geoffrey Hinton [Hinton et al., 2012]. The
RMSProp optimizer have common points with gradient descent algorithm. By employ-
ing a moving average of the squared gradient to normalize the gradient by considering
the size of recent gradient descents, RMSProp attempts to address the drastically de-
creasing learning rates of Adagrad. Therefore, the algorithm progresses horizontally,
with larger steps converging faster as the learning rate increases [Mukkamala and Hein,

2017]. The moving average of the squared gradient is maintained as follows:

n
O =01 — —F———— gt1 (2.11)
Elg?li-1 + e
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2.5.4 Adagrad

Adagrad is an optimization technique that modifies the learning rates of the model pa-
rameters on an individual basis [Duchi et al., 2011]. The learning rate of the parameters
with the biggest partial derivative of the loss decreases quickly, whereas the learning
rate of the parameters with smaller partial derivatives decreases more slowly [Goodfel-
low et al., 2016]. This is accomplished by using all the previous squared values of the

gradient. The update for each parameter 6; in every iteration t is expressed as follows:

n

Gt 14
Gi—14i + € ‘

Ori =011, — (2.12)

Here, € is an expression that prevents division by zero, and the objective function’s

gradient with respect to the parameter 6; at iteration ¢ — 1 is denoted with g;_1:

gi—15i= Vo J(0:), (2.13)

where g;_1,;; is a diagonal matrix where every diagonal element ¢, is the sum of gradi-
ents squares in respect to #; up to iteration ¢ — 1. Element-wise vector multiplication
between G;_; and g;—1 is represented with ®, and vectorization update is done as

follows:

0, = 01 — (2.14)

n
S —
VGi—1 + € Gi-1

2.5.5 Adadelta

The primary goal of the AdaDelta method is to address the two main issues with
AdaGrad: the constant decay of learning rates during training and the demand for
manually selecting global learning rates. To achieve this, AdaDelta limits the past

gradient window to a fixed size rather than adding up the sum of all squared gradients
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over time [Zeiler, 2012]. The update of Adadelta is as follows:

RMS[A0];_»

o=t - RMS[g]t—l

gi—1 (215)

where RM S[g];—1 represents the RMS error criterion of the gradient [g];—1:

RMS[gli-1 = VE[¢?]t-1 + € (2.16)

and the running average at the ¢ — 1th iteration is represented with E[g?];—1], which is

calculated using the previous average and the exist gradient:

E[¢®) = vE[¢%i-1 + (1 —v)g2, (2.17)

where v denotes a fraction that is identical as the momentum term. Following this,
RM S[Af); represents the error criterion of A2, and the running average E[A6?]; of
Af; is acquired by:

E[A0°], =vE [A%], | + (1 —7)A67 (2.18)

2.5.6 Adamax

Adamax is an extension of Adam. First, Adamax calculates the gradients at time step
t concerning the stochastic objective. Then, it calculates an exponentially weighted
infinity norm along with a biased first-moment estimate to update model parameters

[Kingma and Ba, 2014]. Adamax’s parameter update rule is as follows:

uy = maz(Bavi—1,|gt|) (2.19)
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Orr1 =0 — —1y (2.20)
Ut

2.5.7 Nadam

Nadam uses the accelerated gradient of Nesterov to modify Adam’s momentum com-
ponent. Thus, the goal of Nadam is to increase the speed of convergence of the mod-
els [Dozat, 2016]. Similar to the Adam algorithm, the first and second-moment variables
are updated after computing the gradients. Following this, corrected moments are cal-
culated so that the parameters can be updated. The parameter updates are expressed

as:

Or11 = 0r —

ﬁ <51mt + (1—51)%> (2.21)

2.6 LIBRARIES

The libraries that were used throughout the thesis to apply algorithms and conduct

experiments are described below.

2.6.1 TensorFlow and Keras

Two well-known open-source libraries that are widely utilized in the deep learning and
artificial intelligence fields are TensorFlow and Keras. Developed by Google, Tensor-
Flow offers a complete collection of tools and resources for creating and deploying Al
models. It provides an adaptable and scalable infrastructure that enables researchers
to build neural networks, manage large datasets, and effectively improve model perfor-
mance. TensorFlow’s strength rests in its capacity to make use of both Central Pro-
cess Units (CPU) and Graphics Processing Units (GPU), enabling high-performance
computing and faster training times. On the other side, Keras, which was formerly
a standalone library, now integrated into TensorFlow. With its straightforward and
user-friendly API, users can quickly create and set up their models with minimal code.

In addition, Keras offers a wide range of pre-built layers, activation functions, and
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optimization algorithms. Keras supports various network architectures such as CNN,
Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM), and more. The
tools for data pre-processing and model evaluation are also included in Keras, which
makes it a complete solution for deep learning applications. In our thesis, we used both
TensorFlow and Keras libraries in building the models, training, and testing [Abadi

et al., 2015].

2.6.2 Scikit-learn

Scikit-learn, also referred to as sklearn, is a well-known Python machine learning and
deep learning library. The library offers a wide range of techniques and tools including
classification, clustering, and model selection. Sklearn also provides extensive func-
tionality for model evaluation, data preprocessing, and feature extraction, ensuring a
comprehensive pipeline for developers. We utilized the Sklearn library in obtaining the

confusion matrices of the trained CNN models [Pedregosa et al., 2011].

2.6.3 Matplotlib

Matplotlib, as a visualization library, offers users a wide range of plot types, such as line
plots, charts, figures, and more. Users by utilizing the Matplotlib library can change
the colors, styles, axis labels, and titles on every part of their plots. It ensures precise
control over figure size, aspect ratio, and subplot arrangement, thus, developers can
create informative visualizations. The results obtained from the CNN models were

plotted by utilizing the Matplotlib library [Hunter, 2007].

2.6.4 Seaborn

Seaborn as a Python library, is intended to offer a more advanced user interface and
more capabilities for developing visually appealing and informative statistical graphics.
It provides a variety of plot forms, such as scatter plots, bar plots, box plots, and more.
With just a few lines of code, Seaborn can produce complex statistical visualizations
including regression plots, distribution plots, and correlation matrices, which is one
of its main advantages. Seaborn library’s one of the standout feature is that it can
produce complex statistical visualizations including regression plots, distribution plots,

and correlation matrices. The confusion matrices in our research are visualized via
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Seaborn library [Waskom et al., 2017].

