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Figure 1: Subset of images from kitchen objects from our database, sorted by their perceived danger perception across the three
Scenarios (mezzaluna having the highest danger perception, napkin having the lowest).

ABSTRACT

In the future, humans collaborating closely with cobots in everyday
tasks will require handing each other objects. So far, researchers
have optimized human-robot collaboration concerning measures
such as trust, safety, and enjoyment. However, as the objects them-
selves influence these measures, we need to investigate how humans
perceive the danger level of objects. Thus, we created a database
of 153 kitchen objects and conducted an online survey (N=300) in-
vestigating their perceived danger level. We found that (1) humans
perceive kitchen objects vastly differently, (2) the object-holder
has a strong effect on the danger perception, and (3) prior user
knowledge increases the perceived danger of robots handling those
objects. This shows that future human-robot collaboration studies
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must investigate different objects for a holistic image. We contribute
a wiki-like open-source database to allow others to study prede-
fined danger scenarios and eventually build object-aware systems:
https://hri-objects.leusmann.io/.
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1 INTRODUCTION

Today’s voice assistants (e.g., Siri) can answer questions and access
APIs to control smart home environments. However, they cannot
support users through direct actions with the physical world. Do-
mestic robots like vacuum robots have the capability to interact
with the users’ environment. However, they are still only capable of
solving one specific task. In the future, collaborative robots (cobots)
can bridge this gap, either interacting with users directly or with
physical objects around them. The humans’ role during this inter-
action can range from only observing the other actor to working
cooperatively together [23]. To interact with the world, the cobot
will use common tools (e.g., a drill) or directly move objects (e.g.,
a dinner plate). In most cases, the robot manipulates the environ-
ment, and especially in more collaborative settings interacts with
the same objects as humans or does a hand-over [22]. Augmented
Reality systems can be used to show the intent of the robot and the
future position of objects [26, 34]. While we know that interactions
with robots carrying objects are associated with subjective feelings
of danger [25, 30, 32], it is unclear how users’ danger perception
differs between various objects and which objects are especially
dangerous when being carried by a robot as compared to a human.

We know that danger perception is influenced by different situa-
tional or personal factors [9, 10, 14, 29]. In particular, people hold-
ing objects of varying danger has an effect on danger perception,
whereas holding a dangerous object also increases the perceived
danger [1, 35]. Robots additionally are associated with a feeling
of eeriness and scariness themselves that may likewise be exacer-
bated when carrying dangerous objects [25, 30, 32]. However, from
a technical standpoint, cobots are designed to ensure users’ safety
by including collision detection via, e.g., force sensors [6, 8, 13].
Thus, users are not actually in danger but may still perceive the
situation as dangerous. This is further complicated by the fact that
future cobots may be able to carry and hand over any kind of object
in the physical space. To design human-robot interaction (HRI)
effectively, danger elicited by cobots has to be understood in tune
with the type of object that is maneuvered by the robot. To the
best of our knowledge, there is currently no extensive open-source
image database of kitchen utensils, especially not in the context
of danger perception in HRI. As direct interaction between robots
and humans is still very novel, the perception of danger is still
influenced by a multitude of things. By understanding how the
wielded object affects this interaction we can remove one element
of this danger perception equation.

We aim to understand how danger is perceived for various ob-
jects to allow for optimal HRI. In this work, we will focus on the
danger levels of kitchen objects as a prominent example of HRI,
cf. [5, 21, 31, 33]. In the kitchen, some of these objects can often-
times be dangerous. Kitchen objects like knives or a hot pan can
directly hurt users. Thus, we usually treat them more carefully than
other items. In detail, we investigated the danger perception of
objects from three different SCENARIOS: when the object is used
by oneself, when used by another human close by, or when used
by a cobot close by. Therefore, we curate a dataset of 153 unique
kitchen objects. Our dataset will also enable future research in the
domain of domestic cobots, e.g., kitchen cobots. In an online survey
with 300 participants, we gain an understanding of the differences
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in the perception of danger from kitchen objects. In this survey,
participants had to rate how dangerous they feel objects under the
three SCENARIOs: self, other, and robot. With this, we can understand
if users perceive cobots similar to other humans. The difference
between a robot and a human close by using an object is of special
importance to understanding long-term effects.

