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Abstract

Intelligent packaging can assist with reducing
food waste and improving food safety. While
indicators already provide the current food quality,
sensors combined with machine learning techniques
could predict the remaining shelf life and provide
recommendations to maintain food quality. Thus,
information from intelligent packaging must be
transmitted and evaluated. However, successfully
deploying such a concept requires the consumers’
acceptance. Therefore, we conducted a consumer
survey, investigating the attitudes and preferences of
242 participants regarding the use and connectivity
of smarter technologies to evaluate food quality. The
results revealed that 85% of the participants perceive
a need for technological innovations to reduce food
waste. Subsequently, we propose three approaches.
Regarding information display, consumers prefer
to show information directly on the packaging, via
integrated displays in refrigerators, or a smartphone
application. The information should provide the
remaining shelf life, a scale, or a color indication.

Keywords: food packaging, intelligent packaging,
food quality, digital transformation, consumer
acceptance

1. Introduction

The United Nations Environment Programme (2024)
estimated that 1052 million tons of food were
wasted globally in 2022. The major proportion is
generated in private households. The main reasons for
consumer-generated wastes are durability-related, such
as food spoilage, unsavory impressions, or passing the
best-before date (Herzberg et al., 2020). However,

40.5% of this waste is avoidable, meaning the foods
would not have been thrown away if appropriately
handled (Hübsch, 2021). Further, 43.8% are thrown
away in closed packaging with expired best-before
dates, from which Hübsch (2021) concluded that they
were not checked for consumability.

However, food waste is generated throughout the
whole food supply chain, which is a network of actors
encompassing all activities that create and transform
raw materials into food products and their retail and
consumption (Christopher, 2011; Kamilaris et al.,
2019). The food supply chain is often simplified to a
linear and straight forwarded structure beginning with
primary production, which is usually an agricultural
farm, continuing with supply, processing, distribution,
and retail, and ending with consumption (Henrichs et al.,
2022). In general, each level shows the potential to
reduce food waste. Akkaş and Gaur (2022) provide
an overview of several approaches as food waste is
generated for multiple reasons. However, our study
focuses on the consumer side, which contributes most
to this pressing issue.

Intelligent packaging can digitize relevant
parameters of the current food quality and
condition (Vanderroost et al., 2014). In combination
with communication technologies like radio
frequency identification (RFID) or near-field
communication (NFC), it is possible to store and
transfer data (Barandun et al., 2019; Vanderroost et al.,
2014). This data could be used to identify potential
hazards and recommend actions to prevent foods from
being damaged (Vanderroost et al., 2014). Furthermore,
intelligent packaging can assist in reducing food waste
by providing consumers with more detailed information
on the remaining shelf life (Corradini, 2018) and,
thus, promoting sustainability. Nevertheless, intelligent
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packaging is only slightly deployed (Dodero et al.,
2021; Khan et al., 2024). Recent applications mainly
display but do not forecast the food quality.

The Unified Theory of Acceptance and Use of
Technology (UTAUT) describes the factors influencing
behavioral intentions towards the acceptance and use of
technology (Marikyan and Papagiannidis, 2023). The
UTAUT highlights that several aspects, such as gender,
age, and experience, can determine whether consumers
are willing to use new technologies. Hence, this work
investigates (i) the consumers’ attitude regarding the
need for intelligent packaging, (ii) their preferences
concerning the integration of smarter technologies in
intelligent food packaging, (iii) their acceptance of the
packages’ connectivity, (iv) their concerns about the
use of prediction supporting intelligent packaging, and
(v) aspects that would increase their willingness to use
the technology. Therefore, a consumer survey was
conducted, targeting participants from Germany.

The remainder of this work is structured as follows:
Next, Section 2 explains fundamentals related to
food packaging and shelf life. Then, Section 3
provides the methodological approach for the consumer
survey. Subsequently, Section 4 describes the sample
characteristics. Afterward, Section 5 analyzes the
consumers’ acceptance of intelligent packaging and
discusses how predictive food packaging expands the
potential of intelligent packaging. Finally, Section 6
concludes this paper.

2. Background

In the following, Section 2.1 provides an overview
of food packaging in general and intelligent packaging.
After that, Section 2.2 differentiates the terms shelf life,
use-by date, and best-before date.

