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ABSTRACT
Warehouse picking is a traditional part of assembly and in-
ventory control, and several commercial wearable comput-
ers address this market. However, head mounted displays
(HMDs) are not yet used in these company’s products. We
present a 16 person user study that compares the efficiency
and perceived workload of paper picking lists versus a HMD
system aided by contextual cueing. With practice, users of
the HMD system made significantly faster picks and made
less mistakes related to missing or additional picked items
overall.

Categories and Subject Descriptors
H.5.2 [Information Interfaces and Representation]: User
Interfaces—benchmarking, theory and methods, screen de-
sign

General Terms
wearable computing, benchmark methodology, user study

Keywords
picking, hmd

1. INTRODUCTION AND RELATED WORK
Early in the history of wearable computing, researchers

focused on the tasks of inspection, maintenance, and repair
as potential areas where wearable computing might prove
beneficial [9, 7]. Siewiorek et al. provide an overview of the
lessons learned from user studies of deployed prototypes in
these areas [8]. Commercially, one early success by Symbol
Technologies (acquired by Motorola) was in creating a arm-
mounted barcode scanner that could speed package scanning
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and inventory control [11]. Pittsburgh-based Vocollect ad-
dressed another niche, inventory picking, using their speech-
only interface [10]. While Vocollect has been successful, the
user studies mentioned above for similar problems suggest
that head-mounted displays (HMD) might also prove useful
for the task of inventory picking. Our work here focuses on
the inventory picking problems faced by our partners in the
automobile industry.

Picking is the process of collecting items from an assort-
ment in inventory and represents one of the main activities
performed in warehouses. Picking accounts for 55% [1] to
65% [3] of the total operational costs of a warehouse. Typ-
ically the process begins with a picking list, which specifies
the location of each type of item, the number of items to be
picked, and the sequence in which the items will be picked.
A worker collects the items from stock and transports the
items to a specific location.

In automobile manufacture, our specific focus, engines
are assembled from various inventory stock based on model
number. Errors in picking can slow the assembly process
considerably. Meanwhile, manufacturers want the picking
process itself to be as efficient as possible. Yet, the various
sizes and shapes of the parts make automation with robotics
difficult.

Like Mizell’s augmented reality task of assembling wire
bundles for aircraft [5], inventory picking is well-suited for
experimentation. Most laboratories that make physical pro-
totypes experience inventory problems related to those in the
production environment (Yarin and Ishii [12] take advantage
of this fact and demonstrate the use of contextual informa-
tion in a picking scenario by providing ambient information
on shelf usage). Thus, inventory picking environments are
easily reproduced in the laboratory (with varying levels of
fidelity) where conditions can be controlled and the user can
be monitored.

Besides being readily reproduceable and modeled after a
real-world task, experimental procedures to explore wear-
able computer designs should allow ease of variation of con-
ditions, such as type of subject, equipment, and interface.
Small changes can often have large effects, and the researcher
needs to uncover what factors are most important in user
performance.

Ideally, we would like an experimental environment where
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a wearable computer interface can demonstrate improve-
ments over traditional methods, and the metrics used to
evaluate the system have sufficient sensitivity to show the
effect of changes to the interface. Given past commercial
successes, picking seems a logical choice. Picking has the
benefits of being simple to teach to novice users and fast to
perform so that many trials may be executed in a small pe-
riod of time. Hopefully, learning effects can be modeled, and
expert users trained quickly, if desired. In addition, picking
can be made mentally, visually, and manually taxing, simi-
lar to many other tasks that are being investigated for aug-
mentation with wearable computers. Standard quantitative
metrics, such as performance time and accuracy, and sub-
jective metrics, like the NASA Task Load Index (TLX) [4],
can be applied to experiments. Finally, picking also has a
simple, ecologically-valid control condition that can be used
for comparision — the paper picking list.

In this paper, we share our attempt at creating an in-
ventory picking experimental procedure, describe potential
improvements, and provide the results of a study that com-
pares the use of a traditional paper-based picking list to a
wearable-based system with HMD and contextually-based
cueing [2].