2.7 TRAINING AND TESTING RESULTS OF SURFACE CLASSIFICA-
TION MODELS

In this study, we propose a solution for surface classification tasks and evaluate the
performance of the applied and proposed models. The evaluation process for the classi-
fication task in terms of training and testing is performed on the AMD Ryzen 9 5900X
processor with 64 GB of RAM and the Nvidia GeForce RTX 3080 Ti graphic card.
Jupyter Notebook with Python 3.6 is used as an interface. Tensorflow and Keras li-
braries are used for the implemented models. Matplotlib and Seaborn libraries are

utilized for visualization.

To evaluate the model’s accuracy, each model is trained and tested on a dataset con-
taining 2,081 images. Dataset was divided into training, validation, and testing. We
used 80% of samples for training, 10% for validation , and 10% for testing. Note that
test images are selected randomly to predict the surface accurately. The models effi-
ciency and performance was evaluated with four metrics: accuracy, precision, recall,
and fl-score. Confusion matrices are demonstrated to analyze the model’s predictions

in detail. The performance evaluation metric equations are expressed below:

e The proportion of correctly identified samples to all samples is used to measure

accuracy. This metric illustrates the classification’s level of confidence.

TP +TN
TP+TN+ FP+ FN

Accuracy = (2.22)

 Precision is a metric that determines the ratio of true positives (TP) to the total

of TP and false positives (FP).

TP
Precision = ———— 2.2
recision = o (2.23)

e Recall is the metric that demonstrates the ratio of the true positive to the total

of the true positive and false negatives(FN).
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TP
Recall = m (224)

e The F-measure is a metric defined as the harmonic mean of precision and recall.

2 x Precision X Recall
Flgore = (2.25)

Precision + Recall

The train and validation accuracy/loss graphs obtained with the best-performing op-
timizers of each model are demonstrated between Figures 2.5-2.12. When the figures
are examined, it is seen that the train accuracy values of the models are above 96%.
However, the values of the validation accuracy vary significantly according to the mod-
els. For instance, as shown in Figures 2.5-2.7, although train accuracy is high in the
InceptionV3 and VGG19 models, validation accuracy could not exceed a specific limit.
It implies that there is overfitting in both models. When analyzing the train-validation
loss graphs of VGG19 and InceptionV3, it is observed that as the number of epochs
increases during training, the train loss value of VGG19 decreases, whereas the Incep-

tionV3 model increases.

Contrary to these models, it is seen that train and validation accuracy values in VGG16
and Xception models converge, and overfitting decreases compared to previous models,
except for a few epochs when examining Figures 2.6-2.9. This decrease in overfitting
accuracy values is reflected in the graph as an increase in loss values. Although there
is oscillation for the InceptionResNetV2 model in Figure 2.10, the train and validation
accuracy values are close. The train loss value is already low, and the validation loss

confirms this.

Comparing the MobilenetV2 and MobilenetV2-Modified graphs in Figures 2.11 and
2.12, it is evident that the training process of the proposed model is better than the
original MobileNetV2. Thus, this positively affects the proposed model’s accuracy,

precision, recall, and test accuracies.

The performance comparison analysis of the proposed model and applied state-of-the-

art DL models for surface classification tasks are shown in Table 2.3. Experimental
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results demonstrate that the modified model surpassed the state-of- the-art DL mod-
els in terms of precision, recall, fl-score, and test accuracy when trained with the
Adamax optimizer, achieving 4% higher accuracy than each model. Afterward, the
most effective ones are MobileNetV2, InceptionV3, Xception, and InceptionResNetV2
models, whereas VGG19 shows the lowest performance when considering the results
obtained with different optimizers. Among the seven different optimizers, Adamax,
Adam, SGD, and RMSProp perform the most effectively on each CNN model, while

the others perform less effectively.

When Figures 2.11 and 2.12 are compared, the effect of the modification can be seen
quite clearly in terms of the accuracy and loss value. When the train-validation accuracy
graph in Figure 2.11 is examined, it is seen that the oscillation is lower, and there is
a small difference in accuracy compared to the other models. As seen in Figure 2.12,
the training progress of the modified model has been completed consistently. In the
train-validation accuracy and train-validation loss graphs, it is seen that the values

converge between train-validation accuracy and loss. Thus, overfitting is prevented.

Consequently, the test accuracy is obtained as 99.52%, which is quite high compared
to other models, and the loss value is close to 0 in Table 2.3. Therefore, this shows how
well the modified model was trained. As seen in Figure 2.13, MobileNetV2 Modified
mispredicts only 1 carpet image out of 208 test images in the confusion matrix, which

reveals that the test accuracy is almost 100%.

The confusion matrices for each model are shown in Figure 2.13, with each matrix
representing the classification of images into 0 Carpet, 1 Tile, or 2 Wood. As shown
in Figure 2.13, 86 images of Carpet, 64 images of Tile, and 58 images of wood were
tested. Each class was predicted with high accuracy, as indicated by the Confusion
Matrix results. When examining the estimation of Carpet for each model, it is observed
that the TP value is relatively high and the FP value is low, which is desirable. For
instance, when the confusion matrix is examined for tile, the FN value is higher than
other classes by reducing the recall value. It was determined as wood instead of being
estimated as tile. This is because there are wood-like tiles and tile-like wood images

in the section reserved for testing. In contrast, wood appears to be predicted more
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accurately. Considering the confusion matrices, the modified model has shown the

highest prediction when compared to the applied DL models.
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Adamax Optimizer.

Additionally, in this study, the computational time of each model was also measured.
Table 2.2 presents the training times and the weight sizes of both the modified model
and the state-of-the-art DL models used in the surface classification task. Compared

to the other models, the modified model effectively completed the training in less com-

27



1 — train acc

— val acc

W/WW

0 20

Epochs

Loss

16

14

12

1.0

0.8

0.6

— train loss
—— val loss

N\ MWMW\

0

40 60 80 100
Epochs

20

Figure 2.8: ResNetb0 Model’s Training and Validation Accuracy-Loss graphs with
Adamax Optimizer.