2.1. Intelligent Food Packaging

Besides protection, food packaging makes handling
more convenient, e.g., through practical features
and provides various sizes and shapes (Müller and
Schmid, 2019). Further, food packaging communicates
information about the food and advertises it. Intelligent
packaging extends this function by informing
the consumer about the current food quality and
condition (Vanderroost et al., 2014).

Intelligent packaging is generally based on two
technologies: indicators and sensors (Müller and
Schmid, 2019; Vanderroost et al., 2014). While
indicators can only indicate and share the presence or
absence of parameters such as the temperature, the pH
value, or the humidity directly through a color change,
sensors quantify the intensity of the parameters and

transfer this quantity into an electronic signal (Ghaani
et al., 2016; Vanderroost et al., 2014).

Sensors in intelligent packaging monitor parameters
like the temperature, the pH value, the humidity,
the pressure on the food, or vibrations during
transportation (Mondal et al., 2019). Further, gas
sensors measure the concentration of (spoilage) gases
to allow concluding on the current condition of
the food (Müller and Schmid, 2019). Another
widely used sensor type is biosensors, in which the
receptors consist of biological materials, e.g., enzymes,
antigens, hormones, or nucleic acids (Müller and
Schmid, 2019). Thus, biosensors detect pathogens in
bacteria-contaminated foods (Ghaani et al., 2016).

2.2. Shelf life, Use-by date, and Best-before
date

Regarding food durability, it is essential to
distinguish between shelf life, use-by date, and
best-before date. The shelf life of food is the period
in which the food remains safe and edible while being
stored under defined conditions (Sciortino et al., 2016).
By European law, food is not allowed “to be placed on
the market if it is unsafe” (The European Parliament and
The Council of the European Union, 2002), meaning it
endangers human health or is not fit for consumption.
Reasons for foods to be unsafe are manifold (Borchers
et al., 2010), e.g., in the case of food spoilage, food
safety is endangered by the growth of microbiological
organisms (Samotyja, 2021).

The use-by date indicates the date after which foods
are deemed unsafe (The European Parliament and The
Council of the European Union, 2011); hence, the food
is not allowed to be sold and should not be consumed
anymore. In particular, highly perishable foods like
minced meat are marked with a use-by date. In contrast,
the best-before date describes the minimum durability
of the food (Samotyja, 2021). The food manufacturer
guarantees that the food keeps its specific properties
when stored appropriately (often those conditions are
specified on the packaging) until this date. After the
expiration of the best-before date, food can still be safe
and edible; hence, the food can be sold and consumed if
there are no risks to the consumer’s health.

3. Materials and Methods

This work aims to investigate how information
technology can improve intelligent packaging to enable
quality predictions and recommendations to maintain
food quality. Therefore, this work conducted a
consumer survey to provide insights into the consumer’s
acceptance of smarter technologies in the context of
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food quality monitoring.
In the following, Section 3.1 presents the underlying

research questions. Afterward, Section 3.2 explains
the methodology. Finally, Section 3.3 describes the
structure of the survey.

3.1. Definition of Research Questions

The underlying research questions are derived from
the research goals. Improving intelligent packaging
regarding computer-enabled quality predictions and
recommendations to maintain food quality requires
the consumers’ acceptance. Therefore, it is crucial
to analyze the consumers’ attitudes towards using
smarter technologies for food packaging (RQ1).
This analysis included consumers’ concerns regarding
smarter technologies (RQ1.1), aspects to increase
acceptance (RQ1.2), and consumers’ preferences
regarding information provision and display (RQ1.3).
Considering the consumers’ interests, we discuss
how information technology could be combined with
intelligent packaging, enabling quality predictions and
recommendations to maintain food quality (RQ2).
However, besides to the consumers’ attitudes, concerns,
and preferences, there are further challenges to consider
when employing these approaches (RQ3). These
considerations led to the following research questions:

• RQ1: What are the consumers’ attitudes
concerning smarter technologies for food
packaging?

– RQ1.1: What aspects are individuals
cautious regarding smarter technologies?

– RQ1.2: Which factors increase consumers’
willingness to use predictive packaging
technologies?

– RQ1.3: How do consumers prefer to receive
information regarding the food quality?

• RQ2: How can information technology improve
food packaging?

• RQ3: What challenges must be tackled to
employ computer-based quality predictions and
recommendations to maintain food quality?

3.2. Data Collection and Sample

The survey was conducted from May 24th to
July 9th, 2023. The online questionnaire was distributed
via various channels, including social media, e-mail
lists, and direct contact during the university’s open
day. A non-probability sampling method was applied,
and participants were reached based on convenience
sampling due to geographical proximity, availability at

a given time, and cost limitations. Incentives were not
provided to the participants.

