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ABSTRACT

This research consideoverall scheduling of a vacuum cleaning robot that includes multi cleaning.cycles
Even though therareresearch studies fgeneratingpathsfor a device, the paths ieach cycle tend to be
similar from the fact that the motion plangims based on one tour of a targpaice Thispaper suggests a
new and effective simulation based optimization (SO) framework for genegatimggerall schedule and

an effectivepath for each cycleln the simulation stageg dust prediction model is generated using
absorbed dust data and floor informatiohisTprocess uses a muftiodal Gaussian mixture model as a
basic model. The generated prediction model provides the needsttaintdor different mathematical
programming model&n the optimization stage. The propodeameworkis considered as an efficient
scheduling methoth terms of minimizing redundapiathswhile maintainingtolerable dust levels during
multi cleaning cycles.

1 INTRODUCTION

The technologies supporting the Internet of ThingsT] have been developing steadily and is being
applied to a wide range of applicatiof®T has influencedhe realm of electronibouseholdappliances
such as refrigeratey televisions, washingachines and cleaners. Time@stcommonapplication is to link
household appliances mandheld devices sh as mobile phones or tabletsd to control them remotely
There have been sevemhgoing research studies for embeddingelligence into their controls and
applications. Tls integration of intelligenceontributes to improvement irthe usaility of theappliances
as well as tancrease their lifecycleThis paper focuses onvacuum cleaning robdFigure 1(a)) as an
application and explores simulation based optimization methods for embedding intelligence.
According tothe Winter Green research study (WinterGreenResearct2014),it is predicted thathe
market share of the household vacuum clearobgt industry will increase from $1 billion to $2.6 billion
in 2020. While vacuum cleaningobots remove dust autonomously making it comfortable and time
saving for customersmost of the existing robot cleaners have several limitations sudaclkasof
intelligence, insufficienremoval of dustheavy dependency offloor environment and difficulty of
overallcleaningscheduling. These limitations can adversely afteeir autonomous cleaninmgovements.
In order to overcome these limitations, this paper suggests an intelligent scheduling method for a robot
cleaner. The method is based on simulation based optimiz&@nrethods with a goal of removing dirt

within a tolerableparticulatematter § ug/m?; & PM-10).

Thefollowing section explains the related backgrokndwledge and providdbe relevant literature
review. Section 3 summarizes the outline of the propaseproachusingSO methods. &ction 4shows
the effectiveness of the suggested framework witbxamplary numerical experiment.
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Figure 1: Severabbot vacuum machines and their cleaning patterns.

2 BACKGROUND AND LITERATURE REVIEWS

Traditional research studies in robotic vacuum cleaner f@uesed on its motion pi@ing and path
strategiesln general, the overall path is generated usipgeprogammed motion pattern (zigzag pattern,
straight pattern, spiral pattern, wédllowing pattern, combined pattern) orrandompattern As an
example the Philips robot vacuum cleaner FC8802/Q4es three pattes (Philips 2014): straight, spiral
andwall-following patternsFigurel (b) shows several predefined cleaning pateMhemain input for

the self-navigation ighe realtime data gatheringsingseveral sensomuch as optical sensors, ultrasound
sensor, proximity sensors, surface sendager,magnetic, and/or camerdsor instance, infrared sensor

is a type of optical sensdhat is used for deténg obstacles or wall The robot vacuum cleaner’s
embedded path generation algorithm using the measured sensory data gérenskeson path for a
range of spaces.hE machine subsequentigturns to the predefined position for recharging its battery
This process is called as onecleaning cgle. Many research studies have focused on how to effectively
generatelte motion planning for a cleanirycle. The cleaning strategider a cycle are classified into
three types of strategies: The strategy using cell map) The template based strategyd 3) Atificial
Intelligent (Al) based method he @Il map based approaches divide a tasgerce into several cells and
the pathsare planned using evaluation of adjacent cells with a choice of seaeailhble objective
functions(e.g. shortest path, obstadtee path and/orenergy saving pajhOh et al. (2004) suggest a
more effective triangulacell map than a traditional rectangle majile Myung, Jeonand Jeong (2009)
use a Generalized Voronoi Diagram (GVD) for a cycle palle template based path planning uses the
predefinedmatching relations between sensmeasurements and related patterns which are shown in
Figure 1 (b). Al based planning methodsroduceseveral leming techniquesand generate adaptive
paths.Soltero, Schwagegnd Rus (2014yeneratea gradient descent methdhsed adaptive patfihese
path generationtechniquesneed information about a cleaning environmem/hile many related
applications assume the incomplete information about the cleanimgpnment, it is possibl® assume
that complete informatioris known forthe developmenbdf IOT techniques. Vaussard et aP0(4)
generateheir motion paths using home ecosystem, where a camera(s) transmits the space information
to a robot cleanerThis paper useshe assumption that a vacuucteaningrobot knows the space
information.