1.00

0.95 4

0.90 4

0.85 4

Accuracy

0.804 I

0.75 1

0.70 4

—— train acc
—— val acc

0 20

60 80 100
Epochs

40

Loss

0.8

0.6

0.4 4

0.2 4

—— train loss
—— val loss

o

40 60 80 100
Epochs

20

Figure 2.9: Xception Model’s Training and Validation Accuracy-Loss Graphs with SGD
Optimizer.

1.000

—— train loss
—— val loss

0.975 041
0.950 \ \
\N/\[HMM W\‘ o ol M j L~
0925 ] : ,/\/\\)
z I :
s 0.900 @
g 3 5z
< 0875 ‘ ) ‘
0.850 1
0.1+
0.825 4
— train acc
0.800 A —— val acc
. . 0.0 1
0 20 40 —— 60 80 100 6 Zb 4'0 oochs ﬁb BIO 160
Figure 2.10: InceptionResnetV2 Model’s Training and Validation Accuracy-Loss

Graphs with Adam Optimizer.

puting time. According to MobileNetV2, the training time increased partially as the
depth of the proposed model increased. After removing blocks, adding dropouts, and
freezing certain blocks, the trainable parameters have been reduced by approximately
4 times compared to the original MobileNetV2 and the weight of this model has been
reduced to 11 MB. On the other hand, VGG19 and InceptionResNetV2 had the longest
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Table 2.2: Comparison of Training Time and Model Weight Size for each Model

Model Training Time (min) Model Weight Size
InceptionV3 3:24 1.7 GB
VGG16 6:48 2.3 GB
VGGI19 8:29 82 MB
ResNetb0 7:13 1.4 GB
Xception 6:47 927 MB
InceptionResNetV2 8:30 264 MB
MobileNetV2 1:43 42 MB
MobileNetV2 Modified 1:25 11 MB

training time. It is worth noting that the InceptionV3 model required a considerable
amount of training time, whereas the training time for VGG16 and Xception models

was on average.

It is worth noting that previous studies have mainly focused on surface classification
tasks by using both IMU and vision sensors. Most of them utilize conventional machine

learning algorithms or deep learning networks, which attain reasonable results.

29



Table 2.3: Performance Results of Applied State-of-the-art Models and Proposed
Model.

Model Optimizer Recall(%) Precision(%) F1-Score(%) Train Acc.(%) Train Loss(%) Test Acc.(%)
SGD 95 95 95 99.40 3.8 95.19
Adam 95 95 95 99.64 0.5 95.67
RMSprop 96 95 95 99.58 5.04 95.67
InceptionV3 Adadelta 92 93 92 95.74 14.45 92.79
Adamax 95 95 95 99.52 2.56 95.67
Adagrad 95 95 95 99.52 1.85 95.67
Nadam 93 93 93 99.34 2.27 93.75
SGD 86 87 86 88.77 35.42 87.02
Adam 93 93 93 99.58 0.6 93.27
RMSprop 92 92 92 99.46 0.7 91.83
VGG16 Adadelta 84 85 85 85.29 44.57 85.58
Adamax 93 93 93 99.52 0.64 93.27
Adagrad 91 91 91 93.63 22.95 91.93
Nadam 95 95 95 99.40 0.59 95.19
SGD 87 87 87 84.98 42.69 87.98
Adam 91 91 90 99.58 2.46 91.35
RMSprop 91 91 91 99.76 1.42 91.83
VGG19 Adadelta 52 56 49 59.76 93.38 57.69
Adamax 94 94 94 96.76 13.47 94.23
Adagrad 85 85 85 85.29 43.34 86.06
Nadam 91 91 91 99.34 24 92.31
SGD 47 38 35 56.05 95.21 41.29
Adam 56 60 57 61.08 90.50 56.73
RMSprop 54 55 46 66.85 70.62 53.85
ResNet50 Adadelta 55 50 48 56.16 91.66 57.69
Adamax 54 55 52 72.07 61.23 57.21
Adagrad 55 53 50 61.26 80.94 57.21
Nadam 54 59 54 65.53 70.84 58.17
SGD 94 95 94 98.80 5.58 94.71
Adam 93 93 93 99.58 0.55 93.75
RMSprop 93 93 93 99.58 0.56 93.27
Xception Adadelta 93 94 93 97.36 9.80 93.75
Adamax 93 93 93 99.40 0.69 93.75
Adagrad 93 93 93 99.46 2.25 93.27
Nadam 33 14 20 41.92 109 41.35
SGD 88 90 89 88.89 37.97 89.42
Adam 95 95 95 99.58 0.61 95.19
RMSprop 92 92 92 99.70 0.62 92.79
InceptionResnetV2 Adadelta 86 88 86 85.83 67.83 87.50
Adamax 94 94 94 99.52 1.26 94.71
Adagrad 88 90 89 90.57 27.74 89.42
Nadam 94 94 94 99.40 0.65 94.71
SGD 91 92 91 89.01 36.55 91.83
Adam 93 93 93 99.52 1.31 93.27
RMSprop 95 95 95 99.46 1.62 95.19
MobilenetV2 Adadelta 79 82 80 79.52 69.71 81.25
Adamax 95 95 95 99.58 1.15 95.67
Adagrad 93 93 93 91.29 28.62 93.27
Nadam 95 95 95 99.52 1.39 95.19
SGD 95 96 95 87.45 38.80 95.67
Adam 99 99 99 99.82 1.08 98.56
RMSprop 99 99 99 100 0.002 99.04
MobileNetV2-Modified Adadelta 70 4 70 65.71 99.88 73.08
Adamax 100 99 100 99.94 0.53 99.52
Adagrad 97 97 97 93.09 21.95 97.12
Nadam 99 99 99 100 0.01 98.56
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Figure 2.13: Confusion Matrices. a) InceptionV3 (Adam) b) VGG16 (Nadam) c)
VGG19 (Adamax) d) ResNet50 (Adamax) e) Xception (SGD) f) InceptionResnetV2
(Adam) g) MobilenetV2 (Adamax) h) MobilenetV2 Modified (Adamax). Each model
is associated with an optimizer performing best with the model.