The survey targeted participants of all ages and
educational levels living in Germany. In total, 330
people participated in the survey, while 252 completed
the full questionnaire. 6 responses were removed, as
those are from people not living in Germany, to avoid
a cultural bias. Additionally, 4 responses were deleted
due to contradicting information regarding the number
of people in the household and household size, which
indicates a lack of diligence in the answers. Hands, the
final sample consisted of 242 participants.

3.3. Survey Design

This work is established upon a questionnaire-based
consumer survey. The survey was offered in
English and German to include a larger audience,
whereby all questions and answer options were
identical. The questionnaire was structured into four
parts: (i) demographics, (ii) household and income,
(iii) shopping behavior, and (iv) consumer acceptance
and concerns. The complete questionnaire is available
on Zenodo1.

The first part gathered information regarding the
participants’ age, gender, country of main residence,
country of birth, and size of the city in where
the participant lives. All of the questions were
multiple-choice. Furthermore, this part included
questions concerning the participant’s level of
education, current profession, which were both
multiple-choice, and field of education or profession,
which was multiple responses. The questions regarding
the profession and sector further offered the option to
enter an individual answer.

The second part characterized the participants’ living
situation, asking about the household size and the
number of children under the age of 14 living in the
household. Both questions were open text, allowing
three characters as input. Further, the type of household,
e.g., single, family, or shared flat, and the average
combined monthly net income were queried using
multiple choice questions.

The third part investigated the participants’ grocery
shopping behavior, considering the shopping frequency,
the expenses as a proportion of the household’s net
income, and the main point of sale, which was
multiple responses. Additionally, two multiple-response
questions focused on buying behavior and decisions.
Afterward, respondents provided their attitude towards
data privacy, the need for technological innovation to
reduce food waste, the significance of food waste and

1DOI:10.5281/zenodo.13384187
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their efforts to reduce food waste in their daily lives,
and their awareness regarding governmental efforts by
evaluating statements using a five-point Likert scale.
Finally, an open-text question asked the participants to
state any technologies, approaches, ideas, or services
they knew that could help reduce food waste.

Prior to the fourth part, a short description was
provided to ensure that the respondents had a basic
understanding of intelligent packaging and how smarter
technologies might be used in this context. Afterward,
the fourth and final part studied the participants’
acceptance and concerns. First, the participants stated
their willingness to use smarter technologies and to
let the technologies connect with their home networks
by evaluating statements using a five-point Likert
scale. The following questions targeted the respondents’
concerns regarding smarter technologies, incentives to
use them, and preferred information provision.

4. Description of Sample Characteristics

This section characterizes the sample. First,
Section 4.1 summarizes the sample’s demographics.
Afterward, Section 4.2 describes the participants’ living
situation and grocery shopping behavior. Finally,
Section 4.3 presents the participants’ attitudes regarding
food waste. Details on the sample characteristics are
available on Zenodo2.

4.1. Demographics

The sample consisted of 242 participants.
55.8% of participants were female, 43.8% male,
and 0.4% diverse. The sample included participants
from all age groups – from under 17 years to over
65 years old, with the majority being between 25 and
34 years old (39.3%) and between 18 and 24 years
old (18.6%). Additionally, most respondents (32.2%)
lived in cities with 500,000 to 1,000,000 inhabitants.

Regarding education levels, most
participants (60.3%) indicated having a University
degree or higher as an educational qualification,
followed by 21.9% having a professional qualification,
15.7% having a secondary education or high school
diploma, and only 2.1% having no educational
qualification. Moreover, 20.2% of the respondents
were students, and 58.7% were employed, while
the minority were retirees (6.6%), pupils (5.4%),
entrepreneurs or self-employed (3.3%), apprentices,
and freelancers (1.7% each).

2DOI:10.5281/zenodo.13384187

4.2. Household Type, Income, and Grocery
Shopping Behavior

Concerning the household type, the
majority (38.4%) live in a couple households, followed
by family households (32.2%). Additionally, 16.5% of
the participants stated that they live alone, and 12.4%
live in shared flats. Generally, most of the participants
live without children under the age of 14 (87.6%). In
more detail, the majority of the respondents (46.3%) live
in two-person households without children, followed by
single households (16.5%) and four-person households
without children (13.2%). Further household types
included, among others, three-person households
without children (9.1%), three-person households with
one child (5.4%), and four-person households with two
children (3.3%).