Our investigation of 153 different kitchen objects showed that
they are perceived vastly differently, ranging from 0 to 100 on a
101-point danger scale. The danger levels are generally consistent in
the three interaction SCENARIOS; however, our results showed that
the same object used by a cobot is more dangerous than when used
by self or other. Interestingly, when the cobot uses an object, fire is
perceived as very dangerous, even more than sharpness, but sharp
objects like knives are still among the most dangerous objects. Our
results highlight the need to investigate not only a single object to
understand optimal human-robot interaction. Therefore, we open-
source our database, allowing others to investigate their scenarios.
Moreover, as our current database is only a small step in identifying
a large number of objects that occurs in the HRI context, the next
step is to enlarge the database now that we have shown there is a
large impact of the object on the perceived dangers.

2 DATASET

To the best of our knowledge, there is no extensive dataset of items
with pictures, especially not kitchen objects. Most datasets in the
kitchen domain are video-based datasets, mostly used for action
segmentation tasks [7, 12, 17]. Other extensive datasets collected
3D-models of general objects [3, 18, 27] However, none of these is
an extensive dataset with labeled images of kitchen objects together
with an investigation of the perceived danger level.

Thus, we create an extensive open-source dataset of objects in
the following. In this initial step, we focus only on kitchen objects as
they already comprise many items and cover a wide range of object
properties. However, we will extend the list with more everyday
objects in the future. We aim to set a foundation for HRI research to
investigate how various items impact human-robot collaboration.
In the first step, we curate a list of names of kitchen objects and
representing images.

2.1 Item Generation

We created the first set of kitchen items in a 3-hour workshop with
four authors. Here, we started by investigating different kitchen
item lists online. During this, we also discussed the granularity
of items, e.g., when to group items. We decided to group items as
long as the functionality and intended use were the same. Thus, we
grouped all items in one group even if they have a different color,
form, and size, such as a red plate and a blue plate. However, when
the functionality of the intended us is different, we would put them
in different groups, e.g., paring knife and table knife.

With this initial list, we asked 30 additional people if they were
missing any kitchen items. The people were from four different
continents (South America, North America, Europe, and Asia) to
ensure a diverse set of cooking styles and cultures were represented
in the dataset.

In a second workshop, we discussed all item names with a North
American citizen to ensure consistent language. As we created this
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Figure 2: The vision of a future kitchen, where cobots support
users with their cooking tasks. Source: Oechsner et al. [21]
under Creative Commons license.

initial item list for human collaboration scenarios, we removed
it with the following exclusion criteria: The item is typically not
moved and, thus, typically has a dedicated spot in the kitchen, e.g.,
microwave or fridge. This resulted in our final set of 153 items. In
this stage, we also added alternative names for the items. Finally,
we took pictures of all the items enabling everyone to understand
the item even if the name was unclear. See Figure 1 for 28 example
items.

3 STUDY DESIGN

We conducted an online survey to understand how the perception
of the 153 kitchen objects differs. We asked 300 participants to rate
their perceived danger of each item. As items can be used in various
scenarios, we investigate three SCENARIOs: self, other, and robot.
In SceNARIO self, the item is used by one’s self. From a different
perspective, during Human-Human Collaboration when cooking
together, humans perceive the item from a bystander SCENARIO
(condition: other). Here, the perceived danger should change. In
line with this is Human-Cobot Collaboration, where the item is
being used by a cobot, not a human (condition: robot). See such an
example in Figure 2.

3.1 Questionnaire

We designed a four-part questionnaire to discover the perception
of various kitchen items, see Section A.1. We informed participants
beforehand that this questionnaire was about the perception of
different kitchen objects. In the first part, we asked participants
about their demographics (e.g., age, gender), and technical expertise
using the affinity for technology interaction questionnaire [11],
cooking expertise, and cooking frequency per week. For the next
three parts, each participant was assigned ten random kitchen
objects out of the 153 kitchen objects from our dataset. However, we
ensured that each item would have at least 15 results. We informed
participants before each part about what they should envision for
the next ten presented kitchen objects. In the second part, we asked
the participants about their familiarity with the shown kitchen
object, whether they own it, and lastly, about how dangerous they
feel that object is when they are using it themselves. The third
part (condition: other) showed the same ten objects in the same
order and just asked them how dangerous they find that item to be
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when someone else next to them used it. Lastly (condition: robot),
we asked about the danger perception when a robot next to them
would use that object. Before that, we showed the participants a
picture of a potential vision of such a robot in the kitchen being a
regular 6-Degree-of-Freedom robotic arm hanging from the ceiling,
see Figure 2. Lastly, we asked participants for general feedback via
a text field.

Participants answered the questions with sliders ranging from 0
(Strongly Disagree) to 100 (Strongly Agree), with the initial position
in the middle. We did not display the numbers or ticks on these
sliders, c.f. Matejka et al. [20] as such sliders have been shown to
lead to more precise responses [24]. Thus, we chose them over
standard Likert scales.