2. EXPERIMENTAL ENVIRONMENT
We designed the experimental environment and the task

to closely model that of the current assembly processes of
our partners. For convenience, we will use the term “pick”
to mean the removal of one or more items from an inventory
bin. Subjects might pick several items before placing them
into the specified receiving bin on the picking cart (see fig-
ure 2). We group picks into tasks. For each task, the user
must pick a variety of parts from the inventory bins and
place them in the correct receiving bins. As many as eight
receiving bins may be used representing up to eight “pre-
assembly” groups that the subject must pick. In keeping
with our observation of actual work situations, some pre-
assembly groups require a small amount of manual assembly
before the task is considered complete. In practice, such as-
semblies provide real-time plausibility check to the user as to
the correctness of his picks. For example, some of the parts
assembled into portions of a small house. Figure 3 shows
the result of several of these manual assemblies. For con-
venience and reproducability, we use the popular LEGOTM

brand building blocks for our parts.

2.1 Inventory and receiving bins
Figure 1 shows an overhead view of the experimental set-

ting. The user stands with his picking cart in four shelves,
labeled A-D. Each shelf consists of 12 bins. Each bin is la-
beled with its row and column position on the shelf. The
subject places picked items into receiving bins on a wheeled
cart (see figure 2). The subject is free to move and orient
the cart for his convenience. The experimenter records the
activities on the participant on a TabletPC, which controls
the context displayed during the HMD trials.

2.2 Paper picking list
Figure 4 shows an example paper picking list. Parts to

be picked are listed in groups that reflect how they will be
assembled. This organization is used in the field and aids
pickers’ intuition as to which part may be needed next. The
picker is free to optimize his performance as he sees fit.

Figure 1: setting sketch

Figure 2: picking cart

Figure 3: 6 of 74 possible assemblies from 40 tasks

Figure 4: paper pick list for task 9
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Figure 5: HMD interface shows which parts need to
be picked

Figure 6: the pink highlighting shows the last pick
completed

2.3 Wearable computer
For this study, we are using a modified Porteo 60-CX

wearable computer made by teXXmo featuring a 1.5GHz
x86 processor. The computer is worn in a jacket with the
computer stored in a pocket at the back see figure 2). The
Trivisio M3 color HMD has 800x600 resolution and is worn
over the right eye. The computer is connected by a wireless
local area network to the experimenter’s tablet PC (a Kaleo
GX), and the subject’s interface is controlled remotely by
the experimenter.

Figures 5, 6 and 8 demonstrate the interface displayed on
the HMD. The interface was designed to take advantage of
the user’s context as they perform the picking task. When
the user stands in front of a shelf, only parts that need to
be picked from that particular shelf are displayed. The user
is presented with the groups of objects to pick. Each part
in each group is labeled with its part number, its position
on the shelf, the number of parts to be picked, and the color
or type to be picked (if applicable). Each group is labeled
with the name of the receiving bin (e.g., Bodenplatte, Tuer,

Figure 7: as the user reaches into bin A22 the wizard
pressed the appropriate button

Figure 8: A22 is marked completed
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Figure 9: error message indicating a wrong pick

Wand links, etc.) into which the parts should be placed.
Completed groups are shown in grey and have a green check-
mark next to them. Picked parts are also indicated with a
green checkmark. Groups to be completed are shown in yel-
low. The most recent part picked is highlighted in pink so
that the user can keep track of his most recent action. If the
user reaches into the wrong bin an error message is displayed
(see figure 9). The error message is removed when the user
reaches into the bin to replace the incorrectly picked part.
At the bottom of the display, the name of the current shelf
is highlighted. When all parts from a given shelf have been
picked, the shelf itself is ticked as complete. When all parts
from the task have been picked, a message indication the
completion of the task is displayed.

2.4 Wizard of Oz context sensing
As figure 7 shows, the researcher emulates the context

sensing system. We choose this “Wizard of Oz” approach
for several reasons. First, we wished to see the value of us-
ing context before designing and deploying an appropriate
sensor system. In addition, we expected to discover new pos-
sible uses of context after we gained experience in running
the experiment. Furthermore, there are many ways to sense
which shelf the user has approached and which bin he is ma-
nipulating. Possibilities include RFID tags, accelerometers,
proximity sensors, capacitive sensors, and computer vision,
among many others. Running a user study before select-
ing the specific sensors allows us to better determine our
requirements for the final system design. Another key ad-
vantage is that a Wizard of Oz system is easily reproducible
by other researchers who wish to experiment with different
hardware or tasks without the overhead of implementing our
specific sensing solution. A less obvious advantage is that
experimenters can follow the same Wizard of Oz procedures
for the experimental condition and the paper-based control
condition to capture users’ performances. Such is the case
in the experiment described below. As the wizard’s actions
are logged, timing information can be recovered for both
the experimental and control conditions afterwards. Since
the wizard is performing the same actions for each condi-
tion, there is less potential for unforeseen variations in the
experiment.