Regarding the household’s average combined
monthly net income, most respondents
received more than 5,000 EUR (43.4%),
followed by 3,000-5,000 EUR (30.6%) and
1,500-3,000 EUR (18.6%). The participants spent
mainly 10-20% of their average combined monthly
net income on grocery shopping (40.5%), followed by
respondents spending 20-30% and 1-10% (28.9% and
14.0%, respectively).

Concerning grocery shopping behavior,
most of the participants shop at least once a
week (25.2%) or more often (62.8%). The
participants’ main shopping locations were
supermarkets (85.2%) and discounters (55.1%),
followed by local grocery stores (24.7%), organic foods
supermarkets (24.3%), and directly at farmers (17.7%).
Most participants (65.0%) planned their purchases using
shopping lists. Further, the respondents paid attention
to buying regional and seasonal products (49.0%)
and special offers (46.9%). 39.5% of the participants
selected the products spontaneously while shopping,
and 28.8% bought only organic products.

Additionally, prices and special offers influence
the participants’ buying decisions the most (73.9%),
followed by sustainability and health aspects (53.1%
each). Further influencing aspects were labels (34.7%),
the size of the packaging (33.9%), and the packaging
design (22.9%).

4.3. Food Waste Awareness

Focusing on consumption behavior, most
participants (29.6% agreed and 19.2% strongly
agreed) considered that food waste has a huge
impact, while 16.3% disagreed and 5.0% strongly
disagreed (Figure 1(a)). Further, 30.0% of the
participants neither agreed nor disagreed that food
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waste impacts their daily lives.
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Figure 1. Participants’ attitudes concerning
(a) the influence of food waste in general in

their daily lives, (b) their efforts to reduce food
waste in their daily lives, and (c) the need for
technological innovation to reduce food waste.

However, even more respondents (29.6% agreed
and 50.0% strongly agreed) made efforts to reduce
food waste in their daily lives (Figure 1(b)). Only
a few participants (5.8% disagreed and 2.9% strongly
disagreed) did not make efforts to reduce food
waste, while 10.8% were neutral. Moreover, the
majority (24.7% agreed and 60.3% strongly agreed) saw
the need for technological innovation to reduce food
waste (Figure 1(c)). However, 55.4% of the respondents
mentioned existing approaches, technologies, and
services that assist in reducing food waste. These
included, among others, initiatives and organizations
(such as Too Good To Go3, Foodsharing4, and
food banks), improved education (e.g., regarding the
understanding of the best-before date), packaging sizes,
and legal measures (such as legalization of dumpster
diving or prohibition of discarding foods).

5. Results and Discussion

Section 5.1 presents the consumers attitudes and
preferences regarding the use of smarter technologies
for food packaging. Subsequently, Section 5.2
outlines possible designs to enable computer-based
quality predictions and recommendations. Afterward,
Section 5.3 discusses challenges to implement the
concept. Finally, Section 5.4 closes the discussion with
an exploration of threats to validity.

3https://www.toogoodtogo.com/ (last accessed 08/05/2024)
4https://foodsharing.de/ (last accessed 08/05/2024)
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Figure 2. Participants’ attitudes concerning
(a) the use of intelligent food packaging, (b) the

connectivity of intelligent food packaging to
their home networks, and (c) the relevance of

data security in their daily lives.

5.1. Consumers’ Acceptance, Concerns, and
Preferences

This section describes the consumers’ acceptance,
concerns, and preferences regarding the use of
intelligent food packaging, answering the following
research question:

• RQ1: What are the consumers’ attitudes
concerning smarter technologies for food
packaging?

Generally, the majority (32.8% agreed and 20.3%
strongly agreed) would use prediction-supporting
intelligent packaging at their homes, while 14.5%
disagreed and 10.4% strongly disagreed (Figure 2(a)).
22.0% of the participants were undecided. Concerning
the technologies’ connection to the home networks,
24.5% agreed, and 28.2% strongly agreed to allow
connectivity (Figure 2(b)). Further, 12.0% disagreed
and 17.8% strongly disagreed with allowing the
connection, while 17.4% were undecided. Regarding
data security, 23.0% and 18.8% of the participants
agree and strongly agree, respectively, that this topic
is relevant to their daily lives, 33.5% are neutral,
and 15.1% and 9.6% strongly do not see it as
relevant (Figure 2(c)).

