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Abstract

The procedure to optimize the assignment of operational personal as a resource

in a service environment is the content of this thesis. The allocation of this

resource determines waiting time for leaving the environment. For a shop as

a case study the inward �ow and also the outward �ow is measured by using an

optical/computer vision based approach in the service environment. This detected

data is fed to an evaluation unit. With the aid of this data, which is delivered

for a speci�c moment in time, resource requirements are forecasted. For this

research, the service environment was divided into a shop area and a checkout

area. The inward �ow into the shop area and into the checkout area is also

measured in an optical way. Furthermore, the length of the waiting queue and

the waiting time which is assigned to a speci�c resource checkout is measured. A

real world problem is driving this research: Controlling the resources depending

on the expected number of customers at the checkout desk. The outcome of this

is an improvement of operational resource planning, avoiding over-capacity while

not increasing or reducing queues and waiting time of customers.
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1 Introduction

This chapter comprises four sections. In the �rst section, the general problem

at the heart of this thesis is explained. The next section presents the research

question as well as hypotheses. Section three describes the goals of this thesis. In

the last section a structure of the thesis is given.

1.1 Research Problem

Food and retail stores are aware that customer satisfaction is important for cus-

tomer retention. Riel et al. (2012) assume in their study that increasing customer

retention would also increase customer satisfaction. One way of increasing cus-

tomer retention may be to avoid waiting queues at the checkouts before they

appear (Tom and Lucey 1995). There are campaigns to o�er customers a coupon

if they have had to wait more than a de�ned time at the checkouts, or whenever

a customer cannot �nd a checkout with fewer than three or four customers queu-

ing, they are given some or all of their items for free (Dijk 1997). Nie (2000)

calls this �service promise� and shows how managers realise this by using special

advertisements.

Waiting time is one of the most critical factors to in�uence customers' shop-

ping experience and purchase termination rate (Peritz, 1993) and more generally

customers' perceptions of retailer service o�erings. Maister (1985) found that the

psychological factors at the checkout area may in�uence perception, called the

irritation of waiting.

It seems that the food and retail stores could improve following factors which

can be divided into two sections:

1. Hard factors / measurable and speci�c cost savings

(a) Controllable for the management (changing the parameters for dwell

time, cashier time and number of times a cashier is changed)

(b) Save on checkout sta�ng (checkout open but no or only very few

customers are waiting)

(c) Relieve checkout supervision

(d) Reduced underutilization of the legal working hours break times (loss

of working time due to breaks)
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(e) Fewer customer credit vouchers issued as a result of excessive waiting

times

2. Soft factors

(a) Improvement of the sta� and customers' satisfaction

(b) Improvement of work processes / stress reduction

(c) Controlling option for waiting time, checkout e�ciency and conversion

rate

Similar problems and solutions can be applied to di�erent other �elds such as

telephone switching systems, computers and communication systems, telecom-

munication systems, SAN (storage area network) and recovery systems, economy,

quality control, transportation systems and much more. The focus in this thesis

are supermarkets.

1.2 Key Research Questions and Hypotheses

To avoid waiting queues of customers at checkouts, also requires to attend to

them as economically as possible. Cost e�ectiveness increases when the cus-

tomers experiences reduced waiting and dwell times, and when this is achieved

with an optimal attend capacity. Both requirements con�ict, meaning that a cus-

tom designed optimum is required. Optimisation is made di�cult because in most

cases the in�ow of people to the checkouts varies signi�cantly and the attendance

duration is of a start-stop nature. In the case that only the attend capacity could

be changed by the number of checkouts, the optimisation could be achieved by

opening and closing checkouts.

Another approach is that a system could achieve an interaction of the several

di�erent components which capture and forecast the state of the attend situa-

tion, and based on this information determine the optimal number of counters

that should be open. This system could solve the optimisation challenge consid-

ering the stochastic conditions by measuring and forecasting in�ows and out�ows

and the length of the waiting queue line, as well as analysing a given application-

speci�c cost function or a controlling system to determine the optimal dwell time.

As an alternative a system could solve this optimisation task for any variable

arrival and checkout rate and could give a forecast of the optimum rates which
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could be used for the attend capacity of checkouts. This interaction of the com-

ponents could be realised with consideration of stochastic terms based on the

state variable in�ow of dispatching people, dispatching capacity of checkouts and

number of waiting people at the checkout. A controlling strategy could be derived

with an appropriate cost function.

The task of this research is to �nd a compromise which allows control of the

working time beyond the checkout without creating long waiting queues. To

evaluate the attend capacity of checkouts parameters are necessary that can be

quali�ed. Controllable parameters could be:

� Minimum number of people waiting at the checkout (length of the queue)

� Minimum hours of operation time of the checkout

� Minimal �uctuations at the checkout

There are parameters to in�uence the length of waiting queues. Besides the pro-

cess times for individual customers at the checkout this is especially the number

of available checkouts in relation to the number of arriving customers. Another

more di�cult to handle parameter would be the variation: this can be variation in

dwell time and in task times. A further parameter could be the process capacity:

The capacity at the checkout, which correlates with the personal costs.

To achieve an economically satisfying solution an optimisation which takes into

account customer satisfaction on the one hand, and cost on the other is necessary.

A cost function for shop management needs to be de�ned re�ecting the strategy

of the shop: Getting the best satisfaction of the customers at minimal costs.

To respond to this challenge, the following research question arises: How has

a system to be developed with the aim to give a good and realistic forecast of

the dwell time of customers in supermarkets and the arrivals of people at the

checkouts, considering a given costs function to avoid waiting queues?

The research is guided by four hypotheses:

H1: Optimizing at checkouts in supermarkets decreases the manned time of sta�.

H2: Optimizing at checkout in supermarkets decreases the idle time of sta� during

manned time in the checkout.
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H3: Optimizing at checkout in supermarkets decreases the number of openings

and closings of checkouts.

H4: Optimizing of H1-H3 is possible without any loss of customer satisfaction

measured on basis of the waiting queue length at checkouts.

1.3 Goals

The objective of this research is to develop a system which evaluates the op-

erational resources in a service environment depending on an inward �ow. The

system developed should control the operational resources depending on the ex-

pected number of customers at the checkout desk in a supermarket. The main

goal of the user of this procedure is an e�cient operational resource planning,

avoiding over-capacity of resources and avoiding queues. This will be achieved by

improving the accuracy of existing prediction techniques in combination with new

approaches to measure in�ow and out�ow. In terms of supermarkets this means:

Calculating a good and realistic forecast of customer dwell times.

The concept developed in this thesis will be tested in a case study in the food retail

business. This thesis does not provide any long-term validation of psychological

factors such as the improvement of sta� and customer satisfaction. Furthermore

the result does not deal with the improvement of work processes and stress re-

duction. This thesis also does not validate the controlling option for waiting time,

checkout e�ciency and conversion rate and does not evaluate customer loyalty.

1.4 Structure of the Thesis

The second chapter will review the necessity of this research from a business per-

spective and shows the gaps in the literature between the di�erent disciplines.

Some independent parameters such as the prediction of customer behaviour and

dependent parameters such as the layout of supermarket buildings will be anal-

ysed. Furthermore, this chapter will identify the relation between dwell times of

customers and their behaviour as well as the shop layout.

The chapter "Methodology" will give an overview of the research approach, an

appropriate framework and possibilities to gain and collect data. In the last sec-

tion, the strategy of evaluation will be presented.
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In the chapter �Framework�, the case study and the prediction model will be

introduced. The next chapter deals with the case study itself and will show the

shop layout and the technology installed to collect and analyse the data. Chapter

six will illustrate the results of the data collected and the comparison of data

between the in�uenced and unin�uenced system.

The following chapter will discuss these results and will point out the limita-

tions of the system. Finally, the last chapter will provide a conclusion derived

from research results and some ideas for future research.
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2 Literature Review

Main focus of the literature review in this chapter will be waiting time and the

impact and perception of queues from a customer perspective. Banking (Chebat

and Filiatrault 1993, Hui and Bateson 1991, Katz et al. 1991), airports (Dawes

and Rowley 1996) and experimental settings (Schmitt's et al. 1992, Dubé et

al. 1991) were in the focus of past research on waiting queues. Just a few re-

searchers focused their work on waiting lines in retail outlets (Jones and Peppiatt

1996, Tom and Lucey 1995, Riel et al. 2012). It seems that �soft factors� such

as the perception of waiting in queues in�uences the behaviour of customers in

a supermarket. A lot of literature analysing the importance of this context was

found, but few were found dealing with avoiding such psychological e�ects. Fur-

thermore, it seems that some researchers do not try to solve the main reason for

avoiding queues before they appear; they rather build a �work around� procedure

and make the waiting time at the queues as comfortable as possible. �If you can-

not control the actual wait duration, then control the customers' perception of

it� (Taylor 1994). Researchers accept waiting time and try to �nd a way to make

the waiting time more comfortable for the customers. Seawright et al. (2007)

focus in their study on the wait perceptions and do not suggest any solutions for

avoiding waiting time. Although Zeithaml et al. (1993) found that the stability

and controllability of the causes of waiting time are important and that successful

operational management at the checkouts can provide business with a substantial

advantage (Ellinger et al. 2006), reduction of waiting time through optimisation

approaches is only a smaller aspect in current research.

Generally mathematical models are developed to �nd the appropriate number of

checkouts referring to the shop layout. In these models, the human factors and

behaviour such as the purchasing time � the dwell time � is restricted considerably

(Nie 2000). Hume et al. (2006), Roth and Menor (2003), Johnston (2005) and

Tseng et al. (1999) claim as a consequence that customers and their attitudinal

and behavioural responses to service should be integrated in the operational man-

agement. This could help to avoid the e�ects of negative emotional responses to

waiting time for service (Taylor 1995, Arnold et al. 2005).

2.1 Design Techniques and Control of Queues

Berman and Larson (2004) use the queue control theory and developed a policy

to specify how many workers should be in the front room and how many in the

back room at a certain time, with the goal of minimising customer waiting time.
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They assume the dwell time of customers as an exponential distributed time. This

assumption seems to be of a theoretical nature because the time spent during a

purchase process can vary greatly. This is strongly dependent on the amount of

purchase. Customers who buy only a few items spend less time in the supermarket

than customers who buys a lot of items. Moreover, Berman and Larson (2004)

seem to be a rare example of authors who solved the queuing control theory prob-

lem by numerical optimisation of a particular policy.

During a purchase in a supermarket, the service processing time is the time be-

tween the beginning of the �rst scan of an item to the �nalisation of payment.

This service process time in the study of Tadj (1995) and Berman and Larson

(2004) is also described as an exponential distribution and the Erlang distribu-

tions. This again seems to be the same assumption as the dwell time. The dwell

time strongly depends on the amount of the purchase. Customers who buy only a

few items cause less service process time than customers who buy a lot of items.

Hence some in�uencing parameters, such as the dimensions of the supermarket,

customer behaviour (infrequent or frequent buyer), weekdays and several more

parameters might be important for a good and realistic estimate of customers at

a certain location in a supermarket.

2.2 Prediction Techniques

Prediction techniques, topological and Voronoi graphs, and cellular automaton

have been reviewed.

Several prediction techniques such as Bayesian networks, Markov models or Hid-

den Markov models, various neural network approaches and the state predictor

methods were discussed in literature. Table (1) gives an overview of the methods

and their characteristics of di�erent Bayes �lter implementations. Kalman �lters

are in the literature widely used variant of Bayes �lters. Kalman �lters beliefs by

their �rst and second moment, which is similar to a unimodal Gaussian representa-

tion, whereas the evidence about the true state of the world is expressed as belief.

Accuracy measures how well the di�erent approaches can estimate location given

adequate sensors. Grid-based could reach an arbitrary accuracy but high compu-

tational costs. Kalman �lters limited robustness is due to the representation of

unimodal belief. Topological methods approaches require sensors that relate to

an environments layout. Grid-based approaches can incorporate any sensor type.

Kalman Filters are the most e�cient approaches in terms of resource consumption
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Multi-
Kalman hypothesis Grid Topology Particle

tracking

Belief Unimodal Multimodal Discrete Discrete Discrete

Accuracy + + 0 - +

Robustness 0 + + + +

Sensor variety - - + 0 +

E�ciency + 0 - 0 0

Implementation 0 - 0 0 +

Table 1: Comparing Bayes �lters implementations (+, 0, and - represent good,
neutral, and weak, respectively) (Fox et al. 2003).

and computation. The main disadvantage of Grid-based approaches seems to be

e�ciency (Fox et al. 2003). If accurate sensors are available Fox et al. (2003)

claim that the best choice would be Kalman �lters.

Most of the research is steady-state research. Terekhov et al. (2009) propose

further work to switch the workers in an online decision. Hentenryck and Bent

(2009) propose to investigate the applicability of both: The modelling and com-

putational approaches from online stochastic combinatorial optimisation to the

problem of worker switching.

Furthermore, all of these techniques require sensors which determine the loca-

tion of people. There is no appropriate literature found which analyses the time

of the gap of a route were none of the sensors has an appropriate signal. Furey et

al. (2011), Fox et al. (2003) and Liao et al. (2003) try in their studies to cover

these gaps without any information about the location of customers.

Ma et al. (2012) summarised that pedestrian movement characteristics induced by

human response and human behaviour play an important role in a�ecting safety.

Customer behaviour might also play an important role in the calculation of dwell
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time.

2.3 Waiting Time, the Impact and Perception of Queues

Customers spend signi�cant time in retail outlets waiting (Tom and Lucey 1995).

Jones and Dent (1994) quantify the waiting time to be more than 70% of total

time in a shop. While this mostly happens in checkout lines to complete purchases,

waiting times also occur at the pre-purchase stages of retail service delivery. Wait-

ing time is de�ned as the elapsed time starting with a customer being ready to

receive service, and ending when the service starts (Taylor, 1994). Waiting time

is one of the most critical factors to in�uence customers' shopping experience

and purchase termination rate (Peritz, 1993) and more generally of customers'

perceptions of retailer service o�erings.

2.3.1 General Problem of Waiting

Gopalakrishna and Mummalaneni (1993) and Chebat and Filiatrault (1993) found

that waiting time is perceived by customers as a factor of lower service quality.

Davis and Maggard (1990) con�rm this in their study and found that the longer

a customer has to wait, the more dissatis�ed the customer is with the service

quality. Results are based on an real time observed customer waiting time and

surveys in two locations. Hui and Bateson (1991) also verify the relation between

waiting time and service quality. Their methodology is based on testing hypothe-

ses using interactive computer-based lab experiments. Furthermore, they found

that waiting time information has no e�ect on perceived waiting time.

When evaluating the e�ect of waiting time on purchase termination, one needs

to specify waiting time and distinguish between real vs. perceived and expected

vs. tolerated waiting time. Customers' perception of time may di�er from the

objective time (Tom and Lucey 1995). While real waiting time re�ects the linear

evolving clock time, perceived waiting time is based on visitors' individual per-

ception of time. Jones and Peppiatt (1996) support the claim of Tom and Lucey

(1995). They illustrate that people think they waited longer than they really had

to. Thus, expected waiting time is the duration of waiting time as anticipated by

the shopper at the moment of his decision whether to wait or not. The tolera-

ble waiting time is the maximum duration of waiting a shopper is willing to accept.

Graham (1981) analyses the cultural aspect of perception of time. He de�ned
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three models: The linear separable model corresponds to the European- Amer-

ican (Angelo) perception, the circular-traditional model to the Spanish-speaking

cultures and the procedural-traditional model to the Native American perception.