Table 2.4: Comparison of the Proposed Model and Existing Studies

Research Sensor Surface Type Algorithm/Technique  Accuracy (%)
Ground Contact
[Kertész, 2016) Force, Infrared, Indoor Random Forest (RF) 94
Accelerometer
. . Artificial Neural
[Giguere and Dudek, 2011] Tactile Indoor/Outdoor Network(ANN) 94.6
. XGBoost+Neural
[Lomio et al., 2019] IMU Indoor Network+ResNet 68.21
. Customized
[Singh et al., 2023] IMU Indoor/Outdoor CNN Model 88
s . .. Support Vector
[Weiss et al., 2008| Audio & Vision Indoor/Outdoor Machine (SVM) 87.04
Kurobe et al., 2021 Audio & Vision Indoor/Outdoor ResNet50 80
[ :
, EfficientNet-B0 +
[Guan et al., 2022] IMU & Vision  Indoor/Outdoor IMU Denoising Module 98.37
Our study Vision Indoor MobileNet V2-Modified 99.52

When Table 2.4 is examined, most of these studies were tested on indoor or outdoor

surfaces by using more than one sensor. However, the accuracy remained within a
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certain limit except for the work [Guan et al., 2022]. When they utilized only the
vision sensor, the accuracy was around 90%, but when the IMU was added and the
sensor fusion was supplied, it increased to around 98%. On the other hand, our study
only used the vision sensor, and we facilitated its applicability in robotic applications by
proposing a lightweight model called MobileNetV2-Modifed. Consequently, with these
advantages, the proposed model achieved an accuracy of 99.52%, which outperformed

other studies.
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CHAPTER 3: SURFACE TYPE-BASED TASK ASSIGNMENT

This chapter is about determining the most efficient robot for processing carpets, tiles,
and wood surfaces. This process requires the consideration of several factors. We
performed a performance analysis of the Kobuki and Burger robots by considering
several parameters such as the deviation angle, error to endpoint, and time. In this step,
a multi-criteria decision making (MCDM) method was used to evaluate the performance
of the robots based on the analysis. In addition, this method was used to determine
which robot performed better on each surface. The application of the MCDM method

helps to make decisions more effectively [Taherdoost and Madanchian, 2023a].

3.1 MULTI-CRITERIA DECISION-MAKING

Multi-criteria decision making (MCDM) techniques are mathematical and analytical
approaches for resolving complicated decision issues incorporating a number of dif-
ferent criteria. Benjamin Franklin’s publication on the concept of moral algebra is
one of the first studies in the field of multicriteria decision making methods. Since
the 1950s, studies of MCDM techniques have focused on their ability to be modeled
mathematically to provide a framework which can aid in the structuring of decision
issues [Taherdoost and Madanchian, 2023b]. MCDM includes several techniques that
differ in various aspects. These methods differ mainly in how complex their algorithms
are, how they weight the criteria, how they consider preferences in the evaluation, how
they deal with ambiguous data, and finally how they aggregate the data [Baczkiewicz
et al., 2021].

The Analytic Hierarchy Process (AHP) is one of many multi-criteria decision proce-
dures that simplify the solution of complicated issues. According to the method’s core
principles, human reasoning and intuition are incorporated into it. The method sup-
plies the capacity to rank the options by fusing logic and intuition. To assess the
effectiveness of the alternatives and the relative significance coefficient of the criteria,
pairwise comparisons are made. The significance coefficient in the AHP ranges from 1

to 10 [Strasser et al., 2002].
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In this thesis, the performance analysis of the robots was performed using the AHP
method. Therefore, by taking into account the sensor data like the IMU and the robot
characteristics, a more accurate and comprehensive analysis was performed by applying

the AHP.

3.2 TASK ASSIGNMENT USING MCDM

Criteria and their importance coefficients were determined for the Kobuki and Burger
robots to perform performance scoring with the MCDM method. The following criteria
were taken into account: angle of deviation, error to the end point, time, weight of the
robot, and load capacity. We generated a score table by assigning importance coeffi-
cients based on our priorities using the MCDM method. The importance coefficients
were graded on a scale of 1 to 10, where 1 denotes the least importance and 10 denotes

the most importance.

It has identified exactly five criteria, but four of them have a negative impact. Therefore,
the 'Load Capacity’ value, which has a positive effect, is taken as minus (-). In other
words, since the criteria that have a negative effect on the robot are entered as positive,
the load capacity, which is the only positive criterion, will be entered and calculated
as negative. For example, if we assume that the Burger robot makes a deviation of 7
degrees on the carpet surface and its importance coefficient is 10, it will be calculated

as 70 points.

Table 3.1: Example of Multi Criteria Decision Making Scoring

Significance | Kobuki | Burger | Kobuki | Burger

Criteria Coefficient | Values | Values | Score Score

Angle of Deviation (degree)

Surface | Error to The End Point (cm)
Type | Time (second)

Weight (kg)

Load Capacity (kg)

Total

As can be seen in table 3.1, coefficients were set based on their significance for each
criterion to analyze the performance of the robots. Later, the coefficients will be multi-
plied by the scores obtained from the Kobuki and Burger robots. Thus, the total score
for both robots is obtained. Since we multiply the negative effects positively, the robot

with a low total surface score performs better.
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CHAPTER 4: EXPERIMENTS

In this chapter, we first introduce the robotic platforms used for the experiments. Sec-
ond, we experimentally demonstrate the performance of the proposed model on the
mobile robot under different indoor environments. Third, we cover the performance
analysis of the Burger and Kobuki mobile robots. Finally, we experimentally demon-

strate the task distribution according to the type of surface. In Algorithm 2, first, the