During our experiment, the wizard uses his touchscreen
to select which shelf the user has approached. When the
user’s hand crosses the lip of a shelf, the wizard selects the

appropriate bin on his screen. The subject’s interface then
shows the pick associated with that bin as complete. We do
not assume that cost-effective sensors could recognize which
part was picked, how many parts where picked, or if the user
simply put his hand into the bin and withdrew it without
picking a part. Furthermore, we assume the sensors could
not determine if a part was replaced. Thus, the wizard’s
job was fairly simple if strict: select the appropriate shelf
and the appropriate bin each time the user’s hand crossed
the plane of the front shelf. The wizard had to follow these
rules very strictly so as not to provide uneven experiences
for the different subjects. In addition, in this experiment, we
used four wizards, further increasing the importance of care-
fully following the rules. Note, however, that this simulation
results in potentially confusing, but realistic, situations for
the users, which we document here. Potential situations
where our “context sensors” produce incorrect user feedback
include

• “Sensor” error: The wizard fails to press a button,
presses the wrong button, presses additional buttons,
or simply presses a button at the wrong time. If the
sensor error caused an error message on the screen, the
user might ignore the message or pretend to place an
“incorrect” piece in the appropriate bin to remove the
message. The user can address the other errors with
similar methods.

• Too few items picked: For example, the participant
picks one instead of two objects for a particular assem-
bly group. This situation is a true error on the part of
the subject and is noted at the end of the task. How-
ever, no error message is generated by the interface.

• User picks parts for two assembly groups at
once: Suppose the user sees that the same part num-
ber is used in two different assemblies. He might reach
into the bin only once and remove enough pieces for
all assemblies. The wizard marks this as one reach.
Thus, the user’s display will not mark as complete the
pick for the second assembly. The user might ignore
the screen and continue or reach in the bin a second
time to force the interface to mark the second pick as
complete.

• User picks the same bin multiple times for the
same assembly: Suppose the user’s HMD shows that
2 parts need to be picked for assembly group “Wand
links” and 3 of the same parts need to be picked for
assembly group “Wand rechts.” The user reaches into
the bin and picks one part, which results in the pick
for “Wand links” being marked as complete. Realizing
that he needed two parts for “Wand links”, the user
reaches into the bin a second time. At this point, the
“Wand rechts” pick is incorrectly marked as complete,
even though the user has only completed Wand links.
The user can not “take back” the pick to correct the
system. Instead, he has to remember to complete the
remaining pick (providing he realized the problem).
This situation can only occur when two or more as-
sembly groups require the same parts, and the most
likely result of the situation is that the user forgets
the pick for the later assembly group.
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3. PILOT STUDY
To avoid unnecessary usability problems with the HMD-

system, a pilot study was performed. A total of 15 partici-
pants used two variants of the HMD-system and the paper
version (5 groups of 3 subjects). The test took about one
hour for each participant. We discovered that participants
required significant time to become accustomed to wearing
the HMD. To combat learning effects, we decided to increase
the total time a user spends with the HMD to 2 hours. How-
ever, given the resulting long study duration, we changed
to a between-subjects study design. We also improved the
HMD user interface to address usability problems identified
during the study. For example, we changed the colors used
in the interface. Due to contrast issues, the original colors
were not well suited for a see-through HMD.

4. USER STUDY
25 participants (7 female) were recruited from students

of the university with a majority of participants from the
department of industrial engineering and computer science.
Of these, six were rejected due to early changes in experi-
mental procedure, one was rejected as a non-native German
speaker, and one was rejected due to a failure in the tim-
ing procedure. Of the remaining 16 subjects, 3 were female.
Due to the length of the study, a between-subject design
was chosen where the independent variable is the system
used (paper or wearable computer). Eight subjects com-
pleted each condition. When using the HMD, all subjects
were required to wear it over the right eye. Subjects were
given an allowance for their time in accordance with the pay
scales of student assistants.