2.3.2 In�uencing Factors

Kostecki (1996) deduce that the tolerable waiting time depends on a number of

variables such as the value of shopper time, the value of service or product to be

purchased, the intensity of a need, accessibility of a service from an alternative

source and discomfort of wait. There are two e�ects of waiting time on purchase

termination. The �rst is a negative relationship: as waiting time is associated

with economic and psychological costs (Chebat and Filiatrault 1993, Katz 1991)

a positive correlation between waiting time and purchase termination was found.

Waiting in a line can reduce purchase intention and thus foster non-purchasing

behaviour. Zhou and Soman (2003) for instance describe shopper reneging strate-

gies of leaving a waiting line after a certain time. It is reasonable to argue that

shoppers consider time as units of value and to be strongly a�ected by what might

be perceived as waste of it.

The second one is a positive impact of purchases not being terminated with

increasing waiting time. The more valuable the service for the shopper is, the

longer the customers will wait (Maister, 1985). As a consequence, customers will

avoid terminating their waiting after a certain waiting time due to so-called sunk

costs.

2.3.3 Consequences and Costs

Davis and Vollmann (1990) suggest that the bene�t of applying such a framework

cannot be measured immediately, but rather it can be measured on the customers'

future behaviour, of which little is known, or to what extent waiting at the check-

out of a supermarket a�ects satisfaction, or what the relative contribution of any

negative emotional response to the wait is, compared to other antecedents of

satisfaction (Haynes 1990). Hill and Joonas (2005), Johnston (2005) and Kumar

(2005) found that managing waiting time in�uences competitiveness.

Perceived wait duration appears to strongly a�ect the negative emotional response

to waiting (hypothesis 1) �A negative emotional response to the wait directly and

negatively a�ects satisfaction� (Riel et al. 2012). Furthermore, they evaluated

that the perceived wait duration strongly a�ects the negative emotional response
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Figure 1: A conceptual model with the wait perceptions and service outcome (Riel
et al. 2012). H1 � H8 are the researchers' hypotheses.

Figure 2: Results of empirically validated model (Riel et al. 2012).

to waiting (hypothesis 4). With hypothesis 5, they found that attribution to store

seems to increase the negative emotional response to the wait and hypothesis 6

states that the distraction has a signi�cant e�ect on the response to wait. Lack

of social justice (hypothesis 7), value of purchase (hypothesis 8) and the attrac-

tiveness of waiting area (hypothesis 3) in�uence customers' negative emotional

response (Fig. 1, Fig. 2).

2.3.4 In�uencing and Managing

Managing service operations surrounding the checkout can provide business with

an advantage (Riel et al. 2012). Furthermore, Riel et al. (2012) recommend a

pro-active management approach, to prevent or minimise any negative impacts on

satisfaction.
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Nie (2000) veri�es the importance of the waiting time with regard to service

operations management, the impact on customer satisfaction and operations ca-

pabilities. He found the four main reasons for how waiting and service delays can

appear:

1. Services are produced during an encounter between customers and service

capacity

2. Interaction between service capacity and customers involves uncertainty

which is highly variable

3. Services are intangible and cannot be measured

4. Customers' demands for being served are highly variable and unknown

2.4 Optimal Design and Control of Queues

Tadj and Choudhury (2005) in their research divide the main queue models into

descriptive and prescriptive. Descriptive models describe real-world situations and

prescriptive models prescribe what the real-world should be. According to Tadj

and Choudhury (2005) queuing theory is primarily dominated by descriptive mod-

els. Gross et al. (2011) name this the �economic (cost or pro�t) model or dynamic

models�.

One of the �rst researchers to deal with queuing is Hillier (1963) and Brigham

(1955). Brigham's (1955) work is concerned with the optimum number of clerks

to place behind tool crib counters in plants. He used Kendall-Lee's notation to

describe the total cost function. Tadj (1995) also referred to the Kendall-Lee

notation to describe queuing theory in a mathematical way. He speci�ed the cost

function as a linear function, because he assumed that the contribution of the

various components to the total costs is linear with their average values.

However, Hillier (1963) tries to �nd the balance between the cost of service and

the cost of waiting for that service in the context of an industrial setting. His as-

sumption is that the source of customers is in�nite and all of them will be served.

Furthermore, he assumed that the queue length has no limit and the queue is in

a steady state.

The second challenge in Hillier's (1963) research was to determine the number

of servers and the server rate with the goal of minimising the costs of service

and customer waiting time. The researcher showed the optimal result with only
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one server under di�erent arrival and service time distributions. Stidham's (1970)

results are also based on problems in which one needs to determine the optimal

service rate and number of services.

A second assumption of Hillier (1963) is that one service facility is optimal for

the whole population. On the other hand, Gross et al. (2011) point out that

the results are depending on �uncontrollable� parameters like the distribution of

customers and their dwell time. Tadj and Choudhury (2005) describe these queues

with a superimposed cost of pro�t function with respect to the arrival rate, the

service rate or the number of available channels.

Moder et al. (1962) deal in their research with controlling the number of servers

based on the queue length. They described upper and lower boundaries on the

number of channels that can be served any time. Hersh (1973) also addresses the

same approach in his work. Furthermore, he assumed that workers have to serve

customers and also complete other tasks, which are not dependent on customer

arrivals. He claimed that costs are also incurred due to uncompleted work outside

the work for serving customers.

Berman and Larson (2004) focus their research on retail facilities, which have

back room and front room operations. The front room workers serve arriving

customers, and the back room workers do less time-sensitive work like sorting

materials or processing paperwork. It is less time-sensitive because customers can

form a queue and wait to be served when all front room workers are busy. Back

room workers are able to do the work of the front room workers. The goal of

Berman and Larson (2004) is to �nd a way to minimise the number of workers

in both rooms and control the costs of workers by switching the works of both

without decreasing the quality of service to customers.

First the researchers need real-time information about the numbers of customers

in two di�erent areas. The �rst area where they decide to count the customers is

the checkout area. The second area they de�ned as elsewhere in the store where

the customers have not yet arrived at the checkout.

Berman and Larson (2004) model the queue as a continuous time Markov process

operating in steady state and o�er a heuristic for its optimisation. Tadj (1995)

assumes that customers arrive in a store with a Poisson process, since the cus-

tomers' arrivals result from a large number of independent sources. That means

that the probability distribution of the time until the next arrival is independent
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of the last arrival. Berman and Larson (2004) assume that the dwell time of all

shoppers is an exponentially distributed time. Services at checkout are done with

exponential service times. They assume that shopping times and checkout times

are mutually independent. Tadj (1995) claims the same exponential distribution

for the arrival distribution.

Berman and Larson (2004) divide the optimisation challenge into two parts. In

the �rst part they �nd the smallest complement of workers with which the queue

delay will not be excessive, the e�ective worker complement in the back room will

not be below a threshold, and a detailed queue balance equation is maintained.

The goal is to �nd an optimal approach to switching workers between the front

room and the back room in order to minimise the customer waiting time, while

at the same time ensuring that the expected number of workers in the back room

is not less than the de�ned value.

In the second part they try to �nd the minimum number of back room workers

required in the store which ensures that the de�ned waiting time is not exceeded

and the work in the back room is also performed.

Both problems deal with optimal design and control of queues. The researcher

found an e�cient heuristic which does not guarantee optimality. The quality of the

solution was provided by Berman and Larson (2004) using a small set of examples.

According to Gross et al. (2011), queuing design optimisation can be solved

by using di�erential calculus and linear, integer or non-linear programming as well

as heuristics. Grassmann et al. (2001) for example address the optimisation of the

service rate in a one-server queue with exponential arrival times by di�erentiating

various quantities. Nobel and Tijms (2000) use an algorithm which decides to

release or hold the service capacity. In his work, he �gured out that servers may

have di�erent service rates and controls. The required service capacity depends

on the queue length.

Fan-Orzechowski and Feinberg (2005) deal with a similar problem. They de�ned

a queuing system with the customer types, exponential service and arrival times,

the available servers and the capacity. The main aim in their work is to decide

whether to accept or reject the customers depending on customer arrival. They

assumed incurring costs for every rejected customer and reward for every accepted

customer. With their �ndings, they optimised the average reward per unit of time

as subject to a policy requiring the average penalty cost for rejecting customers



Hami Aksu Page 25 07/31/2016

by approaching a linear algorithm (Fan-Orzechowski and Feinberg 2005). Brusco

and Johns (1998) use the same linear algorithm for di�erent cross-training op-

tions. The goal of the research was to �nd the optimised number of workers from

a particular skill class that should be working on tasks during a planning period.

Slomp et al. (2005) also use the same approach to �nd the optimised balance of

cross-trained workers in a cellular manufacturing environment.

A similar challenge exists in call centres. The development of call centres received

considerable attention in response to the current trend of customer satisfaction

and computerisation (Radtke, 2001). Not just satisfaction, but also cost pressure

and high service expectations are claimed by the customers (Kesting, 2004). Be-

cause the quality claim is so high, the preparedness of the customers to wait in

the waiting queue at the phone is low. That is why call centres seems to have a

high discontinuation rate.

One of the optimisation processes in a call centre is the optimisation of the cost

structures. Menzler-Trott and Hasenmaile (2001) and Michels (1999) divide the

cost of a call centre as follows: 10 % technics, 5 % occupancy costs, 7 % telecom-

munications systems and 78 % personnel costs.

Optimisation of the personnel may be done in two ways. One could be to de-

cide the number of agents of the call centre. To do this, the load of the calls has

to be known. Hence, this call volume forecast is a characteristic for decisions like

increasing or decreasing the employees. The more speci�c the call volume is, the

better the planning reliability is. Typically experienced data are used which are

based on long averages (Cleveland et al. 1998).

The second way to optimise the personnel cost is the operative scheduling of

the workload. The aim of this is to �nd the optimum number of agents according

to the call volume. In doing this, a certain service level could be maintained and

the personnel costs should be reduced to a minimum (Tom and Lucey 1995).

Cezik and L'Ecuyer (2008) applied a method based on a combination of simu-

lations with linear algorithms, cut generation and heuristics. They assumed that

call centre workers are able to answer multiple calls. Furthermore, they classi�ed

the type of calls that the workers are able to determine. They are trying to �nd

the optimised number of workers for each type of work that should be scheduled

during a speci�ed time period. The goal is to reduce the operational costs on

condition of service level constraints. Chevalier and Tabordon (2003) focus their
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research in �nding the optimum number of personnel to minimise the proportion

of customers who leave without getting served. They used historical data for an

approximation and evaluated them by simulation.

Bodin and Dawson (2002) show in their work the dilemma that fewer agents

mean increasing the waiting time of the caller. Reachability decreases. Planning

too many agents would mean that reachability is better, but the employees could

have a lot of idle time. Hence the personnel cost would increase.

In the work of Brown et al. (2005), the calculation of incoming calls in a call

centre is based on the incoming calls conforming to a Poisson process, service

durations are exponentially distributed and customers and servers are statistically

identical. Furthermore, their actions are independent of one another. Parameters

like customer abandonment behaviour, time-dependent parameters or the hetero-

geneity of customers are not considered. Many of the arrival processes are assumed

to follow a Poisson distribution (Tadj and Choudhury 2005). Also Berman and

Larson (2004) found that the arrival rate in a store can be designed as a Poisson

distribution.

Classical theoretical models also claim that arrivals form a Poisson process (Shen

et al. 2007). This results because call centres assume the following behaviours:

there are many statistically identical callers; there is a small yet non-negligible

probability of each of them calling at any given minute and callers decide whether

or not to call independently of each other.

To give a more realistic estimation of the call volume, non-stationary Poisson

processes could be used for the arrival of call requests by an agent (Brown et

al. 2005). Also Weinberg et al. (2007) consider a non-stationary Poisson model

where the arrival rate incorporates both strong patterns within single days and

day-to-day dynamics to forecast future arrival rates.

Combining these two characteristics, the day-to-day variation and the intra-day

variation, a multiplicative model could be realized. The models could be designed

using a Bayeian procedure. Because of this they are able to provide point esti-

mates of the current and future arrival rates.

Brown et al. (2005) claim that this process has a smooth varying rate distri-

bution that depends in part on the date, time of day, and type and priority of

the call. He tried to develop a model which predicts statistically the number of



Hami Aksu Page 27 07/31/2016

arrivals as a function. This will give the result of time varying probabilities of each

customer and is characterised by an arrival rate function.

A further challenge is estimating the service time. Most applications assume

exponentially distributed service times (Brown et al. 2005). Also Berman and

Larson (2004) assume an exponentially distributed service time.

Brown et al. (2005) claim that in heavier volume periods of call centres, there is a

di�erent mix of customers and that mix includes a higher proportion of customers

that require lengthier service or that during a heavier call volume the agents tend

to handle calls more slowly.

Optimal design of queues and control of queues have their focus on �nding and

analysing the optimal values of individual parameters of queues. Gross et al.

(2011) divide the parameters into �controllable� and �uncontrollable� parameters.

The controllable parameters may be the limit of the queue � the system capacity,

the arrival rate of the customers, the number of channels available for handling

arriving customers and the service rates of the servers. However, uncontrollable

parameters may be the speci�c arrival or service time distribution, speci�c num-

bers of servers or speci�c order in which customers are served (Gross et al. 2011).

Hence the choice of the controllable parameters depends on the uncontrollable

parameters.

Tadj (1995) describes the distribution of the arrival time as a central role in the

queuing theory. Furthermore, he claims that the exponential distribution should

be characterised by a no-memory property. That means that the last arrivals don't

matter for the distribution. Also Berman and Larson (2004) and Tadj (1995) as-

sume that shoppers take exponentially distributed shopping times.

During a purchase in a supermarket the service processing time is the time be-

tween the beginnings of �rst scan process of the items to its end. This service

process is described in the study by Tadj (1995) as an exponential distribution

and the Erlang distributions. Berman and Larson (2004) on the other hand, only

assume an exponential distribution.

It seems that the challenge of queue control is to determine an optimal result

when the queue is already in a particular state. Such state could be de�ned with

the current queue length and the arrival rate.
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According to Tadj and Choudhury (2005), the queue models in a supermarket

could be a prescriptive model because in the real-world an optimal situation with

an optimal result should be prescribed.

One goal of the queue control theory is to �nd an optimal approach to switch

between queues. These queues can be described as a pool of workers who are

workers who serve customers and workers who do other jobs. Berman and Larson

(2004) call them �front room worker� and �back room worker�.

They used the queue control theory and found a policy which speci�es how many

workers should be in the front room and how many in the back room at a certain

time with the goal to minimise customer waiting time.

The study by Hersh (1973), Lu and Se�fozo (1984), Moder et al. (1962) and

Yadin and Naor (1967) is very similar to Berman and Larson (2004) �rst problem

in solving the queue control problem. In the following, the studies are compared

with the most recent by Berman and Larson (2004).

Hersh (1973) in his research divides the workers into �queue-job-worker� and �non-

queue-job-worker�. He assumed that a cost is incurred for all of the non-queue

work not completed during a working time. His approach is based on simulation

and determining the optimised rule for the workers.

The approach by Lu and Se�fozo (1984) di�ers in the point of view. In the

study, they focused on one single queue. They assumed a �xed server capacity

and tried to �nd the number of optimal service and arrival rates. An evaluation

of each result could be veri�ed by using each method.