RQ1.1: What aspects are individuals cautious
regarding smarter technologies? The participants
stated several concerns regarding using prediction
to support intelligent packaging or reasons not to
use them, respectively (Figure 3). The main aspects
included increasing prices of the products (43.7%),
concerns about data privacy and information
security (38.0%), and considering additional waste
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Figure 3. Participants’ concerns about or
reasons not to use intelligent food packaging

and recyclability (35.5%). Additionally, respondents
expected too much effort (23.7%) or were not interested
in using the technologies (17.1%). 8.2% of the
participants did not understand the technology or did
not expect any benefits, and 7.8% had concerns about
its effects on food safety. Further concerns or reasons
included using resources, e.g., computer chips, the
application being too complicated, the technology
not being necessary, or benefits for sellers rather than
consumers (5.3%). Only a few participants (1.2%)
stated that their home network infrastructure would not
be sufficient.

RQ1.2: Which factors increase consumers’
willingness to use predictive packaging technologies?
Despite all concerns, various aspects would
increase the respondents’ willingness to use the
technology (Figure 4), mainly information about the
recyclability (52.2%), the technology itself (51.0%),
about potential positive impacts (49.0%), and about data
storage, sharing, and processing (47.8%). Additionally,
low effort in use (46.5%) and low prices (34.3%)
would increase the acceptance. Information about food
safety (22.0%), social proof (21.2%), or coupons for
the products (16.7%) were further aspects. 9.8% of the
participants would not use the technology, while only
2.0% were already highly interested.

RQ1.3: How do consumers prefer to receive
information regarding food quality? Concerning the
system design (Figure 5), the preferred information
provision was directly on the packaging (53.9%),
followed by displays in or on the refrigerator (44.1%),
receiving notifications via a smartphone app (38.0%), or
receiving messages directly on the smartphone (30.6%),
e.g., as short message service (SMS). Further options
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Figure 4. Aspects increasing participants’
willingness to use intelligent food packaging
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Figure 5. Participants’ preferences regarding
food quality information reception

included providing the information in a smartphone
app (24.5%) or on a website (20.0%) after scanning
a QR code. Regarding the type of displayed
information (Figure 6), the participants preferred
receiving the remaining shelf life (65.3%), followed
by a scale (49.0%) and a color indication (45.3%).
Respondents least preferred showing images or symbols
indicating the food quality (18.4%) or a literal
description of the quality (16.3%).

5.2. Introducing Predictive Food Packaging

Current approaches to intelligent packaging focus
on low-budget, easily accessible, highly accurate, and
reliable information provision; therefore, those mainly
employ indicators. While these approaches allow
consumers to assess food freshness, they lack the ability
to forecast food quality, which might be supported by
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Figure 6. Participants’ preferences regarding
food quality information display

information technology. Hence, this section focuses on
the following research question:

• RQ2: How can information technology improve
food packaging?

According to the survey, consumers perceive a
need for technological innovation to reduce food
waste (Figure 1). In this regard, most consumers
prefer to receive the information directly on the food
packaging (Figure 5) as remaining shelf life (Figure 6).
However, while indicators already display the current
food quality on the packaging, they do not enable to
predict the remaining shelf life.

Therefore, this work proposes the term predictive
food packaging to better delimit this concept
from intelligent and smart packaging. Smart
packaging refers to combining intelligent and active
packaging (Vanderroost et al., 2014). Intelligent
packaging considers food packaging that monitors
the food quality using indicators or sensors (Müller
and Schmid, 2019). In addition to the protection
from simple packaging, active packaging contains
components, e.g., inert gases, to extend the food’s
shelf life (Vanderroost et al., 2014). Predictive food
packaging, on the contrary, integrates computer-based
food quality predictions into the functionality provided
by intelligent packaging.

Such a system requires transmitting information on
the current food condition to computers and providing
predictions and recommendations to wholesalers,
retailers, and consumers. As food quality is influenced
throughout the supply chain, several stages and, hence,
different settings of data transfer, data analysis, and
result provision must be addressed. While supply chain
management relies on comprehensive and centralized
systems during distribution, wholesale, and retail,
product management becomes more challenging at the
consumer level. Fundamentally, the concept requires

sensors to monitor the food condition, communication
technologies to transfer the information from the
packaging to computers, analyzing algorithms to
analyze the current state and predict future states, and
displays to provide predictions and recommendations to
the consumer.

