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Abstract Research on spatial cognition and blind navigation suggestthat

a device aimed at helping blind people to shop independentlghould provide
the shopper with e ective interfaces to the locomotor and haptic spaces of
the supermarket. In this article, we argue that robots can ad¢ as e ective

interfaces to haptic and locomotor spaces in modern supermkets. We also
present the design and evaluation of three product selectio modalities -
browsing, typing and speech, which allow the blind shopper & select the
desired product from a repository of thousands of products.

Keywords Assistive Robotics Service Robotics Human-Robot Inter-
action Blind Navigation Spatial Cognition Haptic and Locomotor
Interfaces Independent Shopping for the Visually Impaired

1 Introduction

We present several results from our ongoing research on ingendent shop-
ping for the visually impaired. This particular thread of re search evolved
from a more generic area of robot-assisted way nding for thevisually im-
paired (Kulyukin et al, 2006, 2005; Gharpure, 2004). Our motvation is four-
fold. First, several visually impaired participants in our previous way nding
experiments expressed the need for a device that would helghém to do gro-
cery shopping independently. Second, grocery shopping isnaactivity that
presents a barrier to independence for many visually impaied people who
either do not go grocery shopping at all or depend on sighted gdes, e.g.,
store sta ers, spouses, and friends (Kulyukin et al, 2005).Third, shopping
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complexes are the most functionally di cult environments f or the visually
impaired (R. Passini and G. Proulx, 1988). Consequently, acessibility break-
throughs in shopping complexes will likely carry over to other environments.
Fourth, to the best of our knowledge, there is no existing sytem that provides
a complete integrated solution to this problem.

1.1 Designing Devices for Assisted Shopping

As a task, grocery shopping can be decomposed into three maisubtasks:
product selection, navigation and product retrieval. Our research plan was
to focus on the last two tasks and then work on the rst one. Regarch on
spatial cognition and navigation of the visually impaired distinguishes two
spatial categories: locomotor and haptic (Golledge et al, 298; Millar, 1995,
1997, 1982). The haptic space is de ned as the immediate spacaround the
individual that can be sensed by touch or limb motion without any bodily
translation. The locomotor space is de ned as a space whosexgloration
requires locomotion.

Vision is the primary sensory modality that enables humans b align the
egocentric and allocentric frames of reference, which is # key to reliable
navigation. In the absence of vision, the frames align bestn the haptic
space. In the locomotor space, as the haptic space translaewith the body,
lack of vision causes the frames to misalign, which negativg a ects action
reliability. Giving the visually impaired equal access to ewvironments that
the sighted take for granted entails designing interfaces @ the haptic and
locomotor spaces in those environments that either eliminte the necessity of
alignment or enable the visually impaired to align the frames when necessary
(Kulyukin, V., Gharpure, C., and Pentico, C., 2007).

A visually impaired shopper (the shopper henceforth) can acomplish the
second subtask - navigation - when the shopper has 1) a means tccurately
access the pose (location and orientation) and to obtain adguate topological
knowledge or 2) a means to reliably maneuver the haptic spaci the loco-
motor space. The rst choice ensures accurate frame alignme and leaves
to the shopper the maneuvering of the haptic space in the loamotor space.
The second choice guarantees reliable maneuvering but takeno position on
frame alignment.

Either solution requires an e ective interface to the locomotor space. The
shopper can accomplish the last subtask - product retrieval if the shopper
has a means to maneuver the haptic space in the vicinity of a teget product
until the product is within the haptic space. To guarantee independence, any
assistive shopping device for the visually impaired must neessarily address
both subtasks and, consequently, provide the shopper with ective interfaces
to the haptic and locomotor spaces in supermarkets.

Several research projects are related to our research. In Bnt and Modi,
2000), the authors have developed a shopping aid consistingf a barcode
scanner and a laptop secured to a shopping cart. After the ugescans the
product's barcode, the laptop accesses the correspondingath les and dis-
plays them on the laptop in an enlarged font. Although the device helps the
visually impaired to make an informed product choice, it does not help them



shop independently. This is because it does not provide theh®pper with
an interface to the locomotor space to navigate within the sbre. It does not
appear to be possible for white cane users and guide dog hamds to navigate
safely with a large shopping cart in the front. In addition, t he device provides
only the product speci c information. It does not help the shopper nd the
product on the shelf.

In (Lalatendu et al, 2006), the authors propose a wearable dédce consist-
ing of an earpiece, display visor, bluetooth connectivity,and RFID scanner,
all mounted on an eyewear. However, the proposed device isiited to prod-
uct identi cation only. Another system, Trinetra (Lanigan et al, 2006), has
its functionality limited to product identi cation using a text-to-speech en-
abled cellphone and a pen-like barcode reader. Such systerage not, in and
of themselves, su cient for independent shopping for the visually impaired.
However, they can be incorporated as a part of the interface d the haptic
space in systems like RoboCart.

To accomplish the subtask of product selection, the shoppeshould be
able to - speedily, accurately and comfortably - convey herntent to the
shopping device. An example of the shopper intent would be: Take me to
<product>", where <product> can be any product from a repository of
thousands of products. Thus, the interface to the product reository (cata-
logue) should be designed such that 1) the shopper can rapigland comfort-
ably select the desired product and 2) the shopper should betde to maintain
an adequate level of discretion and comfort in a supermarket

1.2 Robot-Assisted Shopping

Can robots function as e ective interfaces to the haptic andlocomotor spaces
in the supermarket? We believe that this question can be ansered in the af-
rmative. Several reasons justify our belief. Traditional navigation aids, such
as guide dogs and white canes, can act as interfaces to the hapspace in the
environment by enhancing the blind individuals perceptionaround the body.
However, neither guide dogs nor white canes can e ectivelynterface to loco-
motor spaces, because they cannot help their users with maofnavigation,
which requires functional topological knowledge of the enironment. It is true
that sighted guides ensure the reliable maneuvering of the dptic space, but
only at the expense of independence. Loss of independencaslates into loss
of privacy. Robot-assisted shopping experiments as repoed in (Kulyukin, V.
and Gharpure, C., 2006; Kulyukin et al, 2005), indicate that the visually im-
paired shoppers are usually not willing to use store sta ersvhen shopping for
personal hygiene items, medicine, and other products thatequire discretion.

Our central research hypothesis is that, in order to function as an e ective
interface to the haptic and locomotor spaces in the supermaeet, the robot
must satisfy a two-fold objective: in the locomotor space, he robot must
eliminate the necessity of frame alignment and, in or near tle haptic space,
the robot must cue the shopper to the salient features of the mvironment
su cient for product retrieval.
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1.2.1 RoboCart: A Robotic Shopping Assistant

The overall design of RoboCart is based on the principles ofrgonomics-for-
one (Kulyukin, V. and Gharpure, C., 2006) and re ects the dual interface
functionality through two modules: locomotor and haptic. T he locomotor
module consists of a Pioneer 2DX mobile robotic base from ActMedia, Inc.
upon which a way nding toolkit is tted in a polyvinyl chlori de (PVC) pipe
structure. A shopping basket is mounted upon the PVC structure, as shown
in Figure 2. The current Robocart setup is slightly unstable due to a small
robotic base and possibly heavy top, when the basket is full vth products.
However we feel that, as a proof-of-concept prototype, theetup is su cient
to conduct feasibility studies. Using a numeric keypad, theshopper can se-
lect a product through an appropriate product selection interface. Once the
shopper con rms the selection, RoboCart guides the shoppeto the vicinity
of the product.