While there are many related methods concentrating on cleaning cycles, thererasefroh studies
for scheduling a roba’ overall scheduler for planningamong multieycles.Most of the arrent real
robot cleaners use a user/produeerdefinedschedulgor afixed time periodlt impliesthat each cycle
might have a imilar trajectory andcould be inefficient bygeneratingredundant pathsThis paper
suggests a new and efficient overall scheduling algorithm using SO techri8quesethods haveekn
applied for solving NFComplete problems. When a problaiisplays NP-Complete complexitythe
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simulation process approximates the compjenging estimated probabilitmodels.Subsequently, the
models are used in tHellowing optimization stageas parts of a set of constraints dhe objective
function. The repetitionof these stages makéspossible tochangethe problems characteristicirom
NP-Complete complexity to a set of pseudo-polynomial complexiti€dsorio and Bidkhori (2012)
improve a traffimetwork using Bayesian model based SO methods. This paper applies SO techniques for
scheduling overall cyclewhile controlling thedirt degree within a tolerablparticulatematter. The
following section describes the proposed frameviodetail

3 INTELLIGENT SCHEDULING FRAMEWORK USING SIMULATION BASED
OPTIMIZATION

3.1 HomeEcosystem and Related Sensor M odule

The suggested scheduling methesdbased on a home ecosyst@figure 2(a)which consists of a main
controller, severabptical cameras and household appliandd® role of the ecosystem is to let the robot
havesufficient information(e.g. &e of space and location of walls/obstaclabput the environment. The
installed cameras capture thleapes of floor, wall and obstaclasd transmit the information to the main
controller. The main controller assimilatéise information and transmiiisto the vacuum robot. Then, the
robot decomposes thtarget spacénto several cells and sets up averall cleaningschedu¢ andthe
related cycle patfor each cell

Floor Information
Wall Info.
Obstacle Info. and etc.

Space decomposition
Dirt Information
Other controls

(a) Home ecosystem for controlling a vacuum robot (b) An example of dust sensor
(DSM501 2015)

Figure 2: Home ecosystem and installed dust sensor on a cleaning robot.
The cleaningvacuum robot has a dust sensor (Figure 2 (b)) which is used for measuring amount of
dirt per each cell (Unit : PMO0). The measured amount of disstised for approximatingpe probability
of dirtiness of the flooand for generating an overall cleanischeduleusingthe following simulation
optimization processes.
3.2  Simulation based Optimization Framework for Overall Cleaning Schedule

As shown in Figure 3 (a)hé overall cleaningchedule consists of several cyclésmotion path is
generated in each cyclesing four sulstages: measurement, simulation, optimization and control sub-
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stages. The first suktage measurdhe absorbedlirt level per cellthrough which the robgbassesand
updatesthe information during dixed time interval. Figure 3 (b) illustrates dust map showing the
gathered dust information durirgime period The second subtage uses the dust maghe dust map is
transmitted from the vacuum robot to the main controller in the home ecosystem. The main controller
analyzes the acowlated dust information anges the informatioim several simulation techniques such

as Bayesian framework (Gelmanal.2004 or Timeseries basethethod to predict the dust probability
distribution.
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Figure 3: Overall scheduling procedure and a dust map

The multimodal probabilityis generated using a bivariate Gaussistribution (f, (i, j)) and
Gaussiammixture method, as shown in (1) and (2)) (s the cell index in the j™ cell in (1). And, £,
and o, indicate the mean and the standard deviation ofitheow (column), respectivelyp is the
correlationcoefficientbetweerthe " row and thq’th column. Zi,j indicates the covariance matrix of the

j™ cell in (2). Figure 4 shows an exemplahyst probability fronthe simulation suistage The generated
dust probability G, (i, J) is transmitted from the main controller to the cleaniabot for generating
overall schedule and cleaning path for eagtie.
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Figure 4 An simulated multimodal dust probability distribution.

The dust probability is themusedfor predicting potential dirt in each cell and the ovecitlaning
schedule is set up considerisgveral objective functions ithe third sukstage:the optimization sub-

stage.This optimization process is called as #i€-tolerablecleaningstage Sinces PM-10 signifiesthe
absorbed dust particle during one unit timd, @Jnit : ug/m¥/T times) indicates the dust particles for T

time units. When a customdras a target for keeping the degree of cleanness in a unit celletifidiar a
fixed period (T), the dust level in each cell is predicted and quantized using the simulateanoulsti
distribution (G, (i, J)). Each cell with a higher value thaerT) is then sortedn descendingrder with

respect to the predicted dust level and categoiitedseveral groups (the number of groaphl) using
several nonparametric methods. TWedue of N can be calculated by consideritite robots power
consumption rate and the size of space. Figure 5 shows the grouping process into N groups. As shown in

Figure 5,d, ; representshe predicted dust level of c€il,j) and D, (= Zdi’j) is the total dusamount in
j=1

thei™ group. D, - T indicates the total dust amount in thegioup for the time period T.
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Figure 5: Suklgrouping using the simulated multi-modal distribution.
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Theoverall schedule is calculated using the mathematicgrammingmodel in (3). As shown in (3),
X indicatesthe cleaning cycle number for tiiegroup andn, is the totalnumber of cells in theé"igroup.