The hypothesis of Moder et al. (1962) is that some workers are always avail-

able to serve the arriving customers and others which are not related to the arrival

of customers. The other workers could be seen as the cross-trained workers or back

room workers and the workers who are always available for serving the customers

are front room workers in Berman and Larson (2004) study. The main di�erence

with Berman and Larson (2004) is that there is no constraint on the amount of

the back room work. Furthermore, they assume a �xed number of workers who

are always just serving the customers. Moreover, the description of rules which

prescribes the action that should be taken in order to control the situation in the

queue with a given particular queue state. Although both researchers aim to opti-

mise the number of workers serving the customers, they use di�erent approaches.
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Moder et al. (1962) increase the number of workers serving the customers always

by one when the queue reaches a threshold and they decrease the number by one,

if the queue length is below the de�ned threshold. Berman and Larson (2004)

deal with a rule in terms of quantities. This seems to be more �exible. There are

similarities between the studies in the calculation of the probability of having the

number of workers in the queues.

The main di�erence between Yadin and Naor (1967) study and Berman and Lar-

son (2004) is that Yadin and Naor (1967) use two rules of queue length. One is

that if the queue length increases over a threshold, then the service rate switches

to a higher value, and the other is if the queue length decreases below a threshold,

this means a switch to a lower service rate value. Berman and Larson (2004) use

one rule for both states.

The quality of the results of Berman and Larson (2004) work is evaluated by

a small number of samples and instances. Furthermore, the work is veri�ed for

steady-state behaviour. To close this gap in Berman and Larson (2004) study,

an independent parameter, such as the prediction of customer behaviour could

be integrated. Because, as already claimed, there is a relation between customer

dwell time in a purchase process and the shop layout of supermarket buildings,

the modelling theory is assessed. For that reason, it is necessary to model the

layout in a mathematical way with appropriate probabilities of customer behaviour

on arrival at the queue.

2.5 Next Location Prediction Techniques and the Layout

of Supermarket Buildings

This chapter is applied in several disciplines. The purpose is to identify and discuss

approaches that could be applied to this research. Some of the techniques are not

directly related to a supermarket but could be adapted to this application.

Petzold et al. (2005) provide an overview several next location prediction tech-

niques: Bayesian networks, Markov models or Hidden Markov models, various

Neural network approaches and the state predictor methods, applied in several

studies.

Gellert (2006) show an accuracy of 84.81 % using the Hidden Markov model.

He tries to predict the next location of person movements. Rabiner (1989) exam-

ines another application by using the Hidden Markov model. He shows that the
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Hidden Markov model can be applied for speech recognition. His goal is to predict

the next possible words, increase accuracy of word recognition. Rabiner (1989)

on the theory in its simplest concept: Using discrete Markov chain for a more

sophisticated approach such as continuous density models and variable duration.

Another application of using Hidden Markov models is in medical diagnosis, treat-

ment and the approach to drug design. Yoon and Vaidyanathan (2004) found a

way of predicting the secondary structure of RNA using Hidden Markov models.

In their study they illustrated the accuracy and structure prediction with a low

computational cost.

Liu and Lovell (2003) in their study use a Hidden Markov model for hand gesture

detection and recognition. Their aim is to improve human-machine communica-

tion and to bring the interaction closer to each other, and to make possible new

applications such as sign language translations. Results show the e�ciency for

analysing the observation scene using the feature model and vector quantisation.

Furthermore, they demonstrate that the Hidden Markov model o�ers a more �ex-

ible framework for recognition compared to the classic template-based methods.

A novel approach of using the Markov model is presented by Galata et al. (1999).

Their research focused on automatically acquiring stochastic models of high-level

structure of a human activity, but without any assumption of prior knowledge.

They use variable Markov models which involve temporal segmentation into plau-

sible atomic behaviour components. They provide a way of learning complex

behavioural dependencies and constraints of human activities.

Another application of prediction techniques is presented by Petzold et al. (2006).

These are applied on behaviour patterns previously gathered in order to anticipate

a person's next movement. They analyse the predictors with global histories.

Hence the predictors are stimulated with a workload of patterns of people walk-

ing. They found that their results worked accurately using these predictors, but

they are not consistent in their ability to handle complex patterns or in the train-

ing of speeds. They evaluate by some movement scenes of persons within an

o�ce building reaching up to 59% accuracy in next location prediction without

pre-training, and respectively 98% accuracy if they use the pre-trained predictors.

Probability gives a method of describing the belief or knowledge that an event has

happened or will occur at some time in the future (Furey et al. 2011). Bayesian

networks may assign a probability value to any statement. Hence the probability
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of the statement being true depends on the degree of belief that the statement is

true, given the evidence available (Furey et al. 2011).

Korpipaa et al. (2003) uses in a study a Naive Bayesian Network to classify

the context of a mobile device user. They installed small sensors for acceleration,

light intensity, temperature, humidity, skin conductivity and audio for measuring

environmental situations. In their results they achieved an accuracy of 87% true

positives and 95% true negatives against sensor data collected in real-world condi-

tions by classifying in 13 contexts using features. Patterson et al. (2003) present

a route prediction in cars, taking a bus and walking by using a dynamic Bayesian

network model. Domain knowledge of real world constraints is incorporated into

the Bayesian network model. The parameters of their network learn by using

expectation-maximisation. They demonstrate predictive user-speci�c models can

be learned in an unsupervised fashion. Sparacino (2003) uses the same approach

in his research. His goal is to develop a user-adaptive storytelling system in a

museum. The Bayesian network model predicts the visitor type such as �greedy�,

�selective� and �busy� from the location and duration of the visitors. The system

displays to visitors di�erent explanations of the exhibition depending on their be-

haviour.

Another claim that Bayesian �ltering is the most common technique used for

location estimation is done by Fox et al. (2003). Bayesian �lters probabilisti-

cally estimate a dynamic system state from noisy observations (Fox et al. 2003).

Furey et al. (2011) apply this method in �nding a way to solve the problem of

widespread tracking in indoor environments. In their study they present a way

to overcome the weakness and leaks in existing �Real Time Location Systems�

(RTLS). This is done by making guesses about future locations of humans. The

system, called �History Aware Based Indoor Tracking System� (HABITS), gives

short term predictions to the RTLS system. They concluded that tracking can

only be done if the frame of reference is sorted and a number of waypoints are

established. They assume that the knowledge of human historical movement be-

haviour enables future location predictions in the short-, medium- and long-term.

Dividing the system into three components, which are combined with each other

is applied by Furey et al. (2011): A connected graph, a discrete Bayesian �lter,

a set of logical rules. The system multiplies the probabilities of the perceptual

model and the system dynamics and adds them into the initial belief from the

Bayesian �lter. Fox et al. (2003) illustrate the types of the Bayesian Filters such

as Kalman Filters, Multi-Hypothesis Rracking or Particle Filters.
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A further way to predict the movement of persons is neural networks. Vintan

et al. (2004) suggest a prediction technique to anticipate a person's next move by

using neural networks. In their study they use neural predictors of the multi-layer

perceptrons with back propagation. Their results show an up to 92% accuracy

of pre-trained cases of next location prediction. Mantyjarvi et al. (2001) applied

the same multi-layer perceptron classi�er to recognize a human's motion by using

neural networks.

Ashbrook and Starner (2002) use in their study a Markov chain model and K-

means clustering algorithm to predict future movements. They clustered the GPS

data by K-means algorithm to �nd signi�cant locations at which persons stayed for

a long time. They designed a Markov chain model with the historical movements

among these locations. They found in their study that changes in routine take

longer in their developed model. For that reason, they propose a way of weighting

certain updates.

Han et al. (2006) try to use a �Self-Organising Map� based on Ashbrook and

Starner (2002) for learning without any prior knowledge. Self-Organising Maps

overcome the gap of missing prior knowledge of moving patterns. Such Self-

Organising Maps are learning neural networks which can preserve the topology of

a map as they create it. Applying it to a Markov chain Han et al. (2006) convert

GPS data into a signi�cant pattern. Hence the researcher can make a prediction

of the next location of a person by the output from the Self-Organising Maps.

Routes between two points may be represented as a graph. Such a graph is

made up of edges and nodes. Furey et al. (2011) describe the movement area

as a graph which is speci�ed later in a mathematical term by a number of ma-

trices. Such a graph structure represents the travelable paths whereby the nodes

in the graphs are areas of interest, decision points or stopping places. Between

the nodes, the edges represent the paths that may be walked between. By doing

this, the researchers are able to design a graph according to paths and points of

interests of a real building. They distinguish between stopping nodes (just one

edge) and decision nodes where several edges are connected. Figure 3 describes

the movement area as a graph which is speci�ed later in a mathematical term by

a number of matrices. The �gure shows a graph of a building with all necessary

parameters and probabilities. Afterwards the graph can be represented as an n

times n adjacency matrix. A further matrix represents the travel time which is

the distance between each node. This time is calculated based on average speed.
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Figure 3: Movement area as a graph (Furey et al. 2011).

Kuipers and Byun (1991) also used a topological approach with nodes and paths

where the nodes represent sensor data and arcs with paths between characterised

places.

A further matrix shows the transition. It present the probability of travelling

from one node to the next. Furey et al. (2011) note that a further transition ma-

trix for each day or time period would increase the accuracy, but at the same time

the system would not be expandable because of the complexity of such a system.

The researchers examine that more node information and these collected historical

travelled data give a higher chance of predicting with more accuracy. Because of

the complexity of such a system, the researcher de�ned preferred paths which are

stored as a vector. In this vector the probability of the next preferred paths is

stored. The last component of the system is handling the rules if people change

their habits depending on who they were with. The system includes rules which

are applied in the same manner as the preferred paths, in�uencing the prediction.

Furey et al. (2011) describe how the leaks of the RTLS system can be combined

with the HABITS system.

This non-metric way of representing areas by using a graph structure is also used

by Krumm et al. (2002). They used a manually created graph structure which

shows the possible movement paths in a building. In contrast to Furey's et al.

(2011) study, Krumm et al. (2002) use a Hidden Markov model to connect the

graph nodes along with signal strength vectors. The goal of the study is to cover

the areas of no reception and predict the next probable location of a person. By

using the Viterbi algorithm (Lou 1995), Krumm et al. (2002) calculate the most

probable path in the graph. Their result shows that they improved the accuracy

by using a nearest neighbour algorithm.
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The goal of Ma et al. (2012) is to simulate pedestrian and elevator transporta-

tion in an evacuation process. They claim that evacuees move in di�erent areas

depending on di�erent update rules. Contrary to Furey et al. (2011), Ma's et al.

(2012) approach in their study on cellular automaton consists of stairwell parts,

refuge �oors parts and elevator parts to describe the building. They tessellate

the environment into small patches (cells). Fox et al. (2003) named this cellular

automaton �grid-based approaches�. Each grid (cell) assumes that the person is

in each cell. Fox et al. (2003) measures the size of these patches (cells) between

10 cm and 1 meter. Shi et al. (2012) on the other hand also used a grid-based

approach with the planar space 0.5 metres x 0.5 metres per square. Furthermore,

the researchers connect all grids with eight surrounding grids. The necessary �ow

rate of the evacuation passages and passengers are in the research of Shi et al.

(2012) obtained from experimental observations.

Fox et al. (2003) based their study on the work of Liao et al. (2003). Liao

et al. (2003) introduce an approach to estimate the locations of people using

sparse and noisy sensor data collected by id-sensors. The main di�erence to the

study of Ma et al. (2012), Krumm et al. (2002) or Furey et al. (2011) is that

the researchers track the locations of people on Voronoi graphs (Fig. 4). With

the help of the Voronoi graph Liao et al. (2003) is able to represent the human

motion along the main axes of the free space. The researchers apply a two-level

approach in which a Bayesian particle �lter uses a switching state space to de-

scribe human motion at which the Voronoi graph guides the particles through the

transition model of the graph structure.

Shi et al. (2010) use a hybrid model. Their representation of the real world

is made in form of metric maps and topological maps. A hybrid model com-

bines both metric and topological information, where the metric map includes the

grid-based approach and the geometric approach represents the environment with

regard to the absolute position. In their study they claim that the grid-based ap-

proaches are adequate for local navigation like obstacle avoidance and map-based

for localisation. The researcher also notes the high computational cost by using

the hybrid model. To cover the high computational cost studies, Sim et al. (2006)

and Hahnel et al. (2003) focus their investigation on reducing computation costs

in robot solutions.

Thrun (1998), like Shi et al. (2010) and Tomatis et al. (2003), combines the

grid-based and topological approach. He tries to merge the advantages of the grid-
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a) b)

c) d)

Figure 4: Voronoi graphs for location estimation. a) Building with manually pruned
Voronoi graph. The circles represent the ultrasound sensors and the squares the
infrared sensors (Liao et al. 2003). b) Likelihoods of sensor measurements use
patches at which each patch a location over the average of likelihoods of sensor
measurements represents (Liao et al. 2003). c) Likelihood of the ultrasound
sensor and the sensor system while the ultrasound sensor provides rough distance
information about person movement and the infrared sensor report the presence
of a person in a circular area (Liao et al. 2003). d) Voronoi graph projected on
corresponding likelihood (Liao et al. 2003).
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based approaches with the accurate metric maps, their complexity often prohibits

e�cient planning and problem-solving in wide area indoor environments with the

advantage of topological maps with their e�ciency and maintaining wider envi-

ronments. The topological map generates on the top of the grid-based maps by a

probabilistic occupancy grid into regions separated by narrow passages depending

on local clearance measurements.

It seems that Hidden Markov and Bayesian techniques are successfully applied

in numerous �elds of prediction (Petzold et al. 2006, Oliver and Pentland 2000,

Gellert 2006, Rabiner 1989, Yoon and Vaidyanathan 2004, Liu and Lovell 2003,

Galata et al. 1999). It is therefore popular in the literature of the estimation of a

person's next location.

Fox et al. (2003) compared di�erent �lter implementations to measure how well

the di�erent approaches can estimate the location of people given appropriate

sensors. It seems that cellular automaton or grid-based approaches can reach ar-

bitrary accuracy. High accuracy means on the other handy high computational

costs. Using Bayesian Kalman �lters means robustness and e�ciency regarding

computation and memory. On the other hand, robustness due to the unimodal

belief representation means that this approach needs accurate sensors with higher

update rates where grid-based and particle approaches such as in the study of

Liao et al. (2003) can be used virtually with any sensor type. Fox et al. (2003)

suggest to decide on the appropriate method depending on the sensor type. If

accurate sensors are available, Kalman �lters might be the best choice. If lower

accurate sensors are available, topological approaches seem to be a good choice

for predicting a person's location. Particle �lters seems to be a �exible tool with

low implementation overheads. Table 1 gives an overview of the methods and

their characteristics.

The goal in the studies by Furey et al. (2011) and Liao et al. (2003) is to

help to bridge the gap between continuous sensor data and discrete, abstract

models of human motion and behaviour. In the study of Liao et al. (2003) they

are using ultrasound and infrared sensors. The circles in �gure 2 represent the

ultrasound sensors and the squares the infrared sensors (Liao et al. 2003).

Representing a building in a graph means that there is �nite number of paths

and nodes. In general, a building has an entry node and exit node which can be

the same. Di�erent to an evacuation process in this current study is that the �ow

capacity of the customers in a shop does not have any in�uence on the dwell time
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with respect to the buying behaviour of the customer.

Fox et al. (2003) show the advantage of the cellular automaton or grid-based ap-

proaches. They can represent arbitrary distributions over the discrete state space.