The haptic module consists of a wireless omni-directional &rcode reader
shown in Figure 2. The reader is ergonomically modi ed with aplastic struc-
ture that helps the blind shopper align the barcode reader wih the shelf.
After RoboCart brings the shopper in the vicinity of the prod uct, Robo-
Cart uses the shopper's egocentric frame of reference to itmact the shopper
through synthetic speech on how to nd the product, e.g. Hongy Nut Chee-
rios is on the top shelf to your right. The shopper nds the shdf and uses
the barcode to scan the barcodes on that shelf. The product nae of each
scanned barcode is read to the shopper.

RoboCart software architecture is the popular three-tier architecture con-
sisting of the sense, plan, and act modules. RoboCart's shad state is up-
dated and checked by these modules and the user interface molé.The con-
nectivity of di erent components in RoboCart's architectu re is shown in g-
ure 1.



Fig. 2 a. RoboCart hardware, b. Shopper scanning a barcode, c. Modied barcode
reader.

The remainder of our article is organized as follows. In Seabtn 2, we
talk about spaces in a supermarket. In Section 3, we presentie design and
implementation of RoboCart. In Section 4, we discuss the prduct selection
problem and present our solution to it. In Section 5, we presat the results of
longitudinal robot-assisted shopping experiments with te visually impaired
participants in a real supermarket. In Section 5, we presenthe results of the
experiments with the three di erent product selection interfaces: browsing,
typing, and speech. In Section 6, we discuss our ndings fromeld trials and
user feedback. In Section 7, we present and discuss severalem comments.
In section 8, we present our conclusions.

2 Spaces in the Supermarket
2.1 Spaces and Interfaces

Spatial ontologies come about when we attempt to categorizepace accord-
ing to the ways we interact with it (Tversky, B., Morrison, J. , Franklin, N.,
and Bryant, D., 1999). Freundschuh and Egenhofer (Freundsieuh and Egen-
hofer., 1997) give a comprehensive review of previous worknacategorization
of space and distinguish six categories based on manipuldity, locomotion,
and size and use their ontology to describe previous ontolags of space in
the geography literature. We contribute to this line of research a trichoto-
mous ontology of spaces in a supermarket. This trichotomy isan extension
of the dichotomous ontology (haptic vs. locomotor) currenty used by many
researchers on spatial cognition of the visually impaired.Our trichotomy
is certainly incomplete. We developed it solely for the purmse of describing
and analyzing the interactions between visually impaired $ioppers and Robo-
Cart. We believe that the trichotomous ontology can be used b evaluate any
assisted shopping device for the visually impaired.

RoboCart assists the shopper in two stages. It rst guides thke shopper into
the vicinity of the desired product and then instructs the shopper on how to



maneuver the haptic space within that vicinity. In the rst s tage, RoboCart
interfaces the shopper to the locomotor space, guiding thetopper to the
required aisle section and interacting with other shoppersby asking them
to yield the way when a passage is blocked. In the second stagRoboCart
cues the shopper to some salient features of the environmentar the haptic
interface through voice instructions grounded in the shopgr's egocentric
frame of reference.

To describe how the visually impaired shopper interacts wih the super-
market space using RoboCart, we introduce the category offarget space The
target space is the shopper-centric subspace of the locormmt space in which
the shopper perceives the target product to be. The target spce is always
de ned with respect to a specic target product. Haptic cues in the tar-
get space act as external reference points during the shopps maneuvering
of the haptic space in the target space until the haptic spacecontains the
product.

2.2 Inside the Target Space

RoboCart eliminates the necessity of frame alignment by resicting the tar-
get space to the searchable vicinity of the product. In the taget space, the
shopper is left with the task of retrieving the product from the shelf and
placing it into RoboCart's basket. It seems reasonable to cojecture that the
shopper's performance in the target space depends on the ghper's knowl-
edge of the target space, the shopper's sensory, cognitivand physical abil-
ities, and the complexity of the target space.

The knowledge of the target space includes knowledge of daices, prod-
uct shapes, neighboring products, the spatial arrangemenbf shelves, and
other haptic cues that may be unique to the shopper. If the rolot is con-
sistent overtime in how it sets up the target space with respet to a given
product and verbally orients the shopper in the target space then, as the
shopper gets more exposure to the target space, the shoppsrperformance
should improve.

The target space instructions given by the robot to the shopger need not
be exhaustive. It is unreasonable to expect the robot desiger to equip the
robot with the knowledge of every possible haptic cue that mg assist the
shopper with retrieving the product. Instead, our assumption is that with
time the shopper learns many haptic cues, such as level di @nces among
shelf levels, bad barcodes, and protruding labels, that maye valid only for
that shopper. Thus, the robot ensures the consistency of théarget space and
orients the shopper inside that target space. These hapticwes are cognitive
indices into the target space used by the shopper in productetrieval. The
robot also emits audio beacons to help the shopper with placig the found
product into the basket. In the case of RoboCart, the audio bacon is the
sonar clicking sound. RoboCart does not use sonars but turnthem to further
orient the shopper in the target space.

The shopper's performance in the target space may also be cditional
on the shopper's sensory and physical abilities. The literture on the haptic
space performance of the visually impaired (Kay, 1974; Lahaand Mioduser,



2003; Ungar, 2000) suggests that the degree of vision may actthe e ciency

of product retrieval. In addition, the shopper's abilities to bend and scan
products on bottom shelves, to hold products, and to nd barcodes on the
shelves are likely to contribute to the shopper's performage. The shopper's
performance may also depend on the intrinsic complexity of lhe target space.
The complexity of the target space can be characterized by ta humber of
products, the product density, the homogeneity of product types, the number
of shelves, package sizes, product layouts, presence of ethshoppers, etc.

3 Design of RoboCart
3.1 Locomotor Module

Autonomous indoor navigation was necessary to realize thenterface to the
locomotor space. Since we had already developed an orientah free RFID
based navigation algorithm, we decided we use that in the sugrmarket.
However, our approach failed in unstructured open spaces. d@ deal with un-
structured open spaces, we decided to use laser-based Mor@arlo Markov
localization (MCL) (Fox, 1998), as it was already implemented in ActivMe-
dias Laser Mapping and Navigation software.