Whencleaningcapacity in a cell is assumed asin the robot, the given optimization model calcudate
the numbers of cycles in each group.

N
min >’ R
i=1
st. k=a-n,
R=D -T-x-k ,vieN )
R>0 VieN

X =integer,|x O

Each detailed motion path is generated considering predefined path strategies. When a straight pattern
is applied among the embedded pattern (Figure 1 (b)), each cycle path is determined using (4).

o m
min ZZCM- P!,
=010
j#i
st. P, 21 (4)

Time
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Figure 6: The outline of SO based scheduling framewaarkan experimental result.
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The given mathematicahodel minimizes the overall traveling path, Wherqaityj is a binary variable

indicating the existencef a trajectory from thé" cell to thej™ cell and C,; is the power consumption

amountfrom the battery while moving from thé& tell to thej™ cell. This model generates the best
energyconsuming paths in each cycle. Finally, overall scheduling with each cycle path is generated using
the provided SO framework. Figure 6 summarizes the overall SO based scheduling framework for a

vacuum cleaningobot.

4  CASE STUDY AND NUMERICAL EXPERIMENTS

This section shows a numerical experiment andatiay$s using the SO based scheduling framework.
Tablel shows the detailed conditions, the methods appliethengarameterssed

Table 1: The detailed parameters and methods in the numerical experiment

Parameters Parameters
& Experimental Condition & Experimental Condition
Methods Methods
Number 100
of cells (10 by 10 squared space N 4

without obstacles)

Random number from

Dust
in 2 cell N (L05%) a 20 (PM-10)
per each cell, unit time
5 (PM-10) : . Bayesian framework
Simulation
& / model based
10 PM-10 per cell Gaussian mixture mod€?)
: : Path planning | Straight pattern based plannir
T 50 time units methods and scheduling ((3) & (4))

This numerical experiment is compared to the method usinigzag pattern and the fixdne
interval (Discrete interval based Cleaning and Charging) based schedulfor the same space and dust
levels. Table 2 shows the comparison between two case studies: the proposed framework based
simulation and the fixed zigzag pattern based path planning. This comparisbaseder20 simulation
iterations and theomputed averages.

Table 2: Comparisons betwetire proposd framework and a zigzdixed schedule based path plan.

Zigzag — fixed
Comparisons* The proposed schedule
SO framework
based path plan
The number of cycles
per T timeunits 6 (eq) 10 (ea)
Overall 216 movements 715 cell movements
path lengths
Total remaiimg dust 0.85 l;’:\/l-lo 3.55 PM-10
level Eell per cell

*. average of 20 simulation iterations.
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As shown in Table 2he SO based framework is more effectillan a fixed schedule terms of
total number ofcycles overall path lengths and the total renmagndust level. While the provided
comparison might belifferent with different paameters and conditionshe suggested framewoik
considered as a more efficient scheduling method from the fact theindles multeycles in a
scheduling time period and minimizes redundant paths using the dust distribution

5 CONCLUSION AND FUTURE STUDIES

The development of IOT technologies has made control of household appliances easier and convenient.
While many IOTrelated appliance techniqukave focused on their remote and intelligent controls, this
paper considers a vacuum cleaning robot and its cleaning schedule using a SO aplostadsearch

studies in robotic vacuum cleaning devices focus on generating paths with specific objectives, such as
energysaving paths and/or obstadtee pathsThese studies have developed solutions for efepaths

in a cleaning cycle, but have not addressed the objective of decreasing overall path considering multi
cleaning cycles. This study focuses the problem of scheduling of overatleaning as well as path
generation in each cycle.

This paper sbws the use o SO based scheduling method for solving the prabfith the
assumptionthat the cleaning device possesses adequate inforn@titre floor surface using a 10T
based ecosystem and the detectiothefabsorbed dust amowging related sensor systems;anstructs
a multivariate distribution and estimates the extent of the dirty enviroreoaesideringthe probability
distributionand parameter estimatés a time period. Amulti-modalbased multivariate distribution is
generated using the simulation stagbe generated model is usedaaprediction model for scheduling
the pathdn the subsequent epochshis stage is referred to as the optimization stagheascheduling
and path planning use several mathematical moddie repeating of the simulation stage and the
optimization stage generates theminimized paths with the objective function within the specified
tolerable dust level.

As part of futurestudies, aroader uncertaintipased control can be considered. While this paper
controlsthe scheduling and paths from the fixed tolerable dust level, it can be represented using fuzzy
logic or other probabilistic models. The incorporatiorttefse uncertaintiesased controlill make the
overall control mordlexible and intelligent. In addition, the use of a fewetaheuristic methods can be
exploredin the optimization stage. As the problem in the optimization stag&liz@ompleteproblem,
the use of meta-heuristics could possibly facilitate controlling the device itimeal-
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