Participants were given a sequence of tasks to pick parts
from the shelves. 43 different tasks were defined. Three
were used for training. The 40 tasks consisted of an average
of 22,725 picks. Tasks also included some small assembly
problems as described earlier. On average, the 13 tasks in
round one required 1.92 assemblies per task, round two re-
quired 1.96 assemblies per task, and the average number of
assemblies across all 40 tasks was 1.95 assemblies per task.
To avoid learning effects regarding the order of tasks, each
participant was assigned a different random permutation of
the task sequence with the exception that the same order
exists once for the HMD and the paper condition.

Paper-based tasks were ordered by pre-assembly groups,
as is currently done in industry. Then the list was ordered
by shelves and bins. An example paper-based task is shown
in figure 4. To take advantage of context awareness, HMD
tasks are grouped first by shelf, then assembly, and then bin.

First, each participant performs three tasks for training.
These tasks are used to explain the picking scenario and, in
the case of the HMD, to adjust it so that the participant can
see clearly. Two assemblies needed in the tasks are explained
to the participants explicitly. After this learning period,
subjects perform two rounds of picking tasks.

The first round consists of 13 picking tasks. The time
required for each task is recorded. A photograph is taken
of the picked parts in their receiving bins for later error
analysis (see figure 10). As the available parts are limited,
the picked items are decanted into a box and returned to
their inventory bins by an assistant. “Context” information
is recorded by the wizard for both the HMD and paper tasks.

The second round is identical to the first with the excep-

Figure 10: photograph of receiving bins for error
analysis

tion that the subject is given 27 picking tasks. Very few
participants finish all tasks before the end of the 2.5 hour
period. After the second round, the subjects complete the
NASA TLX. Due to a procedural mistake, 11 of the 16 sub-
jects completed the second page (“weightings”) section of the
TLX, though all subjects completed the scales.

5. RESULTS
In total, subjects completed 524 tasks representing 11,744

correct picks (not including the training tasks). As none of
the subjects had used a HMD before the study, much effort
in the training tasks and in the first round of tasks related
to the subjects learning to use the display properly. How-
ever, by the second round of tasks, the HMD users were
well accustomed to the display. Of the 27 tasks in the sec-
ond round, 2 HMD users and no paper users completed all
tasks. All subjects completed at least 13 tasks in the sec-
ond round before their 2.5 hour time slot was completed.
When comparing accuracies, we focus on the first 13 tasks
in the second round as they represent the more expert use
we would expect in practice.

5.1 Speed and Accuracy
We allowed subjects to continue performing tasks in round

two until the end of their 2.5 hour time slot. Subjects that
used the paper picking list averaged 396 picks in round 2
(ranging from 266 to 494 picks). Subjects using the HMD-
system averaged 458 picks (ranging from 337 to 600 picks).
While not statistically significant, these numbers are impres-
sive given that, on average, the HMD users spent much more
of their 2.5 hour slots learning how to use the system.

On average, subjects using the paper picking lists made
1.1% mistakes per pick (0-8 mistakes total per subject) while
users of the HMD system made 0.74% mistakes per pick
(0-11 mistakes total per subject). Figure 11 shows these
results. We further divide these mistakes into two classes.
The first class are mistakes that the context sensitivity of the
HMD system could help prevent. These “context mistakes”
include picking the wrong item or failing to pick an item.
While also a context mistake, no subject took a part from
the wrong shelf in the second round (paper users made two
such mistakes in the first round).
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For context mistakes, paper users made 0.76% mistakes/pick
and HMD users 0.19% mistakes/pick. A Welch Two Sam-
ple t-test shows that this result is significant (p < 0.05).
Figure 12 charts the percent of context mistakes made per
pick for each subject. The second class of mistakes, which
we will name “other mistakes,” include placing a part in the
wrong receiving bin, picking the wrong number of parts,
and picking the wrong color or type of part. For “other”
mistakes, paper users made 0.34% mistakes/pick and HMD
users 0.55% mistakes/pick.