Navigation in RoboCart is a partial realization of Kupiers Spatial Se-
mantic Hierarchy (SSH) (Kupiers, 2000). The SSH is a model torepresent
spatial knowledge. According to SSH, spatial knowledge caibe represented
in ve levels: sensory, control, causal, topological and mgic. Sensory level
is the interface to the robot's sensory system. RoboCarts gmary sensors
are a laser range nder, a camera, and an RFID reader. The combl level
represents the environment in terms of control laws which hae trigger and
termination conditions associated with them. The causal leel describes the
environment in terms of views and actions. Views specify trgers; actions
specify control laws. For example, follow-hall can be a conbl law triggered
by start-of-hall and terminated by end-of-hall. The topological level of the
SSH is a higher level of abstraction, consisting of places,gbths and regions,
and their connectivity, order and containment relationships. The metrical
level describes a global metric map of the environment withi a single frame
of reference.

Several problems with MCL localization were discovered (Ghrpure et al,
2006). First, the robot's ability to accurately localize rapidly deteriorated in
the presence of heavy shopper tra c. Second, MCL sometimesdiled due to
wheel slippage on a wet oor or due to the blind shopper inadvetently pulling
on the handle. Third, since MCL relies exclusively on odomegry to localize
itself along a long uniform hallway that lacks unique laser mnge signatures,
it would frequently get lost in an aisle. Fourth, MCL localiz ation frequently
failed in the store lobby, because the lobby constantly chaged its layout due
to promotion displays, ower stands, product boxes. Finally, once MCL falils,
it either never recovers, or recovers after a long drift.

To allow for periodic and reliable MCL recalibration, we dedded to turn
the oor of the store into an RFID-enabled surface, where eab RFID tag
had its 2D coordinates. We use the low frequency RFID tags wit 134.2
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khz frequency. Some ubiquitous computing researchers hadasted thinking
along the same lines (Scooter and Helal, 2004). The concepf the RFID-
enabled surface was re ned into the concept of recalibratia areas, i.e., areas
of the oor with embedded RFID tags. In our current implement ation, recal-
ibration areas are RFID mats which are small carpets with emiedded RFID
tags. The mats are placed at speci ed locations in the store \thout caus-
ing any disruption to the indigenous business processes. @nadvantage of
recalibration areas is deterministic localization: when te robot reaches a re-
calibration area, its location is known with certainty. We b uilt several RFID
mats with RFID tags embedded in a hexagonal fashion. Every realibration
area is mapped to a corresponding rectangular region in thetsres metric
global map constructed using ActivMedias metric map building software,
Mapper3 c.

Several research e orts in mobile robotics are similar to ow approach.
Kantor and Singh (Kantor and Singh, 2002) use RFID tags for rdbot local-
ization and mapping. They utilize time-of-arrival signals from known RFID
tags to estimate distance from detected tags and localize t robot. Hahnel
et. al. (Hahnel et al, 2003) propose a probabilistic measument model for
using RFID signals to improve the performance of laser basetbcalization of
mobile robots in o ce environments.

3.2 Haptic Module

RoboCart's haptic module consists of a wireless omnidiredébn barcode reader
using which the shopper can scan barcodes on the edges of theetves. The
barcode reader was ergonomically modi ed with plastic strictures that help



the shopper to align the barcode reader with the shelf (Figue 2 c.). The plas-
tic strips attached to both sides of the reader are placed onmall protrusions
from metallic casings that contain barcodes. After placingthe plastic strips
on these protrusions, the shopper slides the reader along ¢hshelf and scans
barcodes. Whenever a barcode is scanned, the shopper can hehe prod-
uct name through a pair of wireless bluetooth headphones. Wén RoboCart
brings the shopper in the vicinity of the product, the shoppe is also given
instructions about nding the product in the target space. F or example, \The
product on the right hand side, on the third shelf from the bottom. Search
to the left." The shopper can then feel the third shelf from the bottom on
the right hand side and start scanning the barcodes toward tte left until the
target product is found.

Our approach has two drawbacks: First, the shopper has to saaall bar-
codes until the target barcode is found. Second, the shoppearan completely
miss the target barcode and never nd the product. To remedy tis situation,
we plan to maintain a spatial connectivity of barcodes in the future. Using
this, the shopper can be instructed to skip a certain number 6 barcodes, or
alerted if she misses to scan a barcode. However, we feel thatr current
design is su cient to evaluate our claims and test the hypotheses we put
forth later in the paper.

It seems reasonable to conjecture that the shopper's perfanance in the
target space depends on the shopper's knowledge of the targspace, the
shopper's sensory, cognitive, and physical abilities, anthe target space com-
plexity. The knowledge of the target space includes knowlege of distances,
product shapes, neighboring products, the spatial arrangment of shelves,
and other haptic cues that may be unique to the shopper. If therobot is con-
sistent over time in how it sets up the target space with respet to a given
product and verbally orients the shopper in the target space then, as the
shopper gets more exposure to the target space, the shoppsrperformance
should improve.

It should be noted that the egocentric target space instructons are not
exhaustive. It is unreasonable to expect the robot designeto equip the robot
with the knowledge of every possible haptic cue that may asst the shopper
with product retrieval. Instead, our assumption is that wit h time the shopper
learns many haptic cues, such as height di erences among slisection levels,
bad barcodes, and protruding labels, that may be uniquely véid only for that
shopper. Once learned, these cues function as cognitive ifws into the target
space used by the shopper during product retrieval.

The robot ensures the consistency of the target space and ohé verbal
egocentric orientation of the shopper in that space. To helghe shopper with
placing the retrieved product into the basket, the robot emits a continuous
audio beacon - a low-pitch clicking sound emitted by its sonas.

4 Product Selection

In this section, we address the problem of product selectioduring unplanned
shopping. This problem can either be posed as a problem of sehing a
speci ¢ product rapidly, or a problem of browsing the product hierarchy to
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select a desired product. The problem of accessing electrmninformation
by blind users is not new. The Web Accessibility Initiative has published
Web Content Accessibility Guidelines (WCAG) (W3C, 2000), which provides
guidelines for developing accessible websites. Howeveimee these guidelines
are geared toward websites, there are several implicit assuptions made.
First, task at hand (browsing a website) is not time critical . Second, the user
is sitting in the comfort of her home or o ce. Third, the user w ill have a
regular keyboard at her disposal.

Several ideas for implementing auditory interfaces for naigating menus
and object hierarchies have been proposed (Walker et al, 260 Raman, 1997;
Smith et al, 2004). In (Brewster, 1998), the author investigates the possibil-
ity of using non-speech audio messages calleghrcons to navigate a menu
hierarchy. In (Walker et al, 2006), the authors propose a newauditory rep-
resentation called spearcons Spearcons are created by speeding up a phrase
until it is not recognized as speech. Both approaches are haver suitable
for navigating menus, and not large object hierarchies. Anther approach
for browsing object hierarchies (Raman, 1997) uses conveaional gestures
like open-object parent, which are associated with speci ¢ navigation actions.
Work done on auditory interaction objects (Klante, 2004; Gaver, 1989), out-
lines the requirements for an auditory interaction object that supports nav-
igation of hierarchies.