On the other hand, the researcher shows the disadvantage. The requirement of

computational and space complexity to keep the position grid in memory and to

update it for predictions. The complexity grows exponentially with the number of

dimensions and supposes using a grid-based approach for low-dimensional estima-

tions (Fox et al. 2003). They apply the Bayesian Filtering to the Voronoi graph

has the advantage that they are able to represent arbitrary probability densities.

A further advantage is that the Bayesian �lter can converge to the true posterior

probability even in non-linear dynamic systems. Furthermore, they claim that the

Bayesian �ltering approach compared with the grid-based (cellular automaton) ap-

proaches are more e�cient because their focus is on their resources (particles) on

regions in state space with high probability. Nevertheless, the e�ciency depends

on the number of samples used for �ltering (Fox et al. 2003).

The complexity grows exponentially in the dimensions of the state space in all

of the presented methods. Fox et al. (2003) notice that a researcher applying

these methods has to be careful with high-dimensional estimation problems.

This complexity of cellular automaton can be avoided by representing the area

in a non-metric way using a topological approach (Fox et al. 2003). The re-

searcher claims that motion models in general use topological approaches and

give a discrete or �xed number of probabilities. Furthermore, they notice that the

e�ciency increases in areas where no sensors are available for measuring people.

The disadvantage of a topological approach is the coarseness of its representation.

Information about the person's location is only provided as a rough estimation (Fox

et al. 2003). According to Ranganathan et al. (2006) and Fabrizi and Sa�otti

(2002), topological graphs seems to be robust to the fragility of purely geomet-

rical methods. Furthermore, it seems that the topological approach depends on

the semantics of the environments and it is more capable than others in manag-

ing reactive behaviours, especially in large-scale environments (Shi et al. 2010).

Using topological approaches may lack the details of an environment. For that

reason, Shi et al. (2010) suppose a hybrid map combining topological and the

metric paradigm of the grid-based approaches. Their research is based on the

studies of Chang et al. (2007) and Choi et al. (2002) which showed that the

positive characteristics of both can be integrated to compensate for the weakness

of each single approach. Also Thrun (1998), Shi et al. (2010) and Tomatis et al.
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(2003) combine the topological paradigm with the grid-based paradigm. They use

the topological map to represent the map building and the grid-based accurate

approach for localisation.

2.6 Gaps in the Literature

This section of the literature review will show approaches and relevant ideas to �ll

these �gaps� and combine aspects considered above to integrate queuing theory,

waiting time and next location prediction techniques and apply it to a case study.

Furthermore it is an objective to �nd the optimal number of servers considering

a number of workers available to serve customers depending on the length of

the queue. Tom and Lucey (1995) suggest in their study to reduce waiting time

by opening more checkouts at peak operational hours and increasing checkout

speeds. Furthermore, they claim that management strategies should ensure the

operationalisation. To get more experience of the customer response to waiting,

Dasu and Rao (1999) assess the past experiences of customers. Data like the

number of customers on certain weekdays or time of day of the visits might be

parameters which can help to predict customer purchase behaviour. An assump-

tion is that with the help of historical data, customer behaviour can be analysed

and applied to the current real state.

Riel et al. (2012) claim that developing a better understanding of how customers

experience waiting, only a few determinants of the waiting experience have actually

been investigated within this particular subset of operations management research.

With the help of the data which Riel et al. (2012) analysed, the optimised wait-

ing time of customers can be a parameter for managing the waiting queue. The

next approach is that the maximum or optimised waiting time perception plays a

role and is a further parameter for predicting the best queue length for a customer.

A further approach is that the customers are not served in a simple �rst-come-�rst-

served discipline or in a single arrival system, but rather in a bulk arrival system.

Therefore, an optimal arrival distribution and the service time distribution and

the dwell time distribution of customers has to be �gured out. With regard to

studies such as Tadj (1995), Tadj and Choudhury (2005), Brown et al. (2005),

Shen et al., (2007), Weinberg et al. (2007) a Poisson distribution represents a

customer �ow into a shop. Hence it can be assumed that also in a supermarket

the distribution of the customer �ow is a Poisson process.

Tadj (1995) speci�es the description of queuing in the arrival process, the ser-
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vice process, the queue discipline and the waiting room. He assumes that the

arrival process is in an in�nite size of a store una�ected by the number of cus-

tomers present in the area. Customer demands for being served are highly variable

and unknown (Nie 2000). Riel et al. (2012) describe in their study that the lines

at the checkouts in supermarkets may vary, even between lines, a�ecting cus-

tomer response. Tadj (1995) describes the distribution of the arrival time as a

central role in the queuing theory. Furthermore, he claims that the exponential

distribution should be characterised by a no-memory property. That means that

the last arrivals don't matter for the distribution. This is also a parameter which

might be highly variable and unknown. Nevertheless, Tadj (1995) and Berman

and Larson (2004) assumed a static exponential deviation, and it is assumed that

the distribution of the in�ow of customers into the checkout area is represented

by a Poisson distribution.

Studies such as Krumm et al. (2002), Furey's et al. (2011) and Fox et al.

(2003) investigated the monitoring of the complete area with sensors. In areas

with weak sensor signals, they applied their algorithm for predicting the next pos-

sible location of the customer. If the distribution of customers arriving at the

checkout area is equal to the entrance of the service area, the number of sensors

could be reduced to only cover these two points or lines. The algorithm to predict

the next location of the customer overcomes and covers a wider area.

In contrast to an evacuation process such (e.g. presented by Ma et al. 2012)

is that in this study the �ow capacity of the customers in a shop does not have

any signi�cant in�uence on the dwell time with regard to the buying behaviour

of the customer. Some factors of the dynamic evacuation process of the �ow

capacity in certain locations could be applied to locations in a supermarket where

the area seems to be a bottleneck. It shows the e�ects such bottle necks have on

the in�uence of the purchase process of customers and should also be a weighted

parameter for predicting the dwell time.

A more in�uential parameter is the conversion rate of the customers. The con-

version rate is the rate between customers who buy items and customers who

do not buy anything and are just visitors. If, for instance, a family of 4 persons

enters a supermarket the system should handle this as one customer. They do

not increase the queue length and the waiting time at the checkouts. Little litera-

ture was found on the prediction of the customer's next location that depends on

how they handle their prediction with the conversion rate. A further assumption

is that a conversion rate of the past can be calculated and applied to the cur-
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rent real state, derived from the customer counting data and the cash receipt data.

Moreover, the aspect of Tadj (1995) that some customers change their mind

about completing their purchase depending on the queue length has to be anal-

ysed. This parameter is related to the conversion rate where people who abandon

are no longer customers, but rather visitors.

Hersh (1973), Lu and Se�fozo (1984), Moder et al. (1962), Yadin and Naor

(1967) and Berman and Larson (2004) seem to be among the rare researchers

who focused their study about queuing control theory on retail stores. In this

study, it is not only switching the employed workers in a supermarket between

workers who can do back room work as well as serving customers. The main dif-

ference is that the customer purchase process is also integrated into the switching

control. The queuing control is to determine an optimal result when the queue is

already in a particular state. Such a state can be de�ned with the current queue

length and the arrival rate. For that reason, it seems to be important to get

accurate data of the current number of customers in the area to make a good and

realistic prediction as to when the customers will arrive at the checkouts. The

computation of dwell times should be no longer than the dwell time of buyers who

buy few items. For that reason, it is assumed that the computation time of the

calculation of dwell times is fast.

Furthermore, it is assumed that the demand of checkouts together with associated

cost constraints is a necessary parameter for the prediction. Space constraints,

dwell times, and �uctuating customer volumes are further parameters that have to

be analysed and weighted. It is assumed that these parameters impact the dwell

time of customers.

An appropriate cost function should cover the controllable parameter such as

the checkout capacity or the available time of workers. It seems that the choice

of the controllable parameters such as available capacity depends on the uncon-

trollable parameters such the behaviour of customers with their dwell time in the

supermarket. It is assumed, using the results of Zeithaml et al. (1993), that an

appropriate customer service waiting expectation can be applied.

Niels Bohr, the Nobel Prize Laureate in physics in 1922, has been quoted as

saying �prediction is very di�cult, especially if it's about the future�. To predict

the dwell time of customers in a supermarket, it is assumed that the area is an

in�uencing parameter. For that reason, the shop layout is modelled in a mathe-
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matical way with certain probabilities at the routes which customers might use.

Liao et al. (2003) use a Voronoi graph or grid-based approaches to represent an

area in a mathematical way. This graph can represent arbitrary distributions over

the discrete state space. Moreover, using a Bayesian �lter can converge to the

true posterior even in non-linear dynamic systems. The disadvantage according to

Fox et al. (2003) is the higher requirement of computational and space complexity

to keep the position in memory and to update it for predictions. Furthermore, the

complexity grows exponentially with the number of dimensions.

Ma et al. (2012) and Shi et al. (2012) on the other hand try to design the

area with a cellular automaton (grid-based approach). Each grid (cell) assumes

that the person is in each cell. Because, as mentioned above, the computation

of dwell times should be no longer than the dwell time of buyers of few items,

this graph should not meet the demands of the system. A further aspect that

contradicts use of a grid-based approach is, according to Fox's et al. (2003)

study, the dimension of these patches (cells). According to the researcher these,

are between 10 cm and 1 metre. Applied to a wider area, the cellular automat

grows exponentially in the dimensions of the state space in all of the presented

methods. Fox et al. (2003) notice that a researcher applying these methods has

to be careful in dealing with high-dimensional estimation problems and suppose

using a grid-based approach just for low-dimensional estimations.

This complexity of cellular automaton can be avoided by representing the area in

a non-metric way using a topological approach (Fox et al. 2003). The researcher

claims that motion models in general use topological approaches and gives discrete

or a �xed number of probabilities. Furthermore, they notice that the e�ciency

increases in areas where no sensors are available for measuring people. The next

assumption is that supermarket areas can be applied in a mathematical way by

using topological approaches. Probabilities of routes and their expected time have

to be estimated by parameters such as the length of the route, the products of

the supermarket at this route and customer behaviour. The combination of the

grid-based and the topological approach based on studies such Shi et al. (2010),

Thrun (1998), Chang et al. (2007) or Tomatis et al. (2003) might also be a pos-

sible way to represent a store in a mathematical way. Advantages of combining

both approaches are the accuracy and consistency of grid-based models as well as

the e�ciency of topological approaches.

All these dependent and independent parameters should be analysed and appro-

priately weighted to give a good and realistic forecast of the dwell time in the
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purchase process of a customer in a supermarket considering a given costs func-

tion to avoid waiting queues.

The research in Holliday (2008) describes an automatic and self-optimizing queue

management system. This research calculates a deterministic model dependent

on the current in- and out�ow also at the shop area and the checkout area. Data

is also collected from the actual queue situation. This is to inform the system how

many people are currently waiting. This is called �ground truth of information� in

the research. This is the basis of data for learning without human intervention.

This data is collected in a database which represents the current situation and

also the history. With this collected history and real time data from the areas,

the system predicts a waiting queue length and calculates how many checkouts

are required. With this information, the requirement for opening and closing of

checkouts for optimisation of resources is achieved.

The assumption of the research described above is that the in�ow of subjects

arrives in an observed time interval with a �xed time lag. One more assumption is

that the checkout time during the time interval at the checkout is constant. That

means the system is deterministic. The research assumes if the rate of in�ow and

checkout rate is balanced, the waiting queue length doesn't change. In reality this

is not possible, because with regard to the waiting queue theory the randomized

interruptions of events are continuously increasing. According to the state of the

waiting queue theory, the present challenge is an interaction between multiple pro-

cesses which are characterized with non-steady Poisson processes. This is the basis

of the waiting queue models which are formally de�ned in the waiting queue theory.

External e�ects and di�erent situations like public holidays, bridging days, seasons

(e.g. Christmas, Easter) and salary days in�uence the behaviour of customers. The

system described above has to learn the new situation. During the learning stage,

the waiting queue already appears and the system cannot respond. This could be

covered by using a huge amount of history data stored in the database.

Similar previous research is Frey and Nelson (1998). The main aim of this re-

search is a cash-surveillance system that can be used in supermarkets and similar

facilities. As described above, a supermarket provides a service environment �

the checkout area. This example simulates that an optimum of these resources

should be achieved with no overcapacity of personnel and no growing queues at

the checkouts. The researcher seems to provide an exact estimate at which time

how many till have to be open in order to prevent the length of the queue growing
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and to avoid customer dissatisfaction because of too long waiting times at the

checkouts. To achieve this, the researcher starts counting the subjects at the

point where they are entering the supermarket. At the same time the system

classi�es the type of subjects (e.g. adults, children, pets or other objects such

as shopping carts). The researcher generates a height pro�le of the incoming

subjects and gives a probability of matching certain characteristics of customers.

Furthermore, the researcher assumes that each customer purchases a randomly

determined number of products and also requires a random time before the cus-

tomers enter the checkout area � the checkouts. The outward �ow of customers

with their leaving time is also measured at the exit.

Another similar research is provided by VisapixGmbH (2006). In this research,

subjects are recognised by the generation of a height pro�le instead of a three

dimensional video recording which is processed by an evaluation unit.

All of the above presented researches measurers and monitors just the in�ow and

out�ow of a supermarket (Frey and Nelson 1998, Holliday 2008). The question

of the customer's dwell time is estimated. For this reason, statistical assumptions

were made by the researchers. The reality of dwell time can be di�erent from

those statistical assumptions. There is no feedback of the current situation and

the results in terms of a controller in the research. This leads to an inaccuracy

of the system, as well as a lack of �exibility to deviate from the statistical norm

purchasing behaviour at a given point in time.

The objective of this research is to develop a system which evaluates the op-

erational resources in a service environment depending on an inward �ow. The

system developed should control the operational resources depending on the ex-

pected number of customers at the checkout desk in a supermarket. The main

goal of the user of this procedure is an e�cient operational resource planning,

avoiding over-capacity of resources and avoiding queues. The aim of this research

is to improve the accuracy of the prediction of the demand for resources in a

service environment. In terms of a supermarket: Calculating a good and realistic

forecast of dwell times of customers.

To handle these de�cits. A further approach such consider monitoring of in�ow

and out�ow of the service area (Frey and Nelson 1998, Holliday 2008) together

with a monitoring of queue length and in�ow to the the checkouts, to better

di�erentiate between dwell time in the shop area and processing in the checkout

area.
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3 Methodology

This chapter deals with the nature of research design and methods in order to

have a basis for decision-making when developing a novel framework.

In the �rst section, the general research approach is presented. In the follow-

ing, a general model of a framework is shown. The next deals with the data

collection methods and the last section gives an overview of the counting tech-

nologies.

Section �ve presents the strategy of evaluation. The user interface of the decision

support system is described in the following section. To avoid misunderstandings,

the terms used are de�ned in section seven. The last section deals with the pa-

rameters to calibrate the decision support system.

3.1 General Approach

Optimisation of waiting time and the needed resources at the checkouts requires

a forecast of the customers' in�ow into the checkout area. For that reason the

supermarket should be divided into a shopping and a checkout area. The in�ow

into both areas is measured to get the number of customers separated. The time

variation between the in�ow into the supermarket area and the in�ow into the

checkout area represents the dwell time of customers'.