Algorithm 2 Pseudo Code of Surface Classification in Real Time

1: ImP=Load(Surface)
2: ImNorm=(ImP min(ImP))/(max(ImP)min(ImP))
Models < { InceptionV3, VGG16, VGG19, Xception, ResNet, InceptionResNetV2,
MobileNetV2, Proposed}
Optimizers < {SGD, Adam, RMSProp, Adadelta, Adamax, Adagrad, Nadam}
for i=1 to |Models| do
for j=1 to |Optimizers| do
TrainedModel[i][j]=Models[i](ImNorm,Optimizers[j])
end for
end for
10: for k=1 to TrainedModel[i][j] do
11:  ProposedModel < BestWeights(TrainedModel[:][;])
12: end for
13: while Robot Moving do
14:  image < Capturelmage every 5 seconds
15:  probs < ProposedModel.Predict(image)
16:  surface_ type < max(probs)
17: end while

@

dataset with images of carpet, tile, and wood is loaded (line 1), and second, the images
are normalized to reduce the computational cost (line 2). During training, eight dif-
ferent models are trained (line 3), consisting of seven different state-of-the-art models
and one modified CNN-based model. Seven different optimizers (line 4) are used for
each model. The models trained with different optimizers (line 10) are compared, and
consequently, the model with the best performance (Proposed Model) is determined
(line 11). Then, while the robot is moving (line 13), it captures an image from the
camera every five seconds (line 14). It tests the captured images using the best model
weight obtained in training and generates probabilities for three surface types (line 15).

Finally, the algorithm returns the surface type with the highest probability (line 16).
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4.1 EXPERIMENTAL PLATFORM

In this section, a detailed description of Kobuki and Burger, which are open-source
differential-drive robots for indoor surface classification, is presented. The camera and
IMU sensors used on the robots are explained. Besides this, the ROS platform used in
the motion of the robots and the protocols used for the communication of the robots
are mentioned. The experimental platforms of the Kobuki and Burger robots that we

used during the tests are explained in detail in this section.

4.1.1 Kobuki

The Kobuki TurtleBot robot is a typical mobile robotic platform conceived for a variety
of uses, including research, education, development, etc. Developed by the Yujin Robots
which is South Korea based company, the Kobuki robot offers an efficient and reliable
design. Having features such as long battery life, dependable odometry sensors, and
power for external sensors and actuators makes it convenient for various indoor tasks.
The view of the robot from different angles and the control panel is shown in Figure 4.1.
Additionally, it supports the Robot Operating System (ROS) a strong framework that
enables flexible development and the integration of different software modules. Thanks
to its user-friendly interface and extensive documentation, the Kobuki mobile robot is

a popular choice for robotics enthusiasts and professionals.

12V 5A

3 —

YUJIN ROBOT

Status LED1 LED2 \Kabﬁugki Bo B1 Bz
USB o
Figure 4.1: Top, Bottom and Control Panel Views of Kobuki Robot [Stonier, 2020]

The Kobuki robot utilized in this thesis is equipped with a laptop running the 64-

bit Ubuntu 20.04 version of the Linux operating system and has an Intel i5 processor
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with 8 GB of RAM. Figure 4.2 is an image taken from the Kobuki robot during the

experiments.

Figure 4.2: Ex

>

rm for Kobuki

perimental Platfo

Also, the camera and IMU sensors, whose descriptions will be given in the following
sections, are included in the robot. The connection between the robot and the camera
was established via a USB cable. After the connections, the laptop with the camera
on it is placed on top of the robot. The Kobuki robot is composed of two differential
drive wheels that can speed up to 0.7 m/s. The height of the robot, including the
laptop with camera, is 270 mm, whereas the diameter is 350 mm. The weight of the
robotic platform, including the components, is around 3 kg. More details about the

specifications of the Kobuki robot can be found in Table 4.1.

Table 4.1: Features of Kobuki Robot

Item Features

Maximum translational velocity 70 cm/s

Maximum rotational velocity 180 deg/s

Payload 5 kg (hard floor), 4 kg (carpet)
Threshold Climbing 12 mm or lower

Rug Climbing 12 mm or lower

Expected Operating Time 3 or 7 hours (small/large battery)
PC Connection USB / RS232

4.1.2 Burger

TurtleBot Burgers are two-wheel differential drive mobile robots that are compact,

dependable, and affordable. TurtleBot Burger3 is a model of the TurtleBot series and
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is designed for research, education, and robotics projects. The view and dimensions of
the robot from different angles are shown in Figure 4.3. Its objective is to drastically
reduce the platform’s size and cost without compromising its performance and quality.
Each wheel of the robot is separately controlled. Additionally, this robot contains a
Lidar sensor and a Raspberry Pi 3 Model B+ computer, which is useful for applying
DL-based models.

B = 138x 178 x 192
(Lx W x H, mm)

192mm (H)

178mm (W) ' ' 138mm (L) !

Figure 4.3: Front and Side Views of Burger Robot [Robotis, 2022]

The Burger robot used in this work consists of a Raspberry Pi 3 with a Cortex-A53
(ARMv8) CPU and 1GB of RAM running the Ubuntu 20.04 operating system. To
perform the surface classification during the movement of the robot, the libraries Ten-
sorFlow (2.4.0) and OpenCV (4.7.0) were installed on the Raspberry Pi. The camera
sensor is mounted on the robot platform, and the connection is provided via USB cable.
Figure 4.4 is an image taken from the Burger robot during the experiments, showing

the platform used.

The maximum translational velocity of the burger robots is 0.22 m/s, while the rota-
tional speed is 2.84 rad/s, which corresponds to 162.72 deg/s. On average, the charge

lasts up to 2.5 hours. It weighs around 1 kg, including the sensor, computer, and bat-
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Figure 4.4: Experimental Platform for Burger.

tery. It has 138 mm of length, 178 mm of width, and 192 mm of height. More details

about the specifications of the Burger robot can be seen in Table 4.2.

Table 4.2: Features of Turtlebot3 Burger Robot

Items Features

Maximum translational velocity 0.22 m/s
Maximum rotational velocity 162.72 deg/s

Maximum payload 15kg

Threshold of climbing 10 mm or lower

Expected operating time 2h 30m

Battery Lithium polymer 11.1V 1800mAh / 19.98Wh 5C
PC connection USB

4.1.3 Camera and IMU Sensors

The Logitech C922 camera used in surface classification for both robots and the IMU
(Inertial Measurement Unit) sensor, which is named WT901BLECL, used to detect
deviation angles when evaluating the performance of robots during classification will
be explained in this section. The camera used by the robot during surface classification
and the IMU sensor, whose deviation angle we detected during the movement of the

robot, can be seen in Figure 4.5.