In our implementation, we follow the functional requirements for accessi-
ble tree navigation toolgiven in (Smith et al, 2004). In that, the participants
are required to nd six objects from a large object hierarchy However, the
evaluation is done only to check for successful completionfahe task, and
not the speed of completion.

In (Divi et al, 2004), the authors present a spoken user inteface in which
the task of invoking responses from the system is treated onef retrieval from
the set of all possible responses. In our case, the responsag the product
names. They use the SpokenQuery system (Wolf et al, 2004) wth is e ective
for searching spoken queries in large databases, is robugt environment noise
and is e ective as an user interface.

In (Sidner and Forlines, 2002), the authors propose the use fosubset
languages for interacting with collaborative agents. The avantage of using
subset language is that it can easily be characterized in a gmmar for a
speech recognition system. In our case, the subset languagenothing more
that just the names of the products. To make the problem easig we devel-
oped a grammar where each rule consisted of a single word. Theser is thus
limited to speaking one word at a time. This greatly simpli e s the grammar
and reduces the misrecognitions. In addition, it obviates he need for the user
having to learn a complicated subset language.

We implemented and tested three non-visual interfaces for ppduct selec-
tion. The rstone is a browsing interface, where, given the product categories,
the shopper browses through the complete hierarchy to nd the desired prod-
uct. For the typing and speech interfaces, we employ an infanation retrieval
based approach. In the typing based interface, the shoppersirequired to
type the search string using a numeric keypad. In the speechdsed interface,
speech recognition is used to form the search string.
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4.1 Searching the Product Repository

Each entry in the product repository is represented by an N-dmensional
vector where N is the total number of unique keywords in the rgository.
Thus, each vector is an N-bit vector with a bit set if the corresponding
keyword exists in the product string. The search vector obtaned from the
search string is also an N-bit vector. The result of the searg is simply all
entries i, such that P;&S = S, whereP; is the N-bit vector of the i™ product,
S is the N-bit search vector, and &' is the bit-wise and operation.

This is a simple approach with two obvious problems: 1) the usrs will
need to type complete words, which is tedious using just a nuraric keypad;
and 2) the search will fail if a word is spelled incorrectly. To solve the rst
problem, we use word prediction where the whole word is predied by looking
at the partial word entered by the user. However, instead of faving the user
make a choice from a list of predicted words, or waiting for tte user to type
the whole word, we search the repository for all prediction ptions. To solve
the second problem, we do not use the spell checker, but inshel provide
the user with continuous feedback. Every time the user typesa character,
the number of results returned is informed to the user. The usr obviously
chooses not to type a character that returns zero results. Atany point, the
user can choose not to type the remaining word and continue taype the
next word.

deo: >100
\deodqrant\ \deodorizeﬂ \deoxidam \
. :\ /’/ Possible search strings
Ay ‘,/ for the Prediction tree

deodorant solution (0)
\ deodorant soap oleum (0)
deodorant soap olay (2)

deodorant soap old (2)

W ] / deodorant softener (0)
\\ P deodorizer solution (0)
\J's deodorizer soap oleum (0)
m deodorizer soap olay (1)
/ deodorizer soap old (2)

deodorizer softener (0)

deoxidant solution (0)

deoxidant soap (0)
olay deodorant soap deoxidant softener (0)

Fig. 4 a. Prediction tree, b. Possible search strings

The predictions of partially typed words form a tree. Figure 4 shows the
prediction tree and the resultant search strings when the usr types \deo so
ola". The yellow (sharp-cornered) rectangles represent te keywords in the
repository, also called keyword nodes. The blue (round-carered) rectangles
are the partial search words entered by the user, also callethe partial nodes.
Keyword nodes are nothing but all possible extensions of thie (parent) par-
tial node, as found in the keyword repository.

A search string is associated with each keyword consistingf@ll keywords
from the root to that keyword node. The prediction subtree is terminated
at the keyword node where the associated search string retas zero results.
For example, in Figure 4 a., the subtree rooted atsolution, along the path
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deodorant-solution will be terminated since the search string \deodorant so-
lution" returns zero results. Figure 4 b shows the possible sarch string for
the prediction tree in Figure 4 a. The numbers in the parentheses indicate
the number of results returned for those search strings. Thenumber after
the ™" in the partial nodes indicates the total results returned by all search
strings corresponding to its children (keyword) nodes.

At any point, the user can press theReturn key to start browsing through
the list of search results. We use Microsoft's Speech API (SRI) for the
speech interface. The user is required to speak one word at ante, which
is recognized correctly is appended to the search string. Mrosoft's SAPI
provides a set of alternates for every word recognized. Thesare the alternate
keywords which replace the predicted keywords in the predidon tree, and
are thus incorporated in the search. However Microsoft SAPIdid not provide
alternates in case of the grammar used for our product reposiry. Our speech
interface is just a simple version of the SILO (Speech In ListOut) approach
proposed in (Divi et al, 2004).

5 Experiments
5.1 Robot-Assisted Shopping Experiments

The robot-assisted shopping experiments conducted with 10visually im-
paired participants in Lee's Market Place, a supermarket inLogan, UT. We
formulated several research hypotheses to test how well Ratart functions
as haptic and locomotor interface to the supermarket. As is éien the case
with studies involving visually impaired participants, it is not feasible to test
in a statistically signi cant way all contributing factors in a single study
(Bradley and Dunlop, 2005). The main reason is that the visudly impaired
population in the U.S. is not distributed evenly, with the ma jority living
in just a few urban areas. Therefore, our hypotheses below afless only a
fraction of the factors outlined in the previous section.

Hypothesis 1. If the robot is consistent overtime in how it sets up the
target space with respect to a given product and verbally @nts the shopper in
the target space, the shopper's e ciency of maneuvering théhaptic space in
the target space increases with experience in the target spgwhere experience
is measured as the number of shopping iterations.

Hypothesis 2. The shopper's e ciency of maneuvering the haptic space
in the target space is inversely related to the area of the tget space.

Hypothesis 3: The shopper's e ciency of maneuvering the haptic space
in the target space is inversely related to the complexity ahe target space.

Hypothesis 4: In the absence of any prior knowledge of the target space,
minor di erences in sensory abilities a ect the target space performance.

Hypothesis 5: The location of the product on the shelf (top, middle,
bottom levels) a ects the performance.
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5.1.1 Participants

Ten visually impaired participants from various locations in Utah were re-
cruited for the experiments through the Utah Chapter of the National Fed-
eration of the Blind (NFB) in Salt Lake City, Utah. The Utah NF B Chapter

provided us with a list of visually impaired Utah residents. Each individual on

the list was rst contacted by e-mail. The e-mail brie y desc ribed RoboCart
and the experiments and asked the addressee if he or she woulé interested
in participating in the experiments. A brief phone interview was conducted
with all those who responded positively. The inclusion criteria were: 1) the
participant must be ambulatory; 2) the participant may not h ave any hearing
or cognitive impairments; 3) the participant must understand English; and
4)the participant must be willing to travel to Logan, Utah, f or a period of two
days. Ten participants were thus selected. Each of the seléed participants

was transported to Logan, Utah, by vehicle for a period of twodays and was
paid a $90 honorarium.