Derived from this measured data, future situations can be forecasted. With the

basis of this, prediction approaches for optimisation at the checkouts can be taken

into consideration. This suggested method is based on the measurement of the

in�ow at the entrance of the supermarket and the in�ow at the checkout area in

order to develop a prediction model for optimisation of the operational resources

at the checkout dependent of the desired waiting queue length.

On the basis of these di�erent data, a system has to be developed, which gives a

realistic forecast of dwell times in terms of meeting a minimum cost function. The

resulting parameter should be the highest acceptable waiting queue length or the

waiting queue time which represents the minimum cost function. Deviation from

this parameter provides that a good and realistic request of operational resources

can be made for the immediate future.

Figure 5 shows the simpli�ed process of the optimisation system. After the mea-
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Figure 5: Simpli�ed process of the optimisation system. After the measurement,
pre-processing takes place. The results of the pre-processing process will be anal-
ysed and provide a control of sta�ng.

surement, pre-processing takes place. The results of the pre-processing process

will be analysed and provide control of sta�ng.

3.2 De�nition of Terms

In the following, several terms used are described.

In�ow: The in�ow represents the number of customers passing a measurement

point. In this case, customers which enter the supermarket were counted.

In�ow rate: The in�ow rate represents the number of customers passing a mea-

surement point in a certain time period.

Out�ow: The out�ow represents the number of customers exiting a measure-

ment point. In this case, the customers were counted at the entrance of the

checkout area (exit of the supermarket area).

Number of changes at the checkouts: The total number of openings and clos-

ings of checkouts.

Manned time: Is the total time of the sta� at the checkouts during one day.

Idle time: Is the time of the sta� in which no customer is served and the sta� is

�waiting at the checkout for a new customer�. This time is a part of the manned

time.

Unin�uenced system: The sta� does not use the system via the user interface.

The decisions to open and close checkouts are generally based on sta� experience

or their visual impression of customer behaviour.

In�uenced system: The sta� use the system and realize the suggestions to open



Hami Aksu Page 46 07/31/2016

or close a checkout.

Long-term view: The respective data is evaluated in a period of 10 months (1st

of March to 31 of December).

3.3 Modelling a Framework

By dividing the supermarket by area into a shop and a checkout area it is possible

to give a forecast of customers' dwell time in the shop area. Hence, a forecast

of individual subsections of the total environment will not be necessary and the

checkout area and the waiting queue are excluded from the forecast of dwell times.

The actual waiting queue length and the inward �ow to the checkout area are con-

sidered and the current status of this can be evaluated.

The state variables of this system are the inward �ow into the shop, the inward

�ow into the checkout area, the current waiting queue length and the outward

�ow of the shop. Based on a comparison of these state variables in a permanent

measured environment, a trend can be determined by the evaluation unit. By

providing all of these data to the evaluation unit, a requirement for additional or

removal of operational resources for the current and immediate future status can

be decided upon.

This trend should provide parameters of di�erent near future requirements and

should always be updated by comparing the results and the actual state variable

(online system).

3.4 Counting Technologies

A variety of sensor technologies are available for the counting of people. This

chapter gives a short introduction of these technologies. On the basis of this

introduction, a decision will be derived which sensor technology will be used for

this research.

In general, two categories of counting systems are available: Mechanical and

electronic systems. The electronic counting systems are divided into categories:

Those mounted at �oor or ceiling height and �active� or �passive� sensors.
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3.4.1 Mechanical Systems

Principle of Operation and Measurement:

Mechanical systems were the �rst generation of counting systems. These kinds of

systems are usually used in combination with a ticketing system. By using an ID

card in the mechanical turnstile, the customer is allowed to pass. For instance,

such systems can be found at airports were passengers have to pass through the

turnstile with their tickets.

Operational Conditions:

A turnstile or another mechanical system at the entrance has to be available.

Advantages and Disadvantages:

Because of separation of the customers, these counting systems have a high ac-

curacy. Big entrances cannot be covered barrier-free. Customers have to pass the

entrance separately. It is not possible to pass the entrance simultaneously.

3.4.2 Photoelectric Sensor Systems

Principle of Operation and Measurement:

Photoelectric sensor systems are mounted as a pair with transmitter and receiver.

The transmitter sends a horizontal linear light beam to a photosensitive sensor

element � the receiver. When a person breaks this light beam a signal is sent

to the electronic device and interprets this as counting an object. Photoelectric

sensor systems are �passive� systems.

Operational Conditions:

In retail stores or supermarkets the transmitter and the receiver can be installed

directly at the entrance. Customers have to cross the light beam of the photo-

electric counting system. For that reason, these systems are generally mounted

approximately one meter above the �oor.

For safety purposes, light curtain systems can be used. These avoid the pos-

sibility of objects passing through the light beam without detection. Protecting

an entrance against unauthorised actions could be such a case study. To avoid

somebody passing the light beam without detection, several systems are mounted

in grid position. The light beam requires an unobstructed detection zone.

Advantages and Disadvantages:
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The main advantage of thus system is its low costs. A disadvantage is that the

light beam is limited by distance. The entrance could be installed with an ad-

ditional rack to cover this limitation. If several objects cross the light beam at

the same time, one break is detected and just one object is counted. Therefore,

blind spots can let someone pass without being detected. Accuracy decreases

depending on the width of entrances. To solve this, an independent photoelectric

sensor can be installed in parallel. The more parallel light beams available, the

better the separation of objects. It can also detect the direction of motion.

3.4.3 Radar and Laser Systems

Principle of Operation and Measurement:

Radar and Laser systems are �active� systems. The sensor sends an active signal

and this signal is interpreted by re�ecting the environment. In the case of radar

systems, the signals are electromagnetic waves (radar beam). Laser systems use

a focused light beam (laser beam). The respective environment of the object

generates a speci�c re�ective characteristic which can be interpreted as an entry

of a person.

The �eld of view is diversi�ed by using a rotating mirror inside the laser sys-

tem. If two or more parallel laser beams are used, grid �ooring is applied to the

area, in which case the direction of motion can be determined.

Radar systems determine the direction of motion by using the Doppler E�ect.

It is the change in frequency of a radar wave for an observer moving relative to

its source.

Operational Conditions:

Both sensor types can be installed at ceiling height.

Advantages and Disadvantages:

The accuracy of these systems depends on the surface texture of the environment

or objects.

3.4.4 Infrared Systems

Principle of Operation and Measurement:

Infrared systems di�er between �active� and �passive�. Active infrared systems are

similar to radar systems. They send an infrared beam and analyse the re�ected
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beam. An evaluation unit interprets this as an object. These active sensors are

called �position sensitive devices� (PSD � sensors).

The passive infrared systems detect heat sources by measuring the temperature

of the environment. Since the body temperatures of humans have a di�erent

temperature compared with the surrounding environment, the sensor can detect

them. The system evaluates the temperature di�erence between humans and the

background.

Operational Conditions:

These systems are typically mounted at the ceiling height of an entrance. They

are usually used for door openers or revolving doors. These systems are mounted

in interior environments where light and head conditions can be controlled.

Advantages and Disadvantages:

An advantage is that the passive system will not count objects or anything else

that is not human body temperature. But the passive system is a�ected by sud-

den temperature and light changes. The passive system will be �blind� in warm

environments. Furthermore, the passive system is a�ected by immobile persons

because the person becomes part of the background. That means the passive

system is a�ected by changes in the background, especially in quick temperature

changes and strong sunlight. The intensity of the infrared radiation emitted in-

creases with the body temperature, but it is also a�ected by the material and

surface texture of the object.

Active systems are una�ected by sudden temperature and light changes. Fur-

thermore, they are una�ected by immobile passengers. These active systems are

more accurate than passive systems. To cover wide entrances, an array installation

can be set up.

3.4.5 Video-Based Two Dimensional Systems

Principle of Operation and Measurement:

Video-based systems are composed of a video camera and a downstream process-

ing unit. This processing unit provides the images continuously.

The counting software (Fig. 6) evaluates the counting events by a virtual counter

line, which is placed in the �eld of view. The counting results are stored at the

processing unit and can be fetched for further processing by the network.
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Figure 6: Background counting software (Vitracom AG). The counting software
continuously receives images from the two dimensional camera and evaluates each
image. Every object which is di�erent form the background will be detected as an
object. If the red line (trajectories) crosses all green counting lines, the counter
will increase. Weakness of the system: If an object does not move anymore, the
object becomes part of the background and will not be detected any more.

Operational Conditions:

Video-based two dimensional counting systems are mounted at the ceiling height

of the entrance.

Advantages and Disadvantages:

One advantage of the use of video system technology is that the view of the

cameras is available via the network. The counting system can be maintained

and validated remotely. Reconstructions or changes at the entrance area can be

identi�ed without being in the store.

Another advance of video-based counting systems is that the accuracy of such

systems is very high, even in crowded situations. This can be done for instance

by detecting the head of a person (Fig. 7). Characteristics like shape, colour,

velocity and size or kinesics behaviour can separate objects or pets from people.

Because video sensors are area sensors, other measurements can be evaluated,

such as dwell time of people in certain areas or detection of the walking path in

a store of customers.

Video-based sensor systems are a�ected by vibrations and changing light con-

ditions, height of installation and temperature. The image quality and the image

processing software in�uences the accuracy. Compared with other technologies,

the video-based systems are more expensive.



Hami Aksu Page 51 07/31/2016

Figure 7: Head counting software (Vitracom AG). The left picture shows the heads
of persons detected. A virtual (green) counting line is de�ned by the user. The
red line simulates the tracking of a person - called trajectories. If a person crosses
all 3 counting lines, the counter increases. The centre picture shows the gradient
picture. Depending on extracted gradients, the circular geometric shape can be
detected and evaluated. The left picture shows the hidden mode to maintain
privacy.

3.4.6 Video-Based Three Dimensional Systems

Principle of Operation and Measurement:

3 D systems provide not just punctate or area information, but three dimensional

distance or height information about the object. 3D sensor systems simulate hu-

mans' binocular vision. Two camera lenses which are calibrated with each other

have a di�erent perspective of the scene. The distance between the lenses � the

so-called base line - depends on the required application. If the distance to the

objects is increasing, the base line distance also increases. If the distance of both

lenses is too large, the recognized objects cannot be assigned to one object be-

cause the �eld of view and the perspective are too di�erent. By triangulating the

virtual visual beam, the distance between each pixel can be reconstructed. Figure

8 shows the stereoscopic camera of Hella Aglia.

Another possibility of 3D measurement is Photo-Mixing-Devices (PMD). This

camera system measures the time of �ight of a light signal between the camera

and the subject for each point of the image. These �time-of-�ight�-cameras use a

coordinate infrared beam. The re�ection of this infrared beam is measured by an

optical sensor chip. Using the time of �ight, the distance of the environment point

of the image is continuously determined. The result is two dimensional distance

images, in which grey values represent the distance of the environment points.

Operational Conditions:

Video-based three dimensional counting systems were mounted at the ceiling

height of the entrance.
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Figure 8: Video-based three dimensional System: A stereoscopic camera. Base
distance 180 mm, monitoring area 8meter x 8 meter, 110° angle of view. (Hella
Aglia)

Advantages and Disadvantages:

Video-based three dimensional sensor systems are less a�ected by vibrations and

changing light conditions, height of installation, temperature and are more robust.

Accuracy is therefore increased. Di�erences in the height of measured objects can

be evaluated. Compared with other technologies the video-based systems are more

expensive.

3.5 Strategy of Evaluation

To conduct an evaluation, the system has to be installed in a supermarket and

operates initially in an �observing mode�. Checkout management is by the sta�

without any help from the system. On the basis of the measured data, it could

be possible to compare the results made by the sta� with the simulated results of

the system.

By calibrating the system, the results can be compared to adjust the variables

to meet the given cost function as close as possible. With the help of the predic-

tion model, the number of openings and closings of checkouts during one working

day can be calculated and the resulting waiting queue distribution derived.

The following key performance factors could therefore be calculated and com-

pared:

Customer satisfaction: As found in the literature research, customer satisfaction

can be expressed in the length of the waiting queue. If the waiting queue length
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is short, customer satisfaction will increase. And if the waiting queue is too long,

customer satisfaction will decrease.

Costs: The manned time of the checkout-sta� and the idle time of the sta� can

be calculated and derived from the amounts of openings and closings of checkouts.

Resources: The number of checkouts required can be calculated to meet the

speci�ed cost function as close as possible.

Using the measured data without the system in action, the waiting queue length

and therefore customer satisfaction, the costs and the required resources can be

determined and compared with the results of the system in use.

3.6 Implementation and Decision Support System: The

User Interface

The system provides information about the actual status and their operational

requirements in future. The sta� should get this information in a graphical way

and support with information of optimsed sta�ng of checkouts. The browser-

based user interface should provide the following information:

� Numerical value of checkouts actually opened

� Numerical value of requested checkouts in 10, 20 and 30 minutes

� Numerical value of actual customer rate

� The trend of customers in a histogram

� Coloured status of checkouts (green open / red closed)

� The actual queue length at the checkouts (one line represents one customer)

� Time since the checkout opened (in minutes)

� Coloured representation of requested checkouts in 10, 20 and 30 minutes.

This is analogue to the numerical information.

Figure 9 shows this software. The situation is as follows: Seven opened check-

outs, 3 checkouts were requested in 10 minutes, two were requested in 20 minutes
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and one in 30 minutes. The actual rate of customers is 42 and checkouts �ve

and twelve have 2 customers waiting at the checkouts and six and eight have one

customer waiting. Checkouts three, seven and eleven have no customers wait-

ing. The longest opened checkout is checkout twelve, which has been open 427

minutes. Because the actual time is 14:11 checkout twelve has been open contin-

uously since the supermarket opened at 7 o'clock.

If the system requires an additional checkout, a closed checkout blinks; if the

system wants to close a checkout, an opened checkout blinks.

At the end of the day, the behaviour of the sta� and the systems requirements

can be evaluated. Figure 9 furthermore presents the actual number of opened

checkouts compared with the proposed number checkouts during one day. Blue

represents the actual state of open checkouts and red the proposed number of

checkouts. If the red line shows up, there is a system request to open a new

checkout to meet the advised waiting queue length. If the red line makes a step

down, the system requests to close a checkout. Analog to this the blue line rep-

resents the real openings and closings of the supermarket. The red dots show the

time at which the system requested to close a checkout and the green dots show

the time at which time an additional checkout was requested.

In this example, the sta� seems to make the wrong decision. They opened too

many checkouts and didn't close checkouts as requested. The requirement of an

additional checkout (green dot) seems to be adapted (11:15).

3.7 Calibration Parameter

The system can be calibrated with the help of the data recorded from the same

period as described in the previous section. To calibrate the system and �t the

requirements, several parameters have to be de�ned. Most of the parameters are

speci�cations and are de�ned by the user. These settings a�ect the results. The

parameters are presented and de�ned below.

As described in the chapter �Prediction Model�, a minimum value and maximum

value for the possible dwell times should be de�ned. This value cannot be zero.

Next, the dwell time distribution has to be de�ned with this minimum and maxi-

mum boundary. Eight coe�cients describe the distribution function of dwell times.

Figure 10 shows this function in a graph. This dwell time distribution represents



Hami Aksu Page 55 07/31/2016

Figure 9: The graphical user interface for the sta�. The browser-based system
provides the actual opened checkouts, the requested checkouts in 10, 20 and 30
minutes in a graphical and numerical way. The �gure below reports the opened
checkouts (blue line) and the requested checkouts (red line).

the average customer behaviour in the supermarket.