During the experiments, we used a Logitech C922 webcam mounted on the robot for
surface classification. This webcam offers a 78-degree field of view and is capable of

capturing 1080p High Definition (HD) videos at a frame rate of 30 frames per sec-
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Figure 4.5: Utilized Logitech C922 Camera and Wit Motion IMU Sensors

ond (fps). The selection of the Logitech C922 camera was based on its advantageous

features, including high resolution, autofocus capabilities, and cost-effectiveness.

The IMU sensor is used for the motion and position tracking of objects. IMU sensors
measure in three axes. It is used to detect the x-axis right-left, y-axis up-down, and z-
axis rotation, that is, out-of-plane motion changes. In our thesis, this sensor shows how
much the robot deviates from the target while moving on certain indoor surfaces. It is
aimed that Kobuki and Burger robots will share tasks according to their performance
on different indoor floors. For this, a 5-meter track was created on different indoor
surfaces for both robots. While evaluating the performance, the total time the robot
takes to reach the target is important, as well as the difference between the target point
and the point it reaches, namely the error. In addition, another important point is how

many degrees the robot deviates on the way to the target.

4.2 REAL TIME SURFACE CLASSIFICATION USING KOBUKI

To demonstrate the robustness of the proposed models in recognizing surface types,
we conducted experiments in 11 different indoor environments. These environments
include offices, rooms, and hallways. The surface types in each environment vary in
terms of colors and patterns. We first transferred the weights of the proposed models
(h5 file) to the laptop that was placed on top of the mobile robot. This made it suitable

to perform surface classification on live streams while the robot is moving.

For the testing phase, 11 different scenarios were determined. Thus, we drove the

mobile robot through passages where surfaces like wood-carpet-tile, carpet-tile, and
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carpet-wood were present. During the movement of the mobile robot, an image was
captured from a Logitech camera every 5 seconds and classified as carpet, tile, or wood.
In total, 267 images were captured and tested. The proposed model correctly classified
the 265 surface images, while only two images were classified incorrectly. These images
belong to scenario 8 in Table 4.3. In Table 4.3 the number of correctly classified images
for each scenario are shown. In scenarios where one or two surface types do not exist,

they are presented with a dash (-).

Table 4.3: Classification results of the proposed model implemented on a mobile robot

Scenario | Environment | Carpet | Tiles | Wood
; Hallway 1_4 E :
3 Office 1 11 - 17
4 Office 2 9 - 13
5 6 8 4
6 Home 1 10 4 6
7 14 10 7
8 Home 2 10 8 10
9 19 5 6
10 Home 3 15 - 9
11 10 8 7
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Figure 4.6: Confusion Matrix of Proposed Model for All the Scenarios.

The confusion matrix of the proposed model for all the scenarios is presented in Figure
4.6. It is clear that the proposed model correctly predicts all of the images except for
two images. In scenario 8, the proposed method classified the carpet surface type as
wood. To investigate the source of the misclassification, we repeated the experiment for
scenario 8 by moving the robot over the same area. However, this time, it classified all

surface types correctly. After analyzing the images from the first experiment and the
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repeated experiment in scenario 8, we concluded that the misclassification was due to
blurriness. Some of the correctly classified surface images and all misclassified images

can be seen in Figures 4.7 and 4.8, respectively.

Tiles Carpet

Wood

Figure 4.8: Blurry Images of Carpet Misclassified by the Proposed Model

In general, our model achieved an accuracy of 99.25% by correctly classifying 265 out
of 267 surface images. Achieving high accuracy even in various indoor environments

demonstrates the robustness of the proposed model.

4.3 MOTION PERFORMANCE ANALYSIS OF THE ROBOTS ON SUR-
FACES

The performances of Burger and Kobuki robots were examined on carpet, tiles, and
wood surfaces. We defined start and end points with different lengths on each surface.
The performance was analyzed in terms of angular deviation, the error rate in centime-
ters to the destination point, and the time to reach the endpoint. Once the surface

platform was ready, we moved both robots over to the same scenario. The angular
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deviation was measured using the WT901BLECL IMU sensor, the error rate to the
endpoint was determined using a digital laser meter, and the time was estimated via
software. While the IMU Sensor can collect data for 9 axes, we only collected data from
3 axes to detect their angular deviations in X, Y, and Z. The X-axis represents forward
motion, the Y-axis represents leftward motion, and the Z-axis represents upward mo-
tion. By performing a performance analysis of the robots, we determined which surface
and which robot performed better. Therefore, based on the obtained data, tasks will

be assigned to the robots.

To evaluate the performance of Burger and Kobuki robots, we designed tracks of 5
meters for each surface. The robots were tested at various velocities. While Kobuki
was tested at 0.1, 0.2, and 0.3 m/s velocities, Burger was tested at 0.1, 0.15, and 0.2
due to its limited translational velocity. Figures 4.9, 4.10, and 4.11 show the test results
for carpet, tile, and wood surfaces, using the same IMU sensor at a velocity of 0.2 m/s

on a 5-meter track.

The resulting deviation angle of Burger and Kobuki robots on the carpet surface is
demonstrated in Figure 4.9. The performance of the Kobuki robot on carpet surfaces is
good, as can be seen in Figure 4.9. The carpet surface has challenging characteristics,
such as soft and rough forms. Compared to the Burger, the Kobuki robot has a larger
diameter and wheel size, which allows for better performance on the carpet despite its

difficult characteristics.

On the other hand, when analyzing the movement of the Burger robot, it was observed
that the rough, soft, and hollow structure of the carpet caused deviations during its
movement. For example, the ball caster of the robot got stuck on the carpet yarns and

caused deviations.