5.1.2 Procedure

The procedure consisted of three stages. First, the individal was given a
30 minute introduction to RoboCart in our laboratory. The pa rticipant was
trained in using RoboCarts keypad and used RoboCart to navigte a short
route in the o ce space around the laboratory. The participa nt was then
asked to take a technology readiness survey (Gockley and Matic, 2006;
Parasuraman, 2000) which was used to calculate the particignts Technology
Readiness Index (TRI).

Second, the participant was driven to Lees MarketPlace, a spermarket in
Logan, Utah, and asked to use RoboCart to shop for several prtucts. Twelve
products were chosen from two aisles: 4 products from bottorrshelves, 4
products from middle shelves, and 4 from top shelves. In LeeklarketPlace,
each aisle consists of several shelf sections. A shelf sectispans 4 to 5 meters
in length and consists of 5 to 8 shelves. The selected produstwere divided
into 4 sets. Set 1 included 3 products on top shelves; Set 2 ihaled 3 products
on middle shelves; Set 3 included 3 products on bottom shelgeSet 4 included
one product on a top shelf, one product on a middle shelf, andme product
on a bottom shelf. A single shopping trial consisted of the shpper picking up
RoboCart from the docking area near the supermarkets entrane, navigating
to each of the three products from a randomly chosen set, reteving the
products from the shelves, navigating to a designated castegister, unloading
the product on the belt, picking them up on the other side of the belt, and
navigating back to the docking area near the entrance. Figue 3 shows the
route along which the experiments were conducted.

Five shopping iterations were conducted for each product ge The fol-
lowing measurements were taken during each run: 1) navigatin time from
location to location; 2) product retrieval time (time inter val that starts when
RoboCart stops and instructs the shopper on where the producis in the
target space and ends when the shopper puts the product into BboCarts
basket); 3) the distance between the robot and the product; ad 4) the num-
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ber of other shoppers encountered on route. We also recordembservations
regarding speci ¢ haptic cues used by the participants to nd products. Two
observers accompanied the participants on every run: the st observer was
monitoring RoboCart; the second observer was making and rarding mea-
surements and observations.

Third, each participant was given an exit questionnaire to assess the sub-
jective impression of the shopping experience with RoboCar The question-
naire consisted of ve questions whose answers were points1id 0 point Likert
scales (See Apendix A). If the participants response was belv 5, the partic-
ipant was asked to comment on why he or she gave a low mark.

5.1.3 Results

To test Hypothesis 1, the two populations were product retrieval times for
the rst and the fth iteration, respectively. Each partici pant shopped for 12
products, which gave us 12 items in each sample. The pairedtest at p =
0.01 was used to compute the t-statistics for all participans. The resulting
p-values for each of the t-statistics are statistically sigii cant at the p=0.01
level. There appears to be su cient evidence to reject the ndl hypothesis that
the shopper's e ciency in the supermarket is not a ected by t he shopper's
exposure to the target space. As Figure 5 indicates, the proakct retrieval time
reduces with every iteration. Thus, the participant's e ci ency in maneuvering
the haptic space in the target space appears to improve with xperience. It
is reasonable to expect that the shopper's performance in th target space
eventually reaches an asymptote and becomes optimal giveiné participant's
sensory, cognitive, and physical abilities.

Fig. 5 Shopping Iteration Vs. Product Selection time.
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To test Hypothesis 2, we measured the distance to the productrom where
the robot stops. Since the description that RobotCart givesto the shopper
after it brings the shopper into the target space contains tte direction and
shelf number of the product (e.g., product X is on the third shelf on your
right), the distance can be considered as an accurate indi¢ar of the area
of the target space. Surprisingly, we found a very low corredtion coe cient
(Pearsons product moment) of 0.37 between the target spacerea and the
shopper's performance, which suggests that Hypothesis 2 myanot hold for
our sample. Our notes during the experiments and informal caversations
with the participants after the experiments suggest that this outcome may be
explained by the presence of various haptic cues in the targespace. Certain
haptic cues in the target space help the shopper retrieve theéarget product
faster. One participant remembered the shape of the cookingil spray can
(one of the target products) and remembered that it was locaed near a label
protruding from the shelf. Another participant remembered that a target
product was located 10 barcodes to the left of a bad barcode vith the
barcode reader could not read.

To test Hypothesis 3, we used the product density as the measa of the
target space complexity. The product density was computed a the number
of products per foot between the robot and the target producton the correct
shelf. The measurement was motivated by our previous ergomoic studies
where it was found that the shoppers easily nd the correct skelf from the
robot's instructions but may have di culties scanning the b arcodes on the
shelf. A general trend of decrease in e ciency with increasng complexity is
observed. Product retrieval time and target space complexy have a corre-
lation coe cient of 0.7.

To test Hypothesis 4, we compared how the participants perfamed with
respect to each other. During the rst shopping iteration, the shopper does
not have any knowledge about the target space. Since the tarj space com-
plexity is the same for all shoppers for any given product, itis sensible to
suggest that the shopper's individual sensory and physicahbilities will make
the greatest di erence in the absence of any knowledge of théarget space.
Using the data from all participants after the rst shopping Figure 3: Perfor-
mance Vs. Iteration: Learning in target space iteration, ore-way ANOVA was
used to test for a statistically signi cant di erence in the target space per-
formance between he participants. To make the test less biasl, we removed
Participant 10, because she had partial sight su cient to detect product
shapes and even read product labels at a close distance.

Among the other 9 participants, 4 had some residual vision ad could see
color blobs. However, none of them could read enlarged textThe other 5
participants were completely blind. No signi cant di eren ce in performance
was found (df = 8, F = 1.504, P = 0.17). One explanation is that RoboCart
minimizes minor sensory di erences of the shoppers and endds them to
retrieve products in the absence of any knowledge of the tamgt space.

One-way ANOVA was computed on the data from 9 participants after the
fth iteration, i.e., after the participants were exposed t o the target spaces.
It was found that there was signi cant di erence in performa nce between
participants after exposure (df = 8, F = 5.961, P < 0.0001). Thus, minor
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di erences in sensory abilities appear to make a di erence gyen some knowl-
edge of the target space. The shopper may be able to utilize &ior her sensory
abilities optimally after receiving some exposure to the taget space, but not
before.