As a result of these values, an average dwell time can be calculated and de�ned

as a further parameter. The target value of waiting queue length is to control the

adaption of the handling rate value. The handling rate is adapted by comparing

the real waiting queue situation with this target value. The boundaries of the han-

dling rate are de�ned between the minimum handling rate and maximum handling

rate. If the real waiting queues constantly exceed this value, the handling rate

will be increased automatically. If the value is permanently below this value, the

handling rate will be decreased. The handling rate is without purchasing because

the purchasing process is too volatile. The handling rate is set in seconds and the

waiting queue length represents the waiting customers.

It is necessary to set the conversion rate because not everyone entering will be a

customer at the checkouts. The conversion rate is the ratio of �customer� divided

by �customer�. For instance, a family of 3 entering the store has to be evaluated

as one �customer� at the checkout. The conversion rate is set in per cent. The

conversion rate is an average value of all weekdays because the variation of the

value in a certain corridor is insigni�cantly small. The conversion rate can be
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Figure 10: Description of dwell time distribution function. Eight coe�cients
describe the distribution of dwell times of customers

calculated if the number of customers who have entered the store and the number

receipts are known.

To avoid closing and opening too frequently, the system should be able to decide

in how many cases the de�ned waiting queue length can be exceeded. This can be

reasonable if the waiting queue length is exceeded for a short time. Therefore, an

additional parameter is implemented to de�ne the ��exibility� of the system. The

system can decide on the number of cases, depending on other values such as the

expected number of customers at the checkout or the in�ow into the supermarket,

to undershoot or overshoot the desired waiting queue length. The value can be

set as a probability value expressed as a percentage.

The system can misinterpret the missing customers after working hours in a su-

permarket. To avoid this, the opening hours should be de�ned. The values are

set in the format of hh:mm. To avoid unnecessary stress for the sta�, a variable is

implemented which de�nes the minimum time elapsed after an additional check-

out is required. Analogously as for the opening of a checkout, a minimum time

between the closings of checkouts is implemented. These values are expressed in

seconds.

The system should give a good and realistic forecast of dwell time in order to

determine the appropriate amount of resources required at the checkouts. This

information should be passed to a responsible employee who has the �nal decision

regarding the closing or opening of a checkout. In general, this information can

be sent using a pager or a smartphone. Another way of informing sta� about

the number of checkouts required can be a monitor or a bell which rings if an
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additional checkout is required. To avoid the permanent �ringing� or �informing�

a value is inserted which represents the idle time between two actions. This value

is de�ned in seconds (information procedure is not part of the research).

A checkout is to be closed if the queue length is below the de�ned �close value�.

This represents the queue length in persons. A further value expresses the number

of persons exceeding the desired waiting queue length until an additional checkout

is required and the time by which the desired waiting queue length should be ex-

ceeded before an additional checkout is requested. The value for closing checkouts

is implemented in the same way as the value for opening checkouts. If this value

is below the desired waiting queue length (but above the minimum queue length)

the noti�cation to close a checkout is sent to keep the waiting queue length below

the desired waiting queue length.

All of these parameters should be set to calibrate the system in order to deter-

mine the sta� required at the checkouts. Settings like the desired waiting queue

length, the �exibility of the system, the opening hours of the supermarket etc.

are set by the user and represent the boundary conditions vector Z, as described

in the chapter �Prediction Model�. The dwell time distribution is assumed and

derived with the help of the recorded sequences and their analysis. Furthermore,

the supermarket sta� are consulted about their experiences to determine accurate

values as far as possible.

Figure 11 shows a screenshot of the graphical interface of the system in which the

values of each parameter can be set and submitted.
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Figure 11: Graphical parameter interface of the system in which the values of
each parameter can be set and submitted.
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4 Framework

This chapter is based on the �ndings of the literature review. The methodology

adapts the collected insights and incorporates them into a novel framework.

The �rst section de�nes the research approach method which will then be ap-

plied to a shop layout in the following section. The last section presents the

prediction model to give a good and realistic forecast of dwell times in a super-

market.

4.1 Research Approach

The research is based on a case study. For a supermarket the developed Frame-

work was adapted, calibrated and tested.

According to EHIRetail (2014) the average sales area of supermarkets in the last 9

years in Germany is approximately 1200 square metres and has around 10 check-

outs. The supermarkets are accessible by car and have a frontal parking area.

Furthermore, the supermarkets can be reached by public transport. The super-

market to be selected should provide a wide range of food as well as non-food

products.

The way of developing the system is adapted to the action research process.

Regarding to Kemmis' et. al. (2013) cycle model (12), the �rst step is to plan

the action. The next step is to act, then to observe and lastly to re�ect on the

action. This process may have some cycles. Figure 13 shows an overview of the

research process. The system calibration will also be based on this process and

Figure 13 presents the cycle of the system calibration process.

4.2 Transfer Case Study into a Shop Layout

To achieve a good and realistic forecast of dwell times, the supermarket area has

to be divided into the shop area and the checkout area. By the entering of the

customers into the checkout area, it can be assumed that the operational resources

requested are to be used. If the customers are not in the checkout area and just

in the �ow �eld, no sta� are requested at the checkouts. Besides the inward

counting of customers in the supermarket, this research also counts the inward

�ow of customers to the checkout area. Furthermore, the length of the waiting
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Figure 12: Overview of the action research process (Kemmis et al 2013).

Figure 13: Cycle of the system calibration process.
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Figure 14: Layout of a supermarket which represents a service environment.

queue in front of each checkout is monitored. Figure 14 shows an overview of

such shop layout, to which the supermarket layout in the previous chapter has to

be adapted. On entering the environment (1) the inward �ow is measured. This

measuring system detects customers and provides the inward �ow to the server

unit (4). This supermarket is divided into a self-service (shopping) area (3) and

the handling area � in this case the checkout area (2). The dwell time is the

time between entering the supermarket and entering the checkout area (3). With

an appropriate counting technology, the inward �ow into the checkout area (2)

is measured and the waiting queue length of each checkout is determined (2).

One counting device provides the inward �ow into the checkout area, counts the

outward �ow of the supermarket and observes the waiting queue length (2). The

system provides information about the forecast and their operational requirements

in future (4).

4.3 Prediction Model

A prediction model has to be developed. Process data are in�ow of customers at

the entrance, number of customers entering the checkout area, current waiting

queue length and number of available checkouts. With these parameters, sta�ng

has to be su�cient in order to keep the waiting queue time short. Figure 15

presents a model overview. Depending on the delivered dynamic process data, a

prediction model has to be developed. Process data are the in�ows of customers

at the entrance, number of customers entering the checkout area, current waiting

queue length and number of available checkouts. With these parameters sta�ng

has to be su�cient in order to keep the waiting queue time short.
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Figure 15: Depending on the delivered dynamic process data, a forecasting model
has to be developed. Process data are the in�ows of customers at the entrance,
number of customers entering the checkout area, current waiting queue length
and number of available checkouts. With these parameters sta�ng has to be
su�cient in order to keep the waiting queue time short.

As already mentioned, the basis of the decision to provide additional or less opera-

tional resources is a cost-bene�t calculation. On one hand, the personnel costs at

the checkout area should be as low as possible, and on the other hand, the waiting

queues length or respectively the waiting time should not be too long to annoy

the customers. For that reason, the optimum value of the number of available

resources has to be determined using the following cost function K:

N̂B : K
(
N̂B

)
= min (K(NB, jA, jO, L,

−→z )) (1)

where N̂B is the amount of requested resources, NB the available resources, jAthe

inward �ow into the checkout area, jOthe outward �ow of the shop, L the length

of the waiting queue and the vector −→z as a combination of boundary conditions.

Boundary conditions can be, for instance, a minimum time period for operational

resources. This boundary condition is important because an evaluation unit based

on the inward �ow, the outward �ow and the waiting queue length is necessary

to cover short-term �uctuations. Otherwise this could result in a very high num-

ber of opening and closing of checkouts, which would be neither economical nor

reasonable for the sta� which has to deal with the customer. To avoid this �uc-

tuation, the controller has to evaluate if it is necessary to change the status in a

new state which is persistent for relevant time periods, or transient just for short

time periods. If such a trend is not persistent, there is no change in the actual

number of open checkouts. Figure 16 gives an overview of thus evaluation unit.

The formation of waiting queues and the related waiting times are results of in-

ward �ow into the shop and the outward �ow out of the shop, where the outward

�ow dependents of the speci�c outward �ow of each checkout and the number

of operational resources. If the speci�c outward �ow at the checkouts and the

inward �ow into the checkout area are known, the minimum number of resources
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Figure 16: Overview of the evaluation unit / controller. The controller measures
process data and calculates the optimized number of checkouts depending on
several conditions, i.e. queue length or number of available personnel.

can be determined in order to avoid exceeding the waiting queue length or the

waiting time. In order to forecast the resources required, a forecast of the inward

�ows and their speci�c outward �ows is also required.

The basis for predicting the inward �ow into the checkout area is generated by

the inward �ow into the shop area because the inward �ow into the shop appears

with a delay at the checkout area. A forecast of the inward �ow into the checkout

area could be made when measuring the inward �ow into the shop. This delay or

forecast is called customer �dwell time�. This forecast of the inward �ow into the

checkout area depends greatly on the dwell time of customers in the supermarket

area. For such a forecast, a probability density function p(τV ) is necessary, where

τV is the dwell time of customers in the supermarket area. Various approaches are

possible to determine such a probability density function. If the inward �ows into

the supermarket area and the checkout area are continuous the inward �ow into

the checkout area is a convolution of the inward �ow into the shop and the prob-

ability density function which has to be determined. Hence the following equation

holds:

jA =

+∞�

−∞

jv (t+ τV ) p(τV )dτV (2)
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respectively

jA = jV
⊗

p(τV ) (3)

p(τV ) can be solved by the deconvolution. According to the Wiener-Khinchin

theorem (Dechant and Lutz 2015), the Fourier transformation of the convolution

is equal to the product of the Fourier transformation of the convolution terms:

F {jA} = F
{
jV
⊗

p
}

= F {jV } · F {p} (4)

This equation can be resolved by F (p). P is the result of the inverse Fourier

transformation of F (p):

F {p} =
F {jV }
F {jE}

; p = F−1 {F {p}} (5)

Precondition is that F (jE) has no zeros and jA and jV are noise free. Otherwise a

Wiener �lter (Wiener 1964) is to be applied, which provides the probability density

function in order to meet the minimum result of the mean square deviation between

observed jA and the convolution result. If vj the noise of the inward and outward

�ows is, the Wiener formula is:

F {p} =
F ∗ {jA} · F {jV }

|F {jA} |2F {jV }+ F {vj}
(6)

However, if the inward �ows into the supermarket area and into the checkout area

are discrete, the calculation has to be di�erent. If these two �ows are determined

at discrete times and the probability density function is also only determined in

discrete times and �nite intervals, the result can be reached by solving a linear

system of equations. Both the sampling of the inward �ows and the discretisation

of the probability function is carried out in steady intervals ∆. Thereby, the

outward �ow out of the shop of a past period is a discrete convolution of the

inward �ow with the probability density function. The outcome of the following

equation:

τi = i ·D (7)

are following equations:

jA(t0) =
N∑
i=0

jV (t0 − τi)p(τi)

jA(t0 −D) =
N∑
i=0

jV (t0 −D− τi)p(τi)
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...

jA(t0 −ND) =
N∑
i=0

jV (t0 −ND− τi)p(τi) (8)

This can be written as a linear system of equations as follows:
jA(t0)

jA(t0 −D)
...

jA(t0 −ND)

 =


jV (t0 − τ0) jV (t0 − τ1) · · · jV (t0 − τN)

jV (t0 −Dτ0)
...

. . .

jV (t0 −NDτ0) jV (t0 −NDτN)



p(τ0)

p(τ1)
...

p(τN)

 (9)

Going further back in time, an over-determined system of linear equations will be

created which can be solved by the singular value decomposition.

One more way to determine the probability density function is to determine a

corresponding function by measurement. One possibility is to use coded tags

which are read at the inward �ow into the supermarket area and the checkout

area. Tags could be, for instance, the MAC addresses of Bluetooth activated

cell phones. Tags on the supermarket card could also be a solution. By using

this research in a di�erent environment, for instance in a server environment, the

measurement of the probability density function is reasonable, because all oper-

ations on a server system are associated with an individual address of the user

system. This will be discussed marginally in this research, because the main focus

is on the environment in supermarkets. If the probability density function can be

measured, one possibility is to use recorded time histories of the inward �ow into

the supermarket area and the inward �ow into the checkout area. As mentioned

above, the trend of the inward �ow into the checkout area is a convolution of

the inward �ow into the shop with the sought probability density function. This

can be determined by a deconvolution operation and the recorded histories of the

inward �ow into the supermarket area and the inward �ow into the checkout area.

Alternatively, a parameterised function, for instance a log-normal distribution can

be adopted as a model of the probability density function. The parameters have

to be determined in such a way that the di�erences of the inward �ow into the

checkout area with the convolution of the trend of the inward area will be minimal
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with this model function.

In both cases, the result is a model of probability density function of the ob-

served checkout situation which is used for the forecast.

Both inward �ows are characterized by rates. In the following, these rates are

denoted by j which describes the respective inward �ow. The rate into the check-

out area is described as jA. Since the rate is the amount of inward �ow in a

certain period, the term inward �ow is used synonymously for the inward rate. In

the same way, the same term will be used for the outward �ow and outward rate.

These statements about the inward �ow into the supermarket area, the inward

�ow into the checkout area and the dwell time distribution are also used for the

associated rates.

The inward �ow is a stochastically varying size which can be estimated by a Pois-

son distribution. This Poisson distribution is characterized by the inward ratejV

on the basis of the formula:

P (n) =
e−jV ·∆t(jV ·∆t)n

n!
(10)

A probability of inward �ow events within a time interval Dt can be determined.

The Poisson distribution is created on the basis of past experience, which is col-

lected in advance. The rates are not constant and follow a chronological se-

quence. That means the processes are non-stationary Poisson processes and the

inward/outward �ow is variable over time.

The dwell time of customers inside the supermarket area is a stochastic vari-

able which is characterized by the probability density function discussed above.

As a consequence, the inward �ow in the checkout area is also a stochastic process,

which can be described by a Poisson distribution with the rate jA:

p(n) =
e−jA·Dt(jA ·Dt)n

n!
(11)

The time periods in the checkout area are also a result of a stochastic process,

which is described by the cumulative outward rate of all checkouts jO.

By applying the queueing theory, the expected value of the queue length and

the waiting time as well as their variances of jA and jO can be calculated. It is

therefore possible to determine the minimum number of required resources at the
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checkouts from the given and desired probabilities of a given length of waiting

queue or waiting time.

One secondary aim of this research is to give a good and realistic forecast of

operational resources in continuously varying inward �ows and when the rate fol-

lows a chronological sequence. The inward �ow into the checkout area could be

estimated by the probability density function and the inward �ow into the su-

permarket area. In general, the speci�c outward �ow of each checkout is also a

stochastic varying value with a time-varying rate. If, moreover, the outward �ow is

predicted with the waiting queue theory procedure described above, the minimum

number of required operational resources can be predicted.