Figure 11: total mistakes made by the subjects.

Figure 12: context mistakes: picking the wrong item
or failing to pick an item (visible by contextual cues
on the HMD).

Given the wizard’s logs, we could calculate the average
amount of time required per pick. The time per pick was
determined by comparing the time of the last pick (hand
movement across a shelf) to the current pick. Picks longer
than 25 seconds were ignored as these often correlate to tech-
nical problems. Averaging the picks from the 13 tasks from
round one and the first 13 tasks from round two, paper users
required 6.1 seconds/pick while HMD users required 5.3 sec-
onds/pick. One major advantage of the HMD users was
that their picking lists were ordered primarily by shelf. Pa-
per users, concentrating on completing assembly groups that
may be across several shelves, may require more time for re-
orienting themselves to each shelf. If we compare only picks
made on the same shelf, paper users needed 4.6 seconds/pick
while HMD users required 4.9 seconds/pick. This compar-
ison may reflect an implicit advantage for the paper-based
users when picking from only one shelf of parts. Because
the paper users picked according to assembly groups, they

could gather all parts for an assembly in their hands and
then place them in the same receiving bin simultaneously.
If HMD users gathered many parts in their hands before
transferring them to the cart, they would need to sort the
pieces into the correct receiving bin.

A small cause for convern is that one of the paper users
picked much faster than any other subject. For picks on the
same shelf, subject 10 picked an average of 33.8% faster than
other paper subjects. Without this subject’s data, paper
users averaged 4.9 seconds/pick for picks on the same shelf
– the same as the HMD users. We are investigating this
user’s data further as of this writing.

5.2 Learning effects
In figure 13 and 14 the time between picks for for HMD

and paper-based users is shown where figure 13 displays
times for all picks while figure 14 contains times for picks
on the same shelf only.

Figure 13 shows the average time per task over the 13
tasks in round one and the first 13 tasks in round two (for
a total of 26 tasks). A learning effect is clearly visible for
both paper and HMD users. Fitting a power law curve to
the data resulted in good matches. Paper times followed
the curve −15.072x0.043 + 22.811 with r2 = 0.852, HMD
times followed −1.257x0.311 + 8.017 with r2 = 0.955. Look-
ing at the times seen for the same shelf fitting result in
the curve −1.916x0.225 + 7.857, r2 = 0.614 for paper and
−0.949x0.346 + 7.082, r2 = 0.927 for the HMD condition.

While continued learning is evident past task 26, the im-
provement seems to be approaching an asymptote. The last
five tasks (22-26) show a statistically significant difference
between the paper and HMD results (p < 0.05). The dif-
ference over the last five sessions averaged 1.0 seconds/pick.
The last three tasks for round one (11-13) also show a sta-
tistically significant difference (as well as task 3, 4, and 15).
Interestingly, when only picks on the same shelf are con-
sidered for the tasks, the results are much more haggard.
Figure 14 shows these results.

5.3 NASA TLX
Figure 15 shows the results of the NASA TLX evaluation.

The Task Load Index can be used to compare the perceived
quality of user interfaces. No statistically significant effect
could be found. However, anecdotally, we observed a higher
mental demand for many of the HMD users. Figure 15 shows
the TLX results with standard deviations.

6. DISCUSSION

6.1 Improving the experimental procedure
Overall, the experimental procedure worked well (after

initial tuning) and inventory picking seems a promising refer-
ence task for wearable computing researchers. In 2.5 hours,
the average subject would perform 734 picks. As seen in fig-
ure 13, most learning effects were ameliorated by the end of
the study. Effects of the different conditions could be seen
quickly and proved significant by the end of each round.
However, while the number of errors showed significance
where expected, the absolute number of errors were small.
Perhaps the task could be made more difficult to better dif-
ferentiate the conditions.

Many of our particular choices for this experiment were
made to preserve ecological validity with the tasks performed
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Figure 13: all picks

Figure 14: picks on same shelf

in industry. If examining the differences in particular hard-
ware (e.g., two different HMDs) or control interfaces (e.g.,
speech versus context sensing), the experiment might be
modified for better internal validity. For example, assem-
blages might be removed from the procedure and the same
picking order might be given for all conditions.