Hypothesis 5 is based upon our conjecture that some parts otk target
space are more easily accessible than others. We expectedatithere might
be signi cant di erences in performance of the shoppers bateen retrieving
products from top, middle and bottom shelves. Using the datacollected
after the rst iteration, one-way ANOVA was computed for thr ee samples
of runs, each of size 40. It was found that there was signi cahdi erence
in performance (df = 2, F = 4.737, P = 0.011). We were now interested in
nding out if knowledge of the target space was a factor. Oneway ANOVA
was computed on three samples of runs, each of size 40, obtath after the
fth iteration. No signi cant di erence in performance was found (df = 2, F
= 0.2701, P = 0.76). Some knowledge of the target space appearto make
di erent parts of the space equally accessible.

We also tested whether the technology readiness index (TRIXGockley
and Mataric, 2006; Parasuraman, 2000) is an indicator of howvell the shop-
per performs with RoboCart. Each participant was given the TRI survey.
The survey consists of four groups of questions to be answateon a Likert
scale: Optimism, Innovativeness, Discomfort, and Insecuty. All four TRI
components have low correlation coe cients with performance: 0.47, 0.29,
0.53 and 0.22, respectively. While the TRl may be a reliable pedictor of a
users readiness to use desktop computer technologies, it wanot a reliable
predictor of how the participants in our sample performed wih RoboCart.

We conducted exit surveys to assess the participants' subjive impres-
sion of safety, smoothness, comfort, informativeness, andverall experience
with RoboCart. The questions in our survey focused more on daty and
comfort and are less generic than the NASA Task Load Index (NASA-TLX)
guestionnaire (Hart and Staveland, 1988) that attempts to assess the per-
ceived level of workload using more abstract categories. Webtained the
average values for each quality, in the range of 1 to 10, with Ibeing the
worst and 10 being the best. The averages were as follows: saf = 8.66;
smoothness = 7; comfort of navigation = 8.5; informative feelback from the
robot = 6.66; overall experience = 8.33. Low value for smootimess was given
by one participant who thought that RoboCart made several sharp turns at
the ends of aisles. Two participants gave low scores on robdeedback from
the robot and indicated in their comments that they wanted more feedback
from the robot during locomotion. We will address their comments in Section
5.

5.2 Product Selection Interface Experiments

It was logistically dicult to acquire a large number of blin d participants
for the study. Experiments were conducted with 5 blind and 5 sghted-
blindfolded participants. The participants' age ranged from 17 years through
32 years and all participants were males. To avoid the discofiort of wearing
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a blindfold, the keypad was covered with a box to prevent the ghted partic-
ipants from seeing it. The experiment was conducted in a labratory setting.
The primary purpose behind using sighted-blindfolded paricipants was to
test whether they di ered signi cantly from the blind parti cipants, and thus
decide whether they can be used in further experiments to reface blind par-
ticipants. We propose to test the following planned researb hypotheses. Let
H1-0, H2-0, H3-0, H4-0 and H5-0 be the corresponding null hygtheses.

Hypothesis 1: (H1) Sighted-blindfolded participants perform signi cantly
faster than the blind participants, on average.

Hypothesis 2: (H2) The browsing interface is signi cantly worse than
the typing interface.

Hypothesis 3: (H3) The browsing interface is signi cantly worse than
the speech interface.

Hypothesis 4: (H4) The typing and speech interfaces are signi cantly
di erent.

5.2.1 Procedure

We used the product repository obtained from the household poducts database
website Household-Products-Database (2004). The reposity contains 11,147
products organised into a 4-level hierarchy. A grocery stoe typically contains
over 20,000 products. We used the household products databka since we were
unable to obtain a su ciently large grocery database.

The following procedure was followed for each participantAfter arriving
at the lab, the participant was rst given an introduction ab out the purpose
of the experiments. Each participant took on an avergae of 20minutes to
become familiar with the interfaces. In that, the participant tried to select
three product using each interface, under the guidance of th experimenter.
The session-1 of experiments started after the training seson. Each task
was to select a product using an interface. A set of 10 randoml selected
products (set-1) was formed. Each participant was thus reqired to perform
30 tasks (10 products x 3 interfaces). Because of his schedylone of the
participants was unable to perform the ten browsing interface tasks. The
product description was broken down into 4 parts: product nane, brand,
special description (scent/ avor/color), and the text tha t would appear in
the result. An example is given in table ??. During the course of a task, if
the participants forgot the product description, they were allowed to revisit
it by pressing a key. This would be avoided if a task rises out bthe personal
needs of the participants.

For session-2, another 10 products (set-2) were randomly kxted. After
the initial 30 tasks in session-1, , 20 more tasks were perfored by each
participant (10 products x 2 interfaces). Since the typing and speech inter-
faces were of more interest to us, we skipped the browsing iatface tasks in
session-2. The purpose of session-2 was to check if, and howeh the par-
ticipants improved on each of the two interfaces, relative b the other. Since
the all the tasks were not necessarily of the same complexitthere was no
way to check the learning e ect. After both sessions, we condcted a subjec-
tive evaluation of the interfaces by monitoring the NASA Task Load Index
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Table 1 Main E ects

Source Main E ects (ANOVA)
Interface F(2,243)=42.84, P<0.0001
Condition F(1,243)=9.8, P=0.002
participant | F(8,243)=9.88, P<0.0001

(NASA-TLX) to each participant. The experiments were rst ¢ onducted with
5 blind participants and then with 5 sighted, blindfolded participants.

5.2.2 Statistical Methodology

Repeated measures analysis of variance (ANOVA) models werdted to
the data using the SAS™ statistical system ?. Model factors were: inter-
face (3 levels: browsing, typing, speech), condition (2 lesls: blind, sighted-
blindfolded), participant (10 levels: nested within condition, 5 participants
per blind/sighted-blindfolded condition), and set (2 levels: set-1 and set-2,
each containing 10 products). The 10 products within each sewere replica-
tions. Since each participant selected each product in eacket, the 10 prod-
uct responses for each set were repeated measures for thisidy. Since the
browsing interface was missing for all participants for set2 products, models
comparing selection time between sets included only typingand speech inter-
faces. The dependent variable was, in all models, the produicelection time,
with the exception of analyses using the NASA-TLX workload measure. The
overall models and all primary e ects were tested using an -level of 0.05,
whenever these e ects constituted planned comparisons (gehypotheses).
However, in the absence of a signi cant overall F-test for aly given model,
post-hoc comparisons among factor levels were conducteding a Bonferroni
adjusted -level of 0.05/K, where K is the number of post-hoc comparisas
within any given model, to reduce the likelihood of false sigi cance.

5.2.3 Results

For an overall repeated measures model which included the ects of inter-
face, condition, and participant (nested within condition), and the interac-
tion of interface with each of condition and participant, using only set-1 data,
the overall model was highly signi cant, F(26,243) = 7.00, P < 0.0001. The
main e ects observed within this model are shown in table 1. Al the main
e ects were signi cant. Interaction of interface x conditi on, F(2, 243)=0.05,
P = 0.9558 and interface x participant, F(14, 243)=1.17, P = 0.2976 was
observed. Thus, mean selection time di ered signi cantly among interfaces,
but the lack of interactions indicated that the interface di erences did not
vary signi cantly between blind and sight-blindfolded gro ups, nor among in-
dividual participants. In the ANOVAs, note that the DoF fort he error is 243
because one of the participants did not perform the browsingasks.