However, the forecast of inward �ow into the checkout area, which is derived

from the inward �ow into the supermarket area and the dwell time probability

density function, has a limitation. The dwell time in the supermarket area, in

which a customer can be present, has to be limited by a minimum value. It can-

not be zero. That means the forecast of the inward �ow into the checkout area

can be done by using the inward �ow into the supermarket area, the probability

density function of dwell time which is limited by the given minimum value of

the dwell time. Another limitation is the maximum dwell time. The prediction

of the expected number of requested checkouts depends on these limitations. If

the prediction is for the near future, the minimum value of dwell time has to be

used. If the prediction is exceeded further ahead in time, the maximum value of

dwell time has to be considered. In order to consider these out of range events, a

forecast model based on the inward �ow in the past and the historical data of the

probability density function has to be used.

The modelling of the chronological sequence of the inward �ows is useful if similar

conditions represent similar trends. For instance, this can be used for systems with

�xed opening and closing times, or systems with human interactions. Character-

istics of customer buying behaviours can depend on the day of the week, the time

of day or seasonal in�uences. The model can be extracted by using a transition

curve in a representative characterized time period of the current observed �ows

and recorded data of the �ows. This can be a discrete sequence of �ow values

which can be represented by a trend and time dependency.

To consider the non-standard events, which are not recorded in the model, not

only the raw model is used in operation. Rather, the measured inward �ows up

to the current time are considered to adapt the model. With this adaptation, a
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correction factor for the model is determined in order to come as close as possible

to the real measured trend. These correction factors can be used and modi�ed

for further predictions.

The expected arrival of customers at the checkout area can be estimated based on

the current inward �ow and the forecast model. This can be done by a convolu-

tion of the probability density function with the determined and estimated inward

�ows. Analogous to the convolution of the inward �ow into the checkout area and

a probability density function, the outward �ow out of the shop can be estimated.

From this, the requested operational resources can be derived, depending on the

available resources. The probability density function p(τA) is in this case designed

as a Dirac function because it is more useful to use an average τA of handling

time at the checkouts in a certain interval measured against the recent history.

This corresponds to a Dirac probability density function as follows:

p(τA)τA = δ(τA − τA) (12)

In this case, the speci�c outward �ow of each checkout is the quotient of the

number of available checkouts NB and the average handling time:

jO(t) =
NB(t)

τA(t)
(13)

To optimise the available operational resources, the current time t0 to a time λ,

the predicted waiting queue length L has to be considered. During continuous

�ows this would calculated by:

L(t0 + λ) = L(t0) +

t0+λ�

t0

(jA(t)− jO(t))dt (14)

Where L(t0) represents the current measured waiting queue length. In the case of

discrete inward �ow processes, a Poisson process with the inward �ow rates and

the outward �ow rates can be used:

P (nA) =
e−jA·∆t(jA ·∆t)nA

nA!
(15)

respectively

P (nO) =
e−jO·Dt(jO ·Dt)nO

nO!
(16)

By using these equations, all parameters are provided for the cost function de-

scribed above, and personnel resources can be optimised. The result of this is the
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expected value of the waiting queue length:

< L >=
jA

N · jO − jA
(17)

Where N is the number of the used operational resources and jO the speci�c

outward �ow at the checkouts which is assumed for all checkouts. Accordingly,

the expected waiting time value is:

< T >=
L

jA
=

1

N · jO − jA
(18)

With the expected value of the standard deviation of the waiting time:

< DT >=

√
N · jO/jA

N · jO − jA
(19)

The waiting queue time can be described as a probability which should not be ex-

ceeded. With the expected value and the standard deviation of the waiting time,

the required operational resources Nmin can be determined by using di�erent val-

ues of the parameter n. The smallest value of n which still meets the speci�cation

is selected.

An overview of the forecasting system can be seen in �gure 17 and the prediction

model in �gure 18. The prediction is based on measurements in the immediate

past and on a model of the evolution of time during a day. The measurements

are used to determine the absolute level. The model is adjusted with the absolute

level. The adjusted model is used for prediction. The Model formation: Models

are formed for each weekday by statistical analysis: A model gives rates at (one

minute) sampling periods. Each sampling period aggregates the arrivals over in-

tervals, for instance +/- 15 minutes, giving arrival number. There exist as many

aggregated rates as there are recorded weekdays, of which the median is calcu-

lated as the robust estimate. To account for changing delay characteristics, the

number of weekdays used to calculate the median is restricted to the latest weeks.

The model and measurement fusion (adjustment): The latest measurement data

are �rst to estimate a smooth local model of the immediate past (i.e. Reinsch

spline or null model). The local model is compared to the model of the current

weekday in the time interval considered. By comparing a possible local time shift,

an amplitude factor is determined (i.e. with optical �ow or dynamic time warp-

ing). Finally, the model is adjusted accordingly for the prediction period. Figure

19 shows the work�ow and the dependence of the measurement, the calculation

for the process model and the controlling.
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Figure 17: Overview of the process model.



Hami Aksu Page 71 07/31/2016

a) b)

c)

Figure 18: Prediction model a) The prediction is based on measurements in the
immediate past and on a model of the evolution of time during a day. b) Model
formation: Models are formed for each weekday by statistical analysis: A model
gives rates at (one minute) sampling periods. c) The model and measurement
fusion (adjustment): The latest measurement data are �rst to estimate a smooth
local model of the immediate past (i.e. Reinsch spline or null model).

Figure 19: Work�ow of each measurement and its calculation in order to get the
minimum of the speci�ed conditions (e.g. available resources, maximum waiting
queue length).
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5 Case Study

In this chapter, the case study is presented and the layout of the supermarket is

discussed. The following section presents the measuring method to collect the

data and verify the results.

5.1 The Shop Layout

The participating food retail chain is one of the top 10 supermarkets in Germany

(EHIRetail 2014) with this size. The sales area is approximately 8000 square

metres, which includes a mall with a bakery, dry cleaner, post o�ce, bank, a

pharmacy and a newspaper kiosk. The supermarket is located in central Germany

in a region close to where several shopping possibilities such as an electrical re-

tailer, furniture store and several supermarkets are available. The food retail chain

is starting a new concept and would like to o�er its customers a storage area with

a greater selection of products in industrial regions.

The building has two main entrances. To reach the entrances of the supermarket

area, customers have to pass the mall area �rst and then use one of the two

entrances into the supermarket which are available.

The supermarket has 12 checkouts and 4 self-scanning checkouts. To leave the

supermarket, all customers have to pass through one of these checkouts.

Parameter of the selected supermarket:

� Sales area: 8000 square meter

� Number of checkouts: 12

� Number of self-scanning checkouts: 4

� Number of entrances: 2

� Width of each main entrance: 8 metres

� Width of each entrance into the supermarket: 3.10 metres

� Width of the checkout line: approximately 28 metres



Hami Aksu Page 73 07/31/2016

Figure 20: Overview of the selected case study. The supermarket has two main
entrances to the mall area, two entrances into the supermarket, a supermarket
area and a checkout area. Customers have to pass the checkout to leave the
supermarket (Source is con�dential and cannot published due to non-disclosure
agreement with the supermarket).

Figure 20 shows an overview of the main entrances and exits, entrance to the

supermarket, checkouts, checkout area and the shop area.

5.2 Measuring Method: The Counting Technology

The observation method is chosen for collecting the hidden data. This method

registers the number of people in a certain time and records this information in

an aggregated form.

All of the counting systems discussed in section 3.4 have advantages and dis-

advantages. The environment of the supermarket which has to be equipped is as

follows:

� Barrier free entrance

� A virtual wide entrance into the checkout area

� Observing the waiting queue at the checkout area

� High ceiling

� Low budget

� High accuracy
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� Separating children, adults and other objects like shopping trolleys etc.

The advantage of the photoelectric sensor is low cost and simplicity of installation.

Otherwise the distance between the transmitter and receiver is limited. Despite

this limitation, the accuracy in wide entrances is low due to more than one person

crossing the beam at the same time.

Infrared counting systems have di�erent limitations. The counters cannot be

mounted on a high ceiling. Furthermore, the door entrance has to be narrow, so

that the temperature around the sensor can be evaluated. Another di�culty of

these sensors is that the accuracy depends on the temperature of the people and

the environment.

The accuracy of Radar and Laser systems is high and they are robust against

varying light conditions. Furthermore, this system can be mounted in high ceil-

ings and cover a wide entrance. The accuracy of the sensor depends on the surface

characteristics. Compared with the other counting, technologies the costs are high.

The two dimensional video sensor technologies are sensitive to varying light con-

ditions. For instance, by using a background detection algorithm, a shadow of a

person can be interpreted as more than one person. If the sensor is mounted at

an angle to the scene people, who walk one in front of another can be hidden. Or

taller people can mask smaller people.

Three dimensional video sensors cover sensitivity to varying light conditions, sur-

face characteristics or physical limitations. Another advantage is that one sensor

can be used for counting and evaluating the queue length at the same time. Ta-

ble 2 shows the overview of requirements versus technology. For that reason, the

three dimensional video technology is selected for this research. It meets all of the

requirements of the supermarket described at the beginning.

5.3 The Experimental Set-Up

The selected three dimensional video technology in section 5.2 has to be installed

at the point of entering / leaving the main shop (includes the mall) and the point

of entering into the supermarket area.

Furthermore, the counting sensors should be placed at the checkout area in order
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to count the customers entering this area, to observe the waiting queue and to

count the leaving customers of the checkout area. To keep within the budget, one

sensor is installed above the end of two checkouts which can cover the waiting

line of both, entering the checkout area and leaving the supermarket. For that

reason, each sensor is installed at an angle to cover the observed area.

Figure 21a) shows a mounted three dimensional video based counting sensor at

the entrance. Figure 21b),c) shows the same sensor type mounted at an angle at

the checkout to cover the entrance and exit of the checkout area and monitor the

waiting queue length.

In �gure 22 the �eld of view of a counting sensor is shown. The yellow box shows

the monitored area of the waiting queue length, the red line is the exit counting

line and the green line is the counting line to enter the area. After adjusting the

sensor, only the disparity map can be seen by users which are connected to the

sensor. This is called privacy mode and retains the data privacy of customers.

Personal information cannot be extracted anymore.
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a) b)

c)

Figure 21: Installation of the counting system in the selected supermarket. a)One
3D sensor covers one entrance. b)+c)The 3D sensor is installed at an angle in
order to measure the waiting queue length, count the customers entering the
checkout area and count the customers leaving.
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a) b)

c)

Figure 22: The �eld of view of a counting sensor. a) At the entrance b) and c)
at the checkouts
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6 Results

This chapter analyses the results of the measurements in the selected supermarket.

The �rst section deals with the selection of the appropriate data. The following

section presents the results of the measurements. The third section deals with

the data to calibrate the system and the last section handles the simulation of the

calibrated system.

6.1 Overview of Measured Data and Period

In this research, the data collection method is based on an empiric method. This

descriptive statistical data has to be prepared for presentation, analysis and inter-

pretation. Before beginning with the presentation, the measured data has to be

selected for the presentation: which measured data and which time period has to

be considered?

The parameter of the cost function 1 requires the in�ow of customers entering the

store and the out�ow of the customers out f the store. To avoid variabilities in the

dwell time, the measured data at the entrance of the supermarket is considered

and not at the main entrance.

The second parameter of the cost function is the actual waiting queue length.

To handle the huge amount of data, the average of the queue length of all check-

outs during one day will be considered. This has a further bene�t: The service

time of each checkout and thus the speed of the employees at the checkouts

cannot be derived from the waiting queues. Privacy data is guaranteed and no

information about sta� is gained.

Another parameter in this cost function is the vector variable z, which repre-

sents the boundary conditions. One of these measured conditions is the number

of checkouts opening and closing.

A further variable of this vector is the personnel requirement which is expressed in

hours. This time includes the �idle� time of the personnel at the checkout waiting

for new customers.

To avoid the irregular behaviour of customers and therefore a variation of the

number of customers, the minimum measured time period is one week (Monday

to Saturday) without any holiday during this period.
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To make the data comparable, the same weekdays have to be considered and

analysed. To avoid seasonal variations of the purchase behaviour of customers,

the weekdays compared should not exceed a period of eight weeks.

6.2 Calibration of System

In section 3.7 it is described that the system needs to be calibrated. The aim of

the calibration is to adjust the parameters until the cost function is reached. In

the following, the values of the parameters which are determined with the action

research process described in �gure 13 are presented.

The minimum and maximum boundary values of possible dwell times are de-

termined by observation and the experience data of the sta�. The minimum dwell

time is set to six minutes and the maximum dwell time is set to 55 minutes.

These boundary values have to be adapted to a distribution function. The values

(in minutes) are 15, 6, 30, 15, 8, 55, 6, 0. Figure 10 shows this function in a graph.

A further boundary has to be set for the handling rate. This value is determined

with the available time stamps of the receipt data in the history. The minimum

value is 10 seconds and the maximum value 60 seconds. Derived from this, the

average handling rate of the supermarket is set to 21 seconds. The conversion rate

is determined using the amount of receipt data and set to 84%. Opening hours

are from 7 a.m. to 10 p.m. 120 seconds is set for the minimum time elapsed after

an additional checkout is required and 120 seconds is set for the minimum time

elapsed after a checkout has to be closed. The idle time between two required

actions (e.g. to open a checkout or close a checkout) is set to 50 seconds. Table

3 shows an overview of the values.

The system decides to close a checkout if there is an average of 1.5 persons

at all checkouts. Analogous to this, the target value of waiting queue length is set

to three customers and the system requires an additional checkout if this value

is exceeded. If it becomes necessary, the system can exceed the waiting queue

length by 55% per cent without opening an additional checkout.
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Description Value

dwell time (minutes) 6 - 55

handling rate (seconds) 10-60

opening hours 7 a.m. - 10 p.m.

time of additional opening / 120
closing a checkout (seconds)

average handling rate (seconds) 21

conversion rate 81%

idle time between required 50
actions (seconds)

Table 3: Overview of system calibration.
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Figure 23: In- and out�ow of customers at the supermarket in March and April.
The in�ow is measured at the entrance into the supermarket and the out�ow is
measured at the entrance to the checkouts (exit of the supermarket area). This
is done to avoid misinterpretation and exclude the handling time of the purchase
process. The di�erence arises due to inaccuracy in the counting system, which is
below 3%.

6.3 In- and Out�ow of Customer

The in�ow of customers is measured at the entrance of the supermarket. The

out�ow of customers is measured at the entrance to the checkout area. The cus-

tomer is leaving the shopping area. That means the dwell time is not a�ected by

the purchase process, and can be evaluated separately. To handle and visualise

the huge amount of in�ow, the data has to be aggregated. This is done in several

steps.

To get evaluable data of di�erent months the �rst step is to compare the amount

of customers in the supermarket. Figure 23 shows the monthly in- and out�ow val-

ues. In March the counting technology recorded 233.230 customers entering the

supermarket and 238.583 customers leaving the shopping area and entering the

checkout area. 226.891 customers entered the supermarket in April and 231.582

customers left the shopping area. Both month are comparable. For that reason

March and April 2014 are considered for this research.

To detect variations in the in- and out�ow of each month a closer view into

the data is done. For that reason the the values are split into weekly intervals.

Figure 24 presents the results. The in�ow values per week are between 45.922

and 56.142 customers. The out�ow is between 46.776 and 57.031 customers.
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Figure 24: In- and out�ow of customers split into weekly values. The variation of
customers behavior seems to be similar each week except calendar week 17 which
is caused by several public holidays.