Similar to Ockerman’s findings [6], we found that our sub-
jects performed the tasks in the order presented by the HMD
and paper picking lists. Given that our subjects are novices,
this behavior is to be expected. Perhaps true expert pickers
may begin to optimize their own performance further with
time. An in-situ study of current pickers in industry may
be in order to see if the external validity of the study may
be improved.

For our particular study, we plan to create better visual-
izations of the number of pieces and color/type of piece to
be picked. We will also explore the role of eye dominance
and hand dominance in picker’s performance (for example,
should the HMD be placed on the dominant eye?). Our
HMD also had a relatively small exit pupil and no focus
adjustment (the focus was fixed at arm’s length), causing
subjects difficulty in adjusting and using it. Perhaps a dif-
ferent HMD would have better results.

Figure 15: NASA TLX subscale ratings with bars
indicating one standard deviation above and below
the average (MD - mental demand, PD - physical
demand, TD - temporal demand, Pe - performance,
Ef - effort, Fr - frustration)

6.2 HMD vs. paper picking
HMD users made noticeable less mistakes where context

awareness could be applied, and the total number of errors
were trending to favor the HMD even though they were not
statistically significant. After running the experiment, we
realized that these numbers might be further improved by
adding context “sensors” on the receiving bins to help de-
termine if a part was transferred to the wrong bin. Thus,
a piece in the wrong bin would count as a “context” error
as opposed to an “other” error (as it is currently labeled).
In the experiment, 75 error messages were displayed to the
HMD user, and 59 were eventually removed due to the user’s
actions. Given this fact and the statistical results, context
awareness seems to have a distinguishable effect in this ex-
periment.

Note that the HMD results were hindered by wizard er-
rors and possible “sensor” inconsistency. Real sensors, as de-
scribed above, may result in better performance than that
observed with our wizards.

Picking speed showed a distinct improvement with the
HMD, especially as the users became more experienced. One
thing that limited HMD speed is the relative emptiness of
the bins. Subjects anecdotally reported that they found
picking from (the relatively rare) full bins much easier than
the mostly empty ones. Examining the picking speed on
parts from the same inventory shelf reveals that most of the
benefit may come from the ordering of the parts to bet-
ter optimize the physical movement of the user. A paper
picking list could be designed in a similar manner. How-
ever, the experiment did not consider the additional time
required to print and retrieve a paper picking list between
each task. In addition, a paper picking list can not be up-
dated dynamically as with an HMD. A wirelessly connected
wearable computer system may also be used to provide feed-
back to the inventory system as to empty or missing bins.
The inventory system may then provide real-time advice for
alternative locations for the required parts. The wearable
system also allows better monitoring of the assembly pro-
cess, possible helping to maintain ISO standards.
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While the NASA TLX results did not show a statistically
significant result at the end of the experiment, perhaps it
would have showed a result if the survey was also given at
the end of round one. Certainly, users had to spend effort
in learning to use the HMD. While part of this effort may
relate to the particular hardware chosen, any device would
require accommodation by the user. Even so, the decrease in
mistakes and increase in speed offered by context sensitivity
would seem to offset the 2.5 hour training time required.

7. FUTURE WORK
We chose a paper-based picking list as a control because

of its prevalence in industry today. An obvious future direc-
tion is to compare a speech-interface, similar to Vocollect’s,
with an HMD interface and a combination of the two. The
organization of the display and the amount of picking con-
text (which parts are next, how many parts remain on the
list, etc.) could also be explored. We are also interested in
repeating the study with different combinations of real sen-
sors which may provide us with improved context-sensing
(which seems key to improved accuracy and speed in this
task). Finally, we would like to explore the effects of dif-
ferent HMDs, display and wearable mounting positions, and
eye and hand dominance.

8. CONCLUSION
We have demonstrated an experimental procedure to eval-

uate the effect of wearable computers and contextual aware-
ness for an inventory picking task. In our particular sce-
nario, we have shown that the wearable system caused a
significant reduction (versus paper-based picking list) in the
amount of picking errors for the class of errors where con-
text sensitivity could be applied. Wearable users were also
faster pickers, due to the clustering of the parts into groups
based on to which shelf they reside. We hope to continue to
refine this experimental procedure and use it as a standard
for exploring the effects of different wearable interfaces in
the future.
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