The information could be displayed directly via
the food packaging, the consumers’ smartphones, or
integrated screens in smart refrigerators. Therefore,
recent electronic developments enable the adaptation of
use-by dates on the food packaging itself (Dodero et al.,
2021). However, using a smartphone or a refrigerator
screen provides more opportunities to recommend
actions for avoiding food waste, e.g., optimizing
storage conditions or recipe suggestions. Further, the
system could inform the consumer via notification
from a smartphone application, SMS, or similar.
While smartphones are already well-established, smart
refrigerators are still a rather young technology (Floarea
and Sgârciu, 2016; Nasir et al., 2018).

Regarding food monitoring, the proposed approach
focuses on intelligent packaging using sensors in
combination with communication technologies like
RFID or NFC, which facilitate the data transfer from
packaging to computers (Abedi-Firoozjah et al., 2023).
This ensures real-time monitoring from production to
retail through central data storage. The consumer
can access the information by scanning a QR code
on the packaging. However, this approach implies
accepting a loss of information since monitoring and,
particularly, sharing real-time data is not possible during
transport from retail stores and storage at the consumer’s
home. Therefore, other options would be to read the
sensory data with a smartphone from the packaging via
NFC or the packaging connecting to the refrigerator.
While the refrigerator might allow continuous food
quality monitoring, the smartphone must be placed
close to the packaging. Moreover, the consumer
must actively conduct the quality analysis. Machine
learning techniques can be applied to analyze sensory
data, forecast the remaining shelf life, and recommend
actions to avoid food waste. The algorithms could
run on centralized servers or edge devices, e.g., smart
refrigerators or the consumers’ smartphones. While
cloud computing uses centralized servers, edge devices
are located near the user and enable fast processing.
Further, analyzing the data on the edge is beneficial in
terms of data security, since the data is not shared.

Finally, the best option would be to transmit the
data from the packaging to a smart refrigerator, which
analyzes the data. The information on the current
food quality should be provided to the consumer as
remaining shelf life directly on the packaging, and
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could be enhanced by providing more details via
the smart refrigerator and an interlinked smartphone
application. Displaying the shelf life directly on
the packaging ensures that consumers without the
required infrastructure can still determine the food’s
quality. Interlinking the smart refrigerator with a
smartphone application enables automatization since
the consumers must not become active in reading
the packaging. Further, notifications via SMS would
require the consumer to register and connect personal
information to the system.

According to Richter (2017), consumers can be
categorized into three distinct food waste behavior
clusters: careless food wasters (31.8%), guilty food
wasters (25.9%), and unwitting food wasters (42.3%).
Predictive food packaging has the potential to address
all three groups. Careless food wasters could benefit
from a uniform date-labeling to reduce premature
disposal. Guilty food wasters can be guided towards
better practices through supportive technologies, while
increasing awareness about the actual durability of food
addresses the cluster of unwitting food wasters. This
finding further highlights the potential impact of this
technology.

5.3. Challenges

The proposed concept requires addressing several
challenges to exploit its enormous potential for
reducing food waste by providing consumers
with computer-based quality predictions and
recommendations to maintain food quality. Hence,
this section answers the research question:

• RQ3: What challenges must be tackled to
employ computer-based quality predictions and
recommendations to maintain food quality?

In addition to technical requirements, the
packaging’s sustainability regarding application,
design, and production is important (Dodero et al.,
2021). According to the participants, producing
additional waste was one of the main concerns (see
Figure 3). Therefore, the packaging design must
consider functions like emptying, reclosing, dosing, and
recycling (Williams et al., 2020).

Furthermore, consumers were concerned regarding
the costs of the predictive packaging. Khan et al.
(2024) stated that food “packaging should not account
for more than 10%” of the total product price,
while currently, more than 50% of the costs for
intelligent packaging are caused by the sensors.
However, recent advancements allow the integration
of near-zero cost sensors (Barandun et al., 2019).

Additionally, consumers accept higher costs if such
technologies increase social value while keeping low
risks regarding health (Khan et al., 2024). In this
regard, the minor consumers’ concerns regarding food
safety (see Figure 3) can be considered negligible due to
compliance with the law.