Mean selection time for the group of blind participants was 2.6 secs ver-
sus a mean of 58.8 secs for sighted-blindfolded participast and the di erence
in these means was signi cant (t = 3.13, P = 0.0029). As might be expected,
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participants di ered on mean selection time. However, the majority of the
di erences among participants arose from blind participant 5, whose mean
selection time of 120.9 (s) di ered signi cantly from the mean selection time
of all others participants (whose mean times were in the 53-8 secs range) (P
< 0.0001 for all comparisons between blind participant 5 and kother partic-
ipants). When blind participant 5 was dropped from the analysis, the main
e ect of both condition and participant(condition) became non-signi cant
(F(1, 216 ) = 0.16, P = 0.6928, and F(6,216) = 0.44, P = 0.8545, espec-
tively). The interactions of interface with each of condition and participant
remained non-signi cant also. It appears that on an averagewhen the outlier
(participant 5) was removed, blind and sighted-blindfolded participants did
not really di er. Thus the data leads us to con rm the null hyp othesis H1-0,
and thereby reject H1.

Fig. 6 a. Mean selection times for blind and sighted-blindfolded p articipants
against all interfaces, b. Change in mean selection times fa typing and speech
interfaces from Session-1 to Session-2.

Further, a graph of the mean selection times of the blind and he sighted-
blindfolded participants for each interface is shown in gure 6a. The almost
parallel lines for the blind and sighted-blindfolded participants suggest that
there is no interaction between the interface and the partiégpant type, which
is also con rmed by the ANOVA result presented earlier. In other words, the
result suggests that the interface which is best for sighteeblindfolded users
will also be best for blind users. We therefore take the libety not to make any
explicit distinction between the blind and sighted-blindfolded participants,
during the remaining analysis in this paper.

The main e ect of interface type as shown in table 1, suggestghat on
an average (over all participants), two or more interfaces der signi cantly.
Mean selection times for the 3 interfaces were, respectiwel 85.5, 74.1, and
37.5 (seconds). Post-hoc pairwise t-tests showed that theyping interface
was faster than the browsing interface (t = 2.10, P = 0.0364), although
statistical signi cance is questionable if the Bonferroniadjusted is used here.
We therefore were unable to reach a de nite conclusion aboutH2. Each of
the browsing and typing interfaces was signi cantly slowerthan the speech
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Table 2 Post-hoc t-tests to study workload, mental demand and frust ration im-
posed by the modalities (? indicates a signifcant test)

Post-hoc t-tests

Browsing x Typing [ Browsing x Speech | Typing X Speech
Mental t=1.075, ?1=3.822, ?t=4.011,
Demand P=0.2962 P=0.0012 P=0.0008
Frustration | ? t=6.974, t=1.348, ?1=4.428,

P<0.0001 P=0.1833 P=0.0004
Overall ?1=3.369, ?1=4.126, t=0.9910,
Workload P=0.0034 P=0.0006 P=0.3348

Table 3 Mean values of mental demand, frustration and overall workl oad

Browsing | Typing | Speech
(0-100) (0-100) | (0-100)

Mental Demand 45.6 35.9 134
Frustration 47.8 1.8 34
Overall Workload 64.4 41.65 35

interface (t = 8.84, P < 0.0001, and t = 6.74, P< 0.0001, respectively). This
led us to reject the null hypothesess H3-0 and H4-0.

Since this dierence in typing and speech interfaces conceied us the
most, we decided to compare the interfaces on the measures tained from
the session-2 of the experiments. Set-2 was signi cantly fater than set-1,
averaged over the two interfaces and all participants (t = 6.14, P < 0.0001).
Since we did not have a metric for the task complexity, we wereunable
deduce if this result re ected the learning e ect of the participants from
session-1 to session-2. However, a signi cant interactiorf interface x set,
F(1, 382)=13.8, P=0.0002 was observed. The graph of the settion times
during sessions 1 and 2, against the interface type is showmigure 6b. It
appears from the graph (gure 6b) that the improvement with t he typing
interface was much larger than that with the speech interfa@. The reduction
in selection times from session-1 to session-2 varied sigrantly for the typing
and speech interface (t =, P < 0.0001). This was probably because, since
the participants were already much faster with the speech iterface than the
typing interface suring session-1, they had much less roomotimprove with
the speech interface during session-2.

A strong Pearson's product moment correlation was found betveen se-
lection time and query length for both typing and speech intefaces, with
r = 0.92 and r = 0.82 respectively. To calculate the PPM correlation, we
averaged the selection times over all products having the sae query length.
This just con rms the obvious that on an avergage, selectiontime increases
with number of characters typed or words spoken.

We used a between-subjects design to study the data obtaineffom the
NASA TLX questionaire. The modality type was the independent variable
and mental demand frustration and overall workload were the dependent
variables.

A one-way ANOVA indicated that there was a signi cant di ere nce among
the three modalities in terms of the mental demand, frustration, and overall
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workload, . ((F(2, 27) = 16.63, P < 0.0001), (F(2, 27) = 16.63, P< 0.0001),
and (F(2, 27) = 10.07, P = 0.0005) respectively). Post-hoc par-wise t-tests
for the three dependent variables with Bonferoni adjusted -level of 0.016
are shown in Table 2. The mean values of mental demand, frusation and
overall workload for the three modalities are shown in Table 3.

6 Discussion

The shopper's e ciency in maneuvering the haptic space in a gven target
space appears to improve with experience provided that the drget space
remains the same each time the shopper is exposed to it. By pwiding an
e ective interface to the locomotor space of the supermarkg the robot en-
sures the stability of the target space with respect to each poduct over time,
which gives the shopper an opportunity to learn how to maneuer the haptic
space inside the target space.

Ideally, the target space coincides with the haptic space.n practice, how-
ever, the best the robot can do is to bring the size of the targespace as close
to the size of the haptic space as possible. A low correlatiogoe cient was
found between the target space area and the shopper's perfmance in our
sample, which may indicate that the target space sizes ensed by RoboCart
and the egocentric verbal instructions inside the target sgces contribute to
faster product retrievals and minimize the e ect of minor di erences in visual
abilities. The shopper's performance in the target space idikely to become
optimal with respect to the shopper's sensory, cognitive, ad physical abili-
ties. It remains an open question what is the optimal size of lhe target space
for a given shopper and a given product.

Our results suggest that the paucity of verbal instructionsin target spaces
may be desirable for some shoppers, because it does not raibe shopper's
cognitive load and enables the shopper acquire individuayl valid haptic cues
not explicitly mentioned by the system. Minor di erences in sensory abilities
appear to make a di erence only after some knowledge of the tayet space has
been acquired. In other words, the shopper may be able to putd personally
optimal use his or her sensory abilities after receiving som exposure to the
target space.