Average In�ow Average Out�ow

Monday 7923 8134
Tuesday 7353 7445

Wednesday 8007 8169
Thursday 8005 8113
Friday 10026 10174

Saturday 13796 14255

Table 4: Average values of each weekday. It seems that Fridays and Saturdays
have the most customers. The supermarket has fewer customers on Mondays,
Tuesdays, Wednesdays and Thursdays.

Figure 25 shows the long-term view of the in- and out�ow data. The variation of

customers behavior seems to be similar each week.

Because the behavior of customers depends on speci�c weekdays another split

of the in- and out�ow data is done in �gure 26. The in- and out�ow measure-

ments of customers are separated into the same weekdays. Table 4 show the

average values of each weekday. Figure 27 and �gure 28 show the in- and out-

�ow trend during each weekday. The results shows an similar buying behavior of

customers (except e.g. before public holidays)
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Figure 25: Long-term view of in- and out�ow of customers. The variation of
customers behavior seems to be similar each week except December which is
caused by saisonal e�ects (Christmas).

6.4 Comparison of In�uenced and Unin�uenced Systems

This section presents the results of the implemented system in operation after

calibration. From calendar week 9 to calendar week 18 the supermarket was un-

in�uenced. In the following calendar weeks - from calendar week 19 to calendar

week 27 - the data represents the in�uenced data.

To present it more clearly, the in�uenced and unin�uenced results are presented

in one �gure. Figure 29 shows the average idle time of each calendar week. To

avoid misinterpretations of idle time between customers with lots of goods on the

conveyor, only the idle times greater than one minute are assessed. The minimum

average idle time per week is 432 minutes and the maximum 791 minutes. The

averages of the idle time in the unin�uenced period is 600 minutes.

The minimum in�uenced time in the period is 178 minutes and the maximum

is 254 minutes. The average idle time in the in�uenced period is 227 minutes.

Figure 30 shows the long-term view of the idle time in minutes during ten months

with the appropriate linear trend line.

The idle time can also be expressed as a percentage. Figure 31 shows the results.

The minimum idle time of the unin�uenced system is 7.5% and the maximum is

15.9%. The average is 11.9% idle time of the manned time. The minimum during

the in�uenced period is 4.8% and the maximum 7.1% idle time. From this, the
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Figure 26: The measured in-and out�ow data on the same weekdays. The in�ow
is measured at the entrance into the supermarket and the out�ow is measured
at the entrance to the checkouts (exit of the supermarket area). This is done to
avoid misinterpretation and exclude the handling time of the purchase process.
The di�erence arises due to inaccuracy in the counting system, which is below
3%. Spikes like on 30th of April (Wednesday) and 17th of April (Thursday) are
caused by public holidays at the followed day.
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a)

b)

c)

d)

e)

f)

Figure 27: In- and out�ow trend of customers during each weekday in March.
Customers behavior seems to be similar each weekday.
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a)

b)

c)

d)

e)

f)

Figure 28: In- and out�ow trend of customers during each weekday in April.
Spikes like on 30th of April (Wednesday) and 17th of April (Thursday) are caused
by public holidays at the followed day.
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Figure 29: Average idle time of each calendar week. The �gure shows that the
average idle time is decreased from 600 to 227 minutes.

average idle time as a percentage is 5.7%.

Figure 32 shows the long-term view of the idle time as a percentage over a period

of ten months with the appropriate linear trend line. The average manned time

during the unin�uenced period is 5.365 minutes. The minimum during this period

is 4.849 minutes per week and the maximum is 7.506 minutes. The same thresh-

old is set for the manned time. This is also assessed as greater than one minute.

Manned time shows a regular pattern with higher main times for weekends (Fig.

33). Signi�cant peaks are at 19th of April and 28th of May which are days after

public holidays. In the in�uenced system manned times decreased to an average

of 4.209 minutes (Fig. 34).

Over the monitoring period waiting queue length increased from the unin�uenced

to the in�uenced system. Not only the number of peaks above 2.5 increased in

the second half, but also on general the queue length grew (Fig. 35).

A comparison of the unin�uenced and in�uenced systems shows an increase of

the average queue length on a weekly basis from 1.9 queue length in the unin-

�uenced system to an average queue length of 2.1 in the in�uenced system (Fig.

36).
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Figure 31: Idle time expressed as a percentage. The comparison before and after
the in�uences system shows a reduction of 62.17% on average.

The average number of openings and closings are presented in �gure 37. The

number of changes is between 140 and 435 openings and closings during the

unin�uenced period. There is an average of 197 changing processes during the

unin�uenced time.

During the in�uenced period, the minimum is 116 changes and the maximum

is 139 changes. The averages during the in�uenced period are 132 changes be-

tween openings and closings. Figure 38 shows the long-term view of the number

of changes over ten months with the appropriate linear trend line.
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Figure 34: Average manned time of the unin�uenced and in�uenced period. The
�gure shows a reduction of the manned time averaging 1.156 minutes (21.55%).
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Figure 36: Average waiting queue length during the unin�uenced and in�uenced
period. The waiting queue length increased from 1.9 on average to 2.1 on average
which is still below the accepted maximum of three customers.

Figure 37: Average of the number of openings and closings of checkouts. The
variation with the in�uenced system is less than the unin�uenced system. The
cause for this could be the uncontrollable behavior of the sta�.
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7 Discussion of the Results

The main goal of this research is to develop a system to �nd the appropriate

number of checkouts in a supermarket in order not to exceed the desired waiting

queue length with an adjusted probability. This chapter discusses the results

presented above.

7.1 Interpretation of Data

The checkout management system was calibrated to the desired customer satis-

faction, which is expressed in the waiting queue length. In this case study, the

maximum queue length is set to 3 customers where the probability to exceed this

queue length is 10%.

The average waiting queue length seems to have less impact compared with the

the in�uenced system (Fig. 36). On this basis, it could be claimed that the wait-

ing queue length is optimized to the desired number of waiting customers at the

checkout. The long-term view of the waiting queue length shows a continuous

approach to the maximum. The average at the end of December is around 2.5

customers. Even when spikes occur the waiting queue length is always less than

three persons (Fig. 35).

The public holiday on 18th and 21st of April seems to a�ect the waiting queue

length on 19th of April, which was 2.97 on average. Another public holiday on

29th of May seems to be the cause of the average waiting queue length of 2.7

on 28th of May. The public holiday on 3rd of October led to an average waiting

queue length of 2.89 on the day after (Fig. 35).

Also prior to seasonal e�ects such as Christmas, an increase of the waiting queue

length can be observed. The queue length on 22nd of December was 3 persons

on average. (Fig. 35)

It seems that the maximum length was reached one or two days before and one

or two days after public holidays.

Furthermore, the behaviour of customers during the days around public holidays is

di�erent. The green line in �gure 28 d), f) shows the di�erent in�ow and out�ow

of customers on 17th of April. Also on 19th of April (the day after the public

holiday) customer behaviour in the morning hours varies.
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It seems that the in�ow and out�ow compared with each weekday is similar ex-

cept on public holidays. Figure 26 shows an increase of customers on 17th of April

(Thursday). A further increase is determined on 30th of April, which is one day

before a public holiday.

The in�ow and out�ow of customers seems to be una�ected by the system, but

rather it is a�ected by external conditions like public holidays. In general, it can be

seen that Fridays and Saturdays have the most customers (Fig. 26). The super-

market has fewer customers on Mondays, Tuesdays, Wednesdays and Thursdays

(Fig. 26).

Analogous to the increased number of customers on Fridays and Saturdays, the

manned time of sta� is higher compared to other weekdays (Fig. 33). Even if the

in- and out�ow of customers is still una�ected, an optimisation of the manned

sta� could be identi�ed in the long-term view of manned time. Spikes can be

seen on the days before and after public holidays. For instance, the public holiday

on 18th and 21st of April caused a spike on 19th of April. Another public holiday

on 9th of June resulted in an increased manned time on 7th of April. Christmas

seems to also a�ect the manned time, especially 23rd of December (Fig. 33).

Even if the manned time is decreasing in the long-term view, the idle time of

the sta� at the checkouts is also decreasing through optimisation. The e�ect of

public holidays can also be seen here.

Figure 27 and �gure 28 present the structure of the trend during each week-

day. A regularity can be identi�ed in the trend for each weekday, except around

public holidays.

In general, the variance between in- and out�ow would represent the dwell time.

Because the customers entering the supermarket cannot be associated with the

same customers entering the checkout area, it is not possible to make a state-

ment about the dwell time in detail. An improvement to acquire more detailed

information about the customer could be the use of RF-ID tags or Bluetooth to

�nd the same person again.

Another way to increase the accuracy of the system could be to use the informa-

tion about the shopping trolleys and their locations. With this information, the

average dwell time of customers depending on di�erent events (seasonal, weekday,
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time of day) could be improved.

As in the results already identi�ed, there is a di�erence between in- and out-

�ow available (Fig. 26). The reason for this is that the counting technology has

a counting inaccuracy. In the data sheet, the producer of the technology gives a

tolerance of +/- 3%. In an absolute value this can be up to 6% because if the

system is counting +3% at the entrance and +3% at the checkout area, the total

error would be 6%.

A further decrease is seen in the number of openings and closings of checkouts

(Fig. 38). By decreasing the changes, a great deal of stress for the sta� may

be avoided, and stress-free sta� may be friendlier to the customer, a�ecting the

loyalty of each customer.

Table 5 shows an sample calendar week of the results in minutes of the measured

di�erence between too many opened checkouts and too few opened checkouts.

The optimisation seems to be a continuous improvement. The long-term views

show that the sta� need time to accept the system and handle it appropriately. It

cannot be veri�ed if the absolute optimisation is already achieved.

Because the waiting queue length did not change and was still below the maxi-

mum, the system cannot be evaluated and calibrated for handling longer waiting

queues. External in�uences, such as public holidays, have to be considered sepa-

rately. Furthermore, no statement on the system's pro�tability is made.

The generalization of the system cannot be evaluated because factors like shop-

ping area, number of checkouts, counting technology, shopping layout, range of

products of the market etc. have to be compared and evaluated separately.

In this research, the handling times at the checkouts are determined by an av-

erage value. To increase the accuracy of the handling time it could be possible

to get, in addition to checkout data, data about the number of products, time

between the �rst and last scanned product, and the idle time between two sepa-

rate purchases by customers. By using this data, the forecast calculation could be

more accurate. The assignability of di�erent branches and di�erent dwell times

cannot be veri�ed.
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Too many Too less Variation
checkouts checkouts total
(in minutes) (in minutes) (in minutes)

Monday
7.7.2014 255 255 510

Tuesday
8.7.2014 555 150 705

Wednesday
9.7.2014 240 105 345

Thursday
10.7.2014 285 105 390

Friday
11.7.2014 675 195 870

Saturday
12.07.2014 780 180 960

Variation in total 2790 990 3780

Table 5: Sample calendar week of the results in minutes of the measured di�erence
between too many opened checkouts and too few opened checkouts.
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8 Conclusions and Future Research

This chapter �rst brie�y describes the conclusion this work sought to address

along with the research goal and methods used to reach this goal. The next

section discusses potentials for future research based on the insights of this thesis.

8.1 Conclusions

Resources in supermarkets must be planned very economically to bear up against

the price forces of competitors. In this research, the operational resources are

controlled by an evaluation unit. To win customers' loyalty, the main aim is to

avoid waiting queues appearing in the �rst place. Waiting queues are frustrating

for customers. This correlates with economic awareness � providing the minimum

sta� at the checkout. To manage this, the inward and outward �ows in a service

environment are measured. The required resources can be forecasted using this

real data.

In this research the checkouts are the operational resources. The shopping or

self-service area is the ��rst-in-area�, which all customers have to pass in a certain

time � the dwell time - from the entrance to the checkout area. After buying,

customers must proceed to the checkout area and demand a checkout in the form

of cash to complete their visit. This �handling time� di�ers because di�erent cus-

tomers have a di�erent number of products which they want to buy.

To respond to this challenge, the following research question arises: How has

a system to be developed, the aim of which is to give a good and realistic forecast

of the dwell time of customers in supermarkets and the arrivals of people at the

checkouts, considering a given costs function to avoid waiting queues?

The �rst hypothesis to optimise and decrease the manned time of sta� is pro-

vided by this research. Comparing the manned time of the unin�uenced system

with the in�uenced system, a reduction of the manned time averaging 1.156 min-

utes or 19.2 hours can be achieved in a period of nine weeks. This corresponds

to a reduction of 21.55% of the manned time of the sta� at the checkouts (Fig.

34).

The second hypothesis is supporting by this research that idle time can also be

decreased. The comparison before and after the in�uenced system shows that

the average idle time could be decreased from 600 to 227 minutes in a period of
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nine weeks (Fig. 29). This is equal to a reduction of 62.17% on average (Fig. 31).

This research shows a reduction in the number of openings and closings of check-

outs (hypothesis three). The system decreased the number of changes from 197

openings and closings to 132 on average (Fig. 37). This corresponds to a decrease

of 33%.

The last claim that hypotheses one, two and three can be reached without any

loss of customer satisfaction or of the waiting queue length at checkouts can be

interpreted. Even if in this case study the waiting queues increased from 1.9 on

average to 2.1 on average, the system meets the maximum desired waiting queue

length of three customers (Fig. 36). The waiting queue length of 2.1 is still below

the accepted maximum of three customers.

This research presents, that using historical data and actual measurements of

a supermarket can optimize the resources at the checkouts. Furthermore the

waiting queue length can be managed by using this system. The goal of this

research was not to cover the symptom (dissatisfaction in a supermarket) rather

to cover the root cause (waiting time / waiting queue length) at the checkouts.

8.2 Future Research

To transfer results now to other supermarkets or types of shops , several other

aspects should be considered:

� How does the shopping area, the size and the layout a�ect the system?

� How does the number of checkouts a�ect the system? What is the minimum

number of available checkouts, necessary to apply the developed technology.

� How much does a di�erent counting technology vary the results? Is it

possible to reduce costs?

� Does the assortment of the supermarket in�uence dwell time?

� What is the impact of external factors such as public holidays, location,

special marketing activities and could the consideration of these factors

improve the accuracy of the system?
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� Could the accuracy be improved by using the receipt data of the checkouts

in the form of number of products, time between the �rst and last scanned

product and the idle time between two separate purchases?

� Could information about shopping trolleys and their locations improve the

accuracy of dwell time depending on events (seasonal, weekday, time of day

etc.)?

� How does the number of entry and exit points impact the system?

� How does the location of sensors impact the accuracy of the results?

� Is the framework adaptable in other stores, for instance in shopping centres?

It could be possible to transfer / apply results for other service environments where

the same or similar requirements and goals exist. For instance, these scenarios

could be considered in the research of Soyer and Tarimcilar (2008). Call centres

have a similar problem: The call centre agents (resources) have to handle the

caller. The incoming call could be the inward �ow. Instead of counting customers

at the entrance the number of incoming calls could be counted without a video-

based counting system. The dwell time could be the time between calling and

handling. For example, this could be an automatic guide or recorded messages

during the call. The main goal could be to handle the caller as soon as possible

in order to avoid long waiting times at the phone and provide the resources (call

agents) as e�ciently as possible.

Another �eld of application of this research could address a server system, for

instance an online research service. In this case, the service environment would be

a server system which is divided into a con�guration area and an execution area.

Operational resources could be other servers which are available or otherwise used

in order to handle the requests of users. In this scenario, the waiting time has to

be very short because the termination rate is, compared with a customer in the

supermarket, very high.

This assumptions of applicable �elds has to be considered in a further research.
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