3.2 Preprocessing

During and after the survey, we rejected and removed participants’
responses, which either (1) were obvious low-effort responses, or
(2) had a miss-match between demographic data in prolific and our
survey. To find low-effort answers, we automatically screened the
responses. We flagged responses found by our automatic approach
and then manually looked at the responses to decide whether we
would reject that participant. Our questionnaire mainly consisted
of questions that had to be answered via a slider to select a value
between 0 and 100. Thus, we first looked if all questions had been
answered with the same value, so if people just took the slider and
dragged it completely to the left (0) or the right (100). Next, we
handpicked a set of very obviously dangerous (e.g., chef’s knife,
cleaver) and not dangerous items (e.g., sponge, napkin, dish towel)
and screened responses with unfitting danger perception scores.
When screening the responses, we would never reject participants
for just one outlier, but we would always consider the global scope
of the response. We also excluded responses where the age and sex
provided via prolific did not match their responses in our survey.

3.3 Participants

We recruited all our participants via Prolific!. In total, we accepted
responses from 300 participants (154 female, 142 male, and 4 non-
binary) balanced for six continents (Africa, Asia, Europe, North
America, Oceania, and South America), resulting in 50 participants
from each. On average, the participants were between 19 and 73
years old (M = 32.6, SD = 11.3). Out of the 300 participants, 175
stated to work full-time, 69 part-time, and 56 stated a different
employment status. On average, participants took 10.1 (min = 4.0,
max = 57.2, SD = 5.0) minutes to finish the survey. The average
household size of participants was 3.21 persons (min = 1, max = 10,
SD = 1.48). The majority of participants have a bachelor’s degree
or higher (149 bachelor’s, 42 master’s, and 11 Ph.D.).

4 RESULTS

In the following, we will present the results from the questionnaire
responses collected in October 2022. Every participant gave results
for 10 out of the 153 randomly selected objects. We collected survey
responses iteratively to make sure we had a balanced amount of
responses for every object. Every object got at least 15 responses
(M = 19.477, max = 30.00, SD = 3.424). We then created one dataset

Thttps://www.prolific.co/
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including all danger scores for the three SCENARIOs and the other
measurements, c.f. Figure 3. We use a Bayesian approach to data
analysis in the form of Bayesian linear mixed models (BLMM). The
Bayesian approach has been taken up lately in HCI [15, 16, 19, 28]
as it presents several advantages to classical statistics. Kay et al.
[16] explain the advantages of Bayesian statistics in HCI that are
also relevant to our study. We can incorporate prior knowledge
about the to-be-estimated parameters, get probability functions for
each parameter instead of point estimates, and the inferences are
more robust to non-normality in the data. We can incorporate a
large number of factors into our analysis and, most importantly,
are not testing binary hypothesis which would mandate correction
procedures. To model the data, we fitted several linear mixed mod-
els using brms [2] models in STAN [4] using 4 chains and 20.000
iterations with a warm-up of 10% for each. Effects were considered
meaningful when there was a particularly low probability (p; <=
2.5%) of the effect being zero or the opposite. In addition to the
median of the parameter, we calculated the High-Density Interval
(HDI) at 95% of the posterior distribution for all parameters, which
indicates the possible range of effects given the data, alongside the
median of the respective parameter.

4.1 Danger

We first investigated how the SCENARIO as fixed effect affects dan-
ger perception in a mixed effects model with random intercepts for
participants and stimuli with each random slope for SCENARIO. Self
was specified as a baseline with treatment contrasts. We found that
the SCENARIO robot has a distinguishable effect on the perceived
danger (pp < 0.001, Median = 16.272, HDIgs4, = [13.866, 18.770]).
Thus, objects carried by robots increased ratings by about 16 points
in our model. There is also a distinguishable effect from the Sce-
NARIO other on the perceived danger (p; = 0.005, Median = 1.656,
HDIyss, = [0.422,2.934]). Therefore, objects carried by others
elicited slightly larger ratings of perceived danger, see Figure 4.
To explore the effects of our other variable (familiarity, owning,
technical expertise, cooking experience, and cooking frequency),