Moreover, the industry needs incentives to promote
predictive food packaging (Akkaş and Gaur, 2022).
In this regard, further supply chain stakeholders like
manufacturers, wholesalers, distributors, and retailers
could access information to optimize the products, the
production processes, or the demand forecast while
covering part of the costs (Henrichs and Krupitzer,
2022). Therefore, consumers’ data security concerns
must be considered (see Section 5.1). Applying edge
computing is useful since privacy is protected by sharing
anonymized, non-personal information, e.g., new model
parameters (Heck et al., 2018). Nevertheless, educating
consumers on the functionality of the technology is
crucial to increasing trust in it.

Edge computing is beneficial as it reduces latency,
bandwidth usage, and energy consumption (Heck
et al., 2018). As a result, the provision of food
quality information to consumers at any time is
more likely. Generally, providing a best-before or
use-by date is required by law. However, replacing
the existing date labels with a dynamically updated
label focusing on food shelf life could improve
intuitiveness and reduce consumer confusion (Simões
et al., 2023; Williams et al., 2020). Still, although
the proposed concept assumes the availability of
smarter technologies, such as smartphones or smart
refrigerators, not all consumers might be able or willing
to use them. Hence, the proposed system must
also provide quality information, considering not being
updated after purchase. Therefore, the proposed concept
could initially be deployed as a supplementary system.

Combining the real-time information from the food
packaging with machine learning enables a more
accurate determination of the remaining shelf life.
Therefore, machine learning algorithms must be trained,
which requires a lot of data. Although some models
are available to predict the remaining shelf life of
foods, the amount of real-world data available to further
improve these models and use them to determine the
shelf life in real-time is insufficient (Khan et al.,
2024). Additionally, the relationships between specific
and easy-to-monitor parameters and food spoilage are
unclear, and thresholds to determine food spoilage are
uncertain. Hence, industry and research need to provide
more data.
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5.4. Threats to Validity

Even though this work followed a systematic
approach, the following threats to validity apply.

First of all, the sample is not representative of
the German population, particularly regarding the
distributions of age, city size, and education level.
Although the survey was distributed through various
channels, these were based on existing networks of
authors and students. On the one hand, participants were
contacted directly during the university’s open day to
obtain a more balanced sample in terms of age. On
the other hand, no efforts were made to balance the
sample regarding other aspects. This demographic bias
limits the generalizability of the findings. However,
the sample is sufficient to provide a base for discussing
consumer’s interests and attitudes regarding the use of
smart technologies to determine food quality.

Further, the survey consisted mainly of closed
questions, and most questions suggested answer options
to facilitate the evaluation of the survey. In particular,
questions regarding information provision, information
display, consumers’ concerns, and incentives to increase
the consumers’ willingness to use predictive food
packaging might have influenced the participants’
answers. As a result, the predictive food packaging
concept could lack important aspects or not consider
consumer concerns sufficiently. However, the derived
concept is not a finished design but an initial idea of how
such a system could be structured.

Finally, although the technologies exist, the
proposed concept is in a very early stage. Hence, the
concept’s feasibility cannot be evaluated in its entirety.
Further, costs cannot be estimated, which is crucial for
its full deployment. However, this work investigated
consumers’ attitudes and preferences and discussed the
applicability of different options. Thus, future work will
include implementation.

6. Conclusion

Intelligent packaging supports monitoring and
determining the condition of packaged foods for
reducing food waste. However, it often only indicates
the condition, not supporting computer-based quality
predictions and recommendations to maintain food
quality. The focus should be on sensor-based intelligent
packaging to enable real-time analysis and forecasting.
Moreover, the gathered data must be transmitted from
packages to computers.

Based on a consumer survey, this work investigated
the consumers’ attitudes and preferences regarding the
use and connectivity of smarter technologies to evaluate

the current food quality. Contrary to the fact that
some do not see food waste influencing their daily life,
84.9% agree that technological innovations are needed
to reduce food waste. This reinforces the assumption
that even if the participants do not see food waste as an
impact factor in their everyday lives, they are aware of
the global problem and its effects.

Further, the results of 242 participants show that
information regarding the food quality should be
provided via the packaging directly (53.9%), via
near-by devices like smart refrigerators (44.1%), or
via a smartphone application (38.0%), and should
be displayed as the remaining shelf life (65.3%),
a scale (49.0%), or a color indication (45.3%).
Subsequently, this work discussed how the promising
concept of predictive food packaging could be used and
which open technical and economic challenges must be
tackled. These challenges include, among others, model
generation, the development of sensor-based intelligent
packaging, and increasing consumer trust and education.
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