We have argued that, to guarantee independence, an assisgvshopping
device for the visually impaired must provide the shopper wih interfaces to
the haptic and locomotor spaces in the supermarket. Robotianobility aids,
such as GuideCane (Ulrich and Borenstein, 2001), Guido (Hatica, 2001),
and Harunobu-6 (Mori and Kotani, 1998) focus on the haptic sm@ace and
leave the handling of the locomotion space to the user. Recémproposals to
address the visually impaired shopping problem with purelywearable means
also stay in the haptic space (Lanigan et al, 2006). In our opiion, these
solutions are unlikely to lead to the elimination of the barrier to large scale
or small scale shopping, because they focus only on one spdbaptic) and do
not address the loss of independence. We believe that, to resim independent,
the visually impaired shopper must be able not only to retrieve products from
shelves but to handle the locomotor space in the supermarketin addition,
though the trichotomous ontology of spaces in the supermar&t was developed
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to evaluate the shopper performance with RoboCart, we beligee that it can
be used to evaluate the performance of any assisted shoppirgvice.

Are robots necessary to overcome this barrier for the visudy impaired?
For large scale independent shopping the answer appears toeba rmative
because locomotion with a shopping cart in front may not be pasible in
the absence of vision. Whether or not wearable small scale spping solu-
tions will be found for the visually impaired may well depend on the ability
of those solutions to provide e ective interfaces to the lo@motor spaces of
supermarkets.

7 User Comments

User comments provide valuable insights into the limitations of our system.
In this section, we will analyze several user comments that e relevant to
the problem of robotic interfaces to the haptic and locomota spaces in the
supermarket, and the problem of rapid product selection inerfaces.

7.1 Comments on RoboCart

Comment 1: Instead of just following the robot, doing nothing, | would ike
to know what products | am passing by.

The comment suggests that some participant may want to get moe out
of their shopping experience than just buying the required poducts. It is
an open research question how much information is enough. Me broadly,
this question is related to the question of understanding ad representing
the users context to provide more useful computational serices dynamically
(Dey and Abowd, 2000; Jacquet et al, 2004; Tversky, B. and LeeP., 1998).
In the context of a supermarket, it is not practical to tell th e user about each
and every product that the robot passes by. Perhaps, inforrmg the shopper
about sales and higher product categories, e.g. cereal, caed products, etc,
is what some participants would like RoboCart to inform them about.

Comment 2: It would really help me if it can tell me in which direction
to go after | scan every barcode. That way | can know if | miss adrcode.

During the experiments it was observed that some participams would
often overestimate the distance from the robot to the produd. In such cases
it was hard for them to realize that they should scan the next barcode in the
opposite direction. What is needed is a detailed spatial toplogy of barcodes
in target spaces. Once such a topology is available, RoboCacan give the
user step-wise instructions to nd the product in the target space: scan left,
scan right, move one shelf up, etc.

Comment 3: It would be really helpful if the robot could stop exactly in
front of the product.

RoboCart cannot stop exactly in front of the product. Even if the robot
knew the x and y coordinates of every product in the store, it would still
be unable to stop exactly in front of each product due to the pesence of
other shoppers in the store. When this was explained to the pdicipant, the
participant gave the following comment.
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Comment 4: Okay, | understand that. However, it is easier to stay be-
hind the robot than go around it. So it would be nice if the robbcould stop
after passing the product.

This is a fair comment that gives us a valuable insight on how ve can
improve the robot's interface to the target space in the future.

Comment 5: It would be better if the robot can emit some beeps instead of
the sonar clicking. The clicking sound gets irritating realsoon and is di cult
to trace in presence of background noise.

This comment suggests that such seemingly minor issues likdhe sonar
clicking can a ect the shopper's experience. Since the shqger must return
to RoboCart after retrieving the product from the shelf, RoboCart should
emit adequate soni cation beacons in the target space. Whatbeacons are
adequate is a research question that we hope to address in tHature.

Comment 6: How will this thing help me with produce?

It will not. RoboCart can take the shopper to the target space of a given
item in the produce section and instruct the shopper on how tond the target
item. However, RoboCart cannot help the shopper recognizehte freshness of
fruits and vegetables. We consider this important problem © be outside of
the scope of our project.

7.2 Comments on Product Selection Interfaces

Comment 1: Though the speech-based interface works fast, the speecboge
nition errors are really frustrating.

The comment conforms with the high frustration level indicated by the
participants in the NASA TLX survey for the speech based interface. Of-
ten times some words could not be recognized and the particgmts would
just sit there wondering what to do next. Such situations woud be greatly
discomforting for the shopper in a real supermarket.

Comment 2: It would be nice to have some combination of speech and
typing. That way | can speak a word that | can't spell.

A hybrid interface which allows the user to switch between typing and
speech could be advantageous. Though there is been signi naresearch in
multi-modal interfaces, none of these interfaces are targed speci cally to-
ward rapid selection in large hierarchies.

Comment 3: Browsing is useful when you are not sure what exactly you
want to buy. It helps you to kind of browse through di erent khds of products
out there.

We believe that the browsing interface is not appropriate fa rapid product
selection. However, the shopper can be allowed to switch tohie browsing
mode when the exact product is not known. Also the shopper migt be
able to select a product category fairly rapidly if the product hierarchy is
trimmed to contain only the high level categories. The browsng e ciency
with a trimmed hierarchy would however depend on the size andrganization
of the trimmed hierarchy.
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8 Conclusions

An assistive shopping device for the visually impaired thatensures indepen-
dence must provide the shopper with interfaces to the hapticand locomotor
spaces in the supermarket. These interfaces should eithefiminate the ne-
cessity of frame alignment or enable the visually impaired 6 reliably align
the frames. Robots can function as interfaces to the haptic ad locomotor
spaces in supermarkets by eliminating the need of frame alignent in the
locomotor space and cuing the shopper to the salient featueof the target
space su cient for product retrieval.

The paucity of verbal instructions in target spaces may be dsirable for
some shoppers, because it does not raise the shopper's cdiya load and
enables the shopper acquire individually valid haptic cuesiot explicitly men-
tioned by the system. Minor di erences in sensory abilitiesappear to make a
di erence only after some knowledge of the target space hasden acquired.
In other words, the shopper may be able to put to personally ogimal use his
or her sensory abilities after receiving some exposure to thtarget space.

An interface which enables rapid selection of products is esntial. Brows-
ing interfaces which work well for smaller menu driven hierachies, performs
poorly for large object hierarchies. A hybrid interface conbining speech and
typing would be helpful.

To remain independent, the visually impaired shopper must & able not
only to retrieve products from shelves but to handle the locanotor space in
the supermarket. Thus, robot assistants may be necessary ttor the visually
impaired in large scale independent shopping, because lotwtion with a
shopping cart in front may not be possible in the absence of wion. Whether
or not wearable small scale shopping solutions will be foundor the visually
impaired may well depend on the ability of those solutions toprovide e ective
interfaces to the locomotor spaces of supermarkets.
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