we expanded the model by one fixed-effects level and also esti-
mated the interaction for each ScENARIO. The general results of
the questions leading to these factors are depicted in Figure 3. We
found a distinguishable effect between the parameter estimating
the robot x familiarity interaction (p, < 0.001, Median = 0.065,
HDIys4, = [0.026,0.103]). In the expanded model for owning, we
found a distinguishable effect for the parameter on owning objects
and robot (pp, < 0.001, Median = 4.909, HDIos9, = [2.321,7.595]).
The model that included technical expertise was similar to the only-
scenario fixed effect model, i.e., we did not find distinguishable ef-
fects for technical expertise and robot p;, > .025. There was also no
distinguishable interaction effect for the model including cooking
experience, i.e., robot X cooking experience parameter(p;, = 0.251,
Median = 0.024, HDIys9 = [—0.047, 0.093]). Note that in this model,
we found that the parameter for other X cooking experience(p; =
0.001, Median = 0.063, HDIg54 = [0.023,0.105]) was distinguish-
able. However, whether the difference of self to other SCENARIO
changed with cooking experience was not relevant to our study.
Likewise, therefore the model with robot Xcooking frequency, the
effect was centered around zero (p, = 0.202, Median = 0.160,
HDIys9 = [—0.128,0.536]). From this, we can state that the Sce-
NARIO robot, together with the familiarity and ownership of the
given object, has an effect on the perceived danger.

4.2 Object Danger

Figure 4 depicts the perceived danger levels for all our 153 objects.
The top five most dangerous objects from self SCENARIO are a
mandoline, mezzaluna, paring knife, pressure cooker, and blow
torch. The five least dangerous items from self SCENARIO are: whisk,
scouring sponge, napkin, serving spoon, and kitchen scale. The top
five most dangerous objects from other SCENARIO are a mezzaluna,
matchbox, bread knife, knife sharpener, and cheese cleaver. The
five least dangerous items from other SCENARIO are dish cloth,
kitchen paper, piping bag, measuring spoon, and tea spoon. The top
five most dangerous objects from robot SCENARIO are a matchbox,
blow torch, mezzaluna, bread knife, and kitchen knife. The five
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least dangerous items from robot SCENARIO are napkin, kitchen
paper, scouring sponge, dish cloth, and coaster. Objects with small
perceived danger values are all items, which are not sharp, fire, and
can not break when dropped. Dangerous items are mostly sharp or
entail fire; thus, there are direct risks of being hurt.

4.3 Object Danger Difference

We used the posterior predictive distribution of our simple Sce-
NARIO model and predicted the difference of random slopes for
robot vs. self for each of the objects (random intercept) ignoring
individual variation between and within subjects and the fixed ef-
fect. We visualized this difference in Figure 6. We found that there
are significantly more items with a negative robot-self difference
without zero-crossings (18), i.e., people have a higher danger percep-
tion when using these items themselves, than a positive difference
(4). Potentially obvious, but also interestingly, is that all objects
used to grate or slice are rated with way higher self-danger than
robot-danger.

5 DISCUSSION

As expected, we found that the perceived danger of items varied
substantially; see Figure 4. Soft, dull, and unbreakable items, such
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as a napkin or containers, are among the items that are perceived
as the least dangerous. In contrast, sharp and fire-related items are
rated as the most dangerous, e.g., kitchen knives, and blowtorch.
This emphasizes the importance that whenever investigating users
interacting with items, it is crucial to ensure that a range of different
danger levels is investigated to produce generalizable results.

We found that the danger level for interacting with an item (self)
and someone else interacting with an item close by (other) are
descriptively similar. However, the perceived danger when a robot
is working with objects is much more pronounced, see Figure 3a.
Thus, when investigating HRI scenarios, it is important to ensure
that users are comfortable with the interaction, as everything is
perceived as much more dangerous.

At the same time, we uncovered that not all danger levels increase
when a robot uses an item compared to oneself; see Figure 4. We find
three categories. First, objects that are relatively more dangerous
for self as compared to the robot (all objects with HDI’s outside
not crossing 0 and being negative). These are, in particular, objects
that are sharp or have sharp edges, including mandoline, grater,
mezzaluna, or knife sharpener. Second, objects that are indifferent
to Scenario (crossing the zero line), e.g., tablecloth, mill, or muffin
tray. And lastly, objects that are more dangerous when being carried
by the robot as compared to carrying them oneself (positive; not
crossing the zero-line), e.g., bowl, water glass, or bottle. Six of the
ten items with the highest positive difference are objects that will
most likely break when dropped (porcelain, glass), highlighting that
the difference in danger perception is not equal to the generally
perceived danger, as these objects are rated with overall danger
levels around the mean.

Overall, we found that familiarity with an item decreases per-
ceived danger no matter the scenario, see Figure 5b. In detail, we
found that more familiarity does not decrease the perceived danger
the same in the robot condition as compared to the self condition.
Interestingly and against intuition, we found that the affinity to
technology measured using the ATI questionnaire [11] did not
impact the perceived danger scores. This illustrates that robots,
especially in domestic scenarios, are still such a new technology
that even people with higher technical interest and expertise can
not fully envision this form of future interaction possibilities, indi-
cating the research potential and also the necessity for cobots in
domestic settings in the future.