In the experiments conducted on the carpet, it was observed that the Kobuki robot
moves stably along the track, with a deviation angle below 1°. While the burger robot
remained stable until the 10th second, a sudden 13° deviation occurred. The reason for

this is the change in texture induced by the carpet pattern.
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Angle Evolution of the Burger Robot over Time on Carpet
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Figure 4.9: Angle Evolution of the Burger and Kobuki Robots on Carpet Surface

When examining the experiments of the Burger robot on tiles, it is evident that there are
differences in the height of the tiles and joint gaps, causing the ball caster to stumble.
Consequently, wobbling and sudden angular deviations occurred. In addition, tiles
usually have a smooth and slippery surface, which may cause the wheels or moving
parts of the robot to slip when there is insufficient friction. This can prevent the robot
from moving at the desired speed and direction. Since the wheels of Kobuki are large,
it is not seen that it makes sudden deflection movements between the joints like Burger.
Despite this, 10 degrees of deflection of the robot were observed. This is because the

friction coefficient of the floor is low, making it difficult to handle.

Although wooden surfaces may appear similar, their characteristics can vary signifi-

cantly. The surface in the scenario we used for the experiment was found to be inclined
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Figure 4.10: Angle Evolution of the Burger and Kobuki Robots on Tiles Surface

when measured with a spirit level. At the same time, the fact that the joints of the

wood are not flat and dirty was among the factors that triggered the deviation in both

the Kobuki and Burger robots.

The performance analysis of the robots in terms of deviation angle, error value to target,

and time for carpet, tiles, and wood surfaces on a 5-meter track is depicted in Table

4.4. Each robot was tested with different velocities.

In Table 4.4, when the performance evaluation of the Kobuki and Burger robots on each

surface is compared, it differs considerably. The Kobuki robot exhibits a higher degree
of deflection on the carpet surface compared to the Burger robot, mainly due to getting

caught in the yarns. Furthermore, when we consider the Burger robot in particular, the
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Angle Evolution of the Burger Robot over Time on Wood
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Figure 4.11: Angle Evolution of the Burger and Kobuki Robots on Wood Surface

margin of error when moving towards the target is higher on the carpet compared to
other surfaces. Although both robots were affected due to the slippery and low friction
coefficient of the tile, the Burger experienced additional negative effects due to the
joint gaps, particularly impacting its ball caster. However, when we tested the Burger
robot on tiles with not very deep joint gaps, it showed a significant improvement. The
Burger robot achieved a minimal error value compared to the Kobuki robot on the
wooden surface, but it exhibited an additional 2 ° of deviation. In general, the Burger
performed better at lower speeds, given its maximum velocity of 0.22 m/s. On the
other hand, the Kobuki robot was more stable in terms of deviation angle, although

the margin of error was higher than the Burger.

The robot with the lowest score was considered the most effective. The results obtained

46



Table 4.4: Test Results for Performance Evaluation before Task Assignment in Kobuki
and Burger Robots

Velocity | Deviation Angle | Error Value to Target Time
Robots | Surface Type (m/s) (degree) (cm) (seconds)
0.1 4.50 58 50.10
Carpet 0.15 4.85 52 33.40
0.2 6.87 63 25.55
0.1 1.34 4 50.10
Tiles 0.15 29.12 26 33.40
Burger 0.2 22.17 27 25.10
Tiles without 0.1 4.48 1 50.10
joint gaps 0.15 15.93 10 33.40
0.2 13.02 17 25.10
0.1 2.3 1 50.10
Wood 0.15 5.40 2 33.40
0.2 12.19 11 25.10
0.1 0.08 34 50.10
Carpet 0.2 0.88 39 25.10
0.3 1.43 51 16.70
0.1 10.29 19 50.10
Kobuki Tiles 0.2 9.90 30 25.10
0.3 9.52 48 16.70
0.1 7.7 18 50.10
Wood 0.2 10.33 37 25.10
0.3 10.19 44 16.70

according to this evaluation method are presented in Tables 4.5 and 4.6. When Table
4.5 is examined, it is evident that the Kobuki robot performs better on carpet and tile
surfaces at a velocity of 0.2 m/s. On the other hand, the Burger robot shows more
effective performance on the wood surface. In Table 4.6, the Burger robot is ahead in
terms of scoring for tiles and wood. Since the maximum speed of the Burger robot
was 0.22 m/s, it performed better at a velocity of 0.1 m/s in terms of its properties.
Although the Kobuki robot had difficulties on the carpet, the Burger robot faced more

challenges due to its wheels.
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Table 4.5: Scoring of Mobile Robots with 0.2 Velocity for each Surface.

Criteria Significance | Kobuki | Burger | Kobuki | Burger
Coefficient | Values | Values | Score Score
Angle of Deviation (degree) 10 0.88 6.87 8.8 68,7
Carpet Error to The End Point (cm) 9 39 63 351 567
Time (second) 4 25.1 25.55 100.4 102,2
Weight (kg) 6 5 2 30 12
Load Capacity (kg) 5 4 15 20 75
Total 470.2 674.9
Criteria Significance | Kobuki | Burger | Kobuki | Burger
Coefficient | Values | Values | Score Score
Angle of Deviation (degree) 10 9.9 22.17 99 221.7
Tiles Error to The End Point (cm) 9 30 27 270 243
Time (second) 4 25.1 25.1 100.4 100.4
Weight (kg) 6 5 2 30 12
Load Capacity (kg) 5 5 15 25 75
Total 474.4 502.1
Criteria Significance | Kobuki | Burger | Kobuki | Burger
Coefficient | Values | Values | Score Score
Angle of Deviation (degree) 10 10.33 12.19 103.3 121.9
Wood Error to The End Point (cm) 9 37 11 333 99
Time (second) 4 25.1 25.1 100.4 100.4
Weight (kg) 6 5 2 30 12
Load Capacity (kg) 5 5 15 25 75
Total 541.7 258.3

Table 4.6: Scoring of Mobile Robots with 0.1 Velocity for each Surface.

Criteria Significance | Kobuki | Burger | Kobuki | Burger
Coefficient | Values | Values | Score Score
Angle of Deviation (degree) 10 0.08 4.50 0.8 45
Carpet Error to The End Point (cm) 9 34 58 306 522
Time (second) 4 50.1 50.1 200.4 | 200.4
Weight (kg) 6 5 2 30 12
Load Capacity (kg) 5 4 15 20 75
Total 517.2 704.4
Criteria Significance | Kobuki | Burger | Kobuki | Burger
Coefficient | Values | Values | Score Score
Angle of Deviation (degree) 10 10.29 1.34 102.9 13.4
Tile Error to The End Point (cm) 9 19 4 171 36
Time (second) 4 50.1 50.1 200.4 200.4
Weight (kg) 6 5 2 30 12
Load Capacity (kg) 5 5 15 25 75
Total 479.3 186.8
Criteria Significance | Kobuki | Burger | Kobuki | Burger
Coefficient | Values | Values | Score Score
Angle of Deviation (degree) 10 7.7 2,3 e 23
Wood Error to The End Point (cm) 9 18 1 162 9
Time (second) 4 50.1 50.1 200.4 200.4
Weight (kg) 6 5 2 30 12
Load Capacity (kg) 5 5 15 25 75
Total | 445.1 169.4
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4.4 MULTI-ROBOT EXPERIMENTS

After training CNN-based models and the proposed model, it was determined that the
proposed model performed better. Therefore, in the experiments of this section, we
used the proposed model weights, just like in the prior experiments. To assign tasks
to the robots according to the surface type, the performance analysis of the robots
was done by considering three different parameters, as mentioned above. Subsequently,
the MCDM method was applied to make the analysis more efficient. Thus, it was
determined which robot performed better on which ground. In this section, the motion

experiments of the robots will be carried out according to the surface.

To perform the experiments, we utilized Kobuki and Burger robots. According to the
scenario in the experiments, communication is provided by three computers. Kobuki
was determined to be the leader, and Burger Robot was determined to be a member
among these computers. Besides, there is a ground computer where we get the classifi-
cation results as strings. The communication between Kobuki and Burger is provided
via Transmission Control Protocol (TCP). The representation of the communication

phase between robots is demonstrated in Figure 4.12.

The Kobuki leader computer consists of three nodes. These are classification, com-
munication, and motion nodes, respectively. First, the classification node captures a
real-time image from the camera and classifies the surface type by utilizing the pro-
posed model weights. Then the classification result message via /surface_type topic
is transferred to the Motion node, which moves the Kobuki robot, as well as the Leader
node, which communicates with the Burger and ground computers. In other words,
the Classification node is the publisher of the topic named /surface_type, and the
Motion and Leader nodes are subscribers. The Kobuki robot has been more successful
on carpet and tiles surfaces when performance analysis is made based on the Multi
Criteria Decision Making method. Therefore, for the Kobuki robot, when the Motion
Node receives carpet and tile messages, it will provide motion and perform its task.
The leader communication node transmits the message of the surface type obtained
from the classification node to the communication nodes of the member and ground

computers. When the communication node of the member computer receives messages
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Figure 4.12: ROS Infrastructure of the Kobuki and Burger robots.

called carpet and tiles Burger robot will not act, when it receives a wood message,
Burger will move and perform his task. The velocity in motion nodes for the Kobuki
and Burger robots are published in Twist type. The Kobuki publishes velocity mes-
sages via the /mobile__base/commands/velocity topic, while Burger via /emd_vel. As
a result, when the leader robot classifies the type of surface as carpet or tile, it will

move itself; however, when it classifies the surface as wood, the Burger robot will move.

For the experiments, four different scenarios were conducted. Each scenario consists
of different surface types. We tested the robots in kitchen, laboratory, and hallway

environments with tile-wood, carpet-wood, just carpet, and just wood floors. In the
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first experiment, we tested both robots on a floor with tile-wood, Kobuki was placed on
tile, and Burger on wood. Kobuki moves itself during surface classification, resulting in
tiles. When the classification result was wood, it stopped moving, and the Burger robot
started moving. The second scenario was performed on a carpet-wood floor. Kobuki
was placed on a carpet, and it moved itself around 1 meter during the prediction. When
it passes the carpet floor and reaches the wood, the Burger robot starts moving. Later,
we placed both robots on the carpet surface. The Kobuki robot moved to the end
of the carpet, while the Burger robot was stable in its place. Further, on the wood
surface, Burger was moving, while Kobuki was steady. Some samples taken during the
experiments are demonstrated in Figure 4.13. When all scenarios are examined, it has
been seen that the task assignment process to the robots according to the ground type
is performed with high performance, and the robots adjust their movements according

to the surface type.

B

Figure 4.13: Sample of both Robots on Carpet and Wood Surfaces.
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CHAPTER 5: CONCLUSION

Towards the improvement of indoor mobile robots for surface classification tasks, we
developed a lightweight MobileNetV2-modified model. We then analyzed the perfor-
mance of pre-trained state-of-the-art DL based models, including InceptionV3, VGG16,
VGG19, ResNet50, Xception, InceptionResnetV2, and MobileNetV2. Our proposed
model’s total parameters are reduced approximately four times compared to the orig-
inal MobileNetV2 model. This parameter reduction makes the model well-suited for
use in computationally limited systems. Moreover, we generated a unique dataset
with various types of carpets, tiles, and wood collected from different indoor envi-
ronments. Finally, we applied several optimizers, namely SGD, RMSProp, Adam,
Adadelta, Adamax, Adagrad, and Nadam, to determine the most efficient model. The
experiments show that the proposed MobileNetV2-modified model outperforms all ap-
plied state-of-the-art DL models and existing approaches in the literature. Besides
this, the robustness of the proposed model is demonstrated by its high accuracy perfor-
mance in real-time indoor scenarios when examined on the mobile robot. To evaluate
the performance of the Kobuki and Burger robots on different surfaces, a performance
analysis was carried out in terms of angular deviation, error to the desired point, and
time. To make the analysis more efficient, we applied the MCDM method. Therefore,
we determined which robot’s performance was better on which surface. Following, we
perform experiments with multi-robot task assignments according to the surface type.

The task assignment experiments show that both robots performances were successful.

Future work includes enhancing the system by removing blurriness with the help of
image processing filters and computer vision techniques. Additionally, the aim is to
expand the applicability of this system in various indoor environments by adding new
surface types to our dataset. Finally, by implementing mapping and localization meth-
ods, it is aimed to improve the dependability and effectiveness of mobile robots in

performing their assigned tasks, even in complex environments.
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