6 CONCLUSION

We envision that in the future, our open-source database not only
contains kitchen objects but also other household objects and even
tools for fabrication, such as power drills. Therefore, we plan to
add additional objects and create guidelines for others to contribute
to this wiki-like database. Future work could also add 3D Models
for each kitchen object to enable comparison studies in AR/VR
and the real world. In this work, we investigated the difference
in danger perception when an object is used by oneself, another
person in close vicinity, or a cobot nearby. We found that currently,
users’ danger perception of objects is way higher when a cobot
uses an object compared to a human. We additionally found that
the difference in danger perception between self-use and robot-use
can be categorized into three clusters: (1) Objects that are perceived

Leusmann et al.

as relatively more dangerous when used oneself (sharp), (2) objects
where it does not matter whether the object is wielded by oneself
or a robot (dull), and (3) objects that are perceived more dangerous
when used by a robot (fragile). While we performed this investiga-
tion on kitchen objects, we hypothesize that our findings apply to
all other fields where robots use various objects to accomplish tasks.
Thus, our next steps will be to enlarge our database by incorporat-
ing items outside of the kitchen context and also verify our results
in an actual kitchen scenario via a lab study that can consider other
factors such as proxemics, context, and robot dynamics.

7 OPEN SCIENCE

We encourage the reader to build upon this research. Therefore, our
experimental setup, collected data, and analysis are online available
as a wiki-like open-source database: https://hri-objects.leusmann.
io/. Further, we strongly encourage contributions to extend the
database.
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A APPENDIX

A.1 Survey
A.1.1  Demographics.

(1) How old are you? (number field)
(2) How do you describe yourself?
e Male
e Female
e Non-binary
Self-described (text field)
(3) What is the highest degree you have received?
High school graduate
Some college but no degree
Bachelor’s degree
Master’s degree
Doctoral degree
e Vocational education
(4) What is your current primary occupation? (text text)
(5) Which country do you currently reside in? (text text)

A.1.2 Cooking Habits & Expertise.

(1) I consider myself an expert cook. (101-point sliders from
strongly disagree to strongly agree)

(2) How many people live in your household? (number field)

(3) How many times do you prepare meals in total in an average
week? (meals per week) (number field)

(4) How many times do you prepare meals alone, on average,
per week? (meals per week) (number field)

(5) How many times do you prepare meals together with others,
on average, per week? (meals per week) (number field)
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A.1.3  Affinity for Technology Interaction. Next, we asked partic-
ipants to fill in the Affinity for Technology [11] Interaction ques-
tionnaire. (6-point Likert scale ranging from completely disagree
to completely agree)

A.1.4  Kitchen utensil familiarity and perception when using the item.
We explained: In the following you will be presented a kitchen item
and questions about how familiar you are with the item and about
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your perception when using this item. Additionally, we stated: Now,
envision you are using this item. Then answer the questions below.
With this, we displayed the name of the object as well as the image
of the object.
(1) T own this item.
e Yes
e No
(2) T am very familiar with this item. (101-point sliders from
strongly disagree to strongly agree)
(3) I find the situation dangerous when I am using this item.
(101-point sliders from strongly disagree to strongly agree)

A.1.5 Kitchen utensil perception when others use the item. Now,
envision a person next to you is using this item. Then answer the
questions below.
(1) Ifind the situation dangerous when somebody next to me is
using this item. (101-point sliders from strongly disagree to
strongly agree)

Leusmann et al.

A.1.6  Kitchen Robot Questions. We displayed the image of Figure 2
by Oechsner et al. [21] and the text Imagine yourself being in a
kitchen environment where robot arms are available to support you
with all kitchen tasks. These robot arms are able to grab and move
every item you can find in a kitchen. Kitchen utensil perception when
a robot uses the item. In the following, you will be presented the same
10 kitchen items with questions regarding your danger perception
when such a robot next to you is using this item. Then again we
asked the following question for each object in the current survey:
(1) Ifind the situation dangerous when a robot next to me is
using this item. (101-point sliders from strongly disagree to
strongly agree)

A.1.7 General Feedback.

(1) Thisisthe end of the survey. If you have any further feedback,
this is the last spot where you can let us know. (text field)

A.2 Additional Insights
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Figure 6: The difference between the perceived danger from ones own SCENARIO and the perceived danger from the robot
ScENARIO. Objects with negative means are perceived as relatively more dangerous when used self, than by a robot.
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