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Abstract

Globally, approximately one-third of the total food produced is wasted. The
environmental effect of such wastage is the contribution to greenhouse gas
emissions, and economically, money that could have been reinvested in the
economy is lost. This research showcases the ability of IoT devices to gather
data on wastage and management as they happen, as well as big data analytics
in facilitating data acquisition for enhanced decision-making. The research
proposal seeks to show how the use of these technologies can support waste
minimization, efficiently utilize resources, and promote sustainability in the
agro-food chain. Thus, a literature survey will be applied to outline the meth-
odologies currently in use, the holes in current practice, and new ideas on how
to incorporate IoT and big data in waste management. Furthermore, several
case studies ‘success stories’ are highlighted to explain and quantify an actual
application of these technologies in different sectors of the agro-food chain
with tangible results in terms of reduction of the number of wastes and gains
in efficiency. The application of Internet of Things (IoT) technologies and big
data analytics for real-time handling of agro-food waste is a major problem in
the agro-food sector. The conclusions highlight the positive effect of IoT and
big data in tackling agro-food waste; at the same time, they give practical sug-
gestions for the key players throughout the supply chain. Thus, our study gives
insights into a shift in the management of agro-food waste through efficient
technology and rallying policymakers, industry experts, and researchers to
fully capture technological improvements for development.

Keywords

Agro-Food, Big Data, IoT, Machine Learning, Waste Management

DOI: 10.4236/vp.2025.111003

Jan. 27,2025 17

Voice of the Publisher


https://www.scirp.org/journal/vp
https://doi.org/10.4236/vp.2025.111003
https://www.scirp.org/
https://orcid.org/0000-0003-0906-3983
https://orcid.org/0000-0003-4804-0100
https://doi.org/10.4236/vp.2025.111003
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

K. Das et al.

1. Introduction

The increasing concern with environmental protection and the economy has
driven the agro-food industry to search for solution to waste facilitating. Because
reducing food waste and its implications remains a critical issue to date, different
approaches, including IoT and big data, can contribute to finding the best solu-
tion. These technologies can enhance real-time tracking and inform efficient
waste management to enhance the agro-food industry (Irani et al., 2018). Through
the analysis of IoT and processing of large amounts of data, the stakeholders are
able to employ necessary technological changes to maximize the possible effi-
ciency in the usage of resources and create a sustainable food system. The agro-
food industry is among the biggest industries in the world economy, manufactur-
ing most of the foods consumed today. However, it is also a significant source of
waste, including nearly one-third of all food that is produced globally being
thrown away each year. Such waste can be incurred at the production stage, pro-
cessing stage, distribution and even the consumption stage (Hannan et al., 2015).
The consequent environmental effects of agro-food wastes include increased
emission of greenhouse gases, loss of biodiversity, and exhaustion of resources.
The wastage of food is a major economic challenge, with food being wasted worth
a figure of approximately $940 billion annually (UNEP, 2024).

Furthermore, the problems concerning agro-food waste are aggravated by bar-
riers like climate change, population growth, and shifts in consumer preferences.
However, the growth of the agro-food sector and the increase in the human pop-
ulation’s demanding food are making a call for innovative strategies to reduce
wastage and improve sustainability within the agro-food value chain (Wan et al.,
2019). The following sections establish the rationale for waste minimization and
waste management. The reduction of agro-food waste has many reasons. For that
reason, it can be said that the topic reduces both the environmental impacts by
decreasing the amount of waste that is dumped into the dumps and the green-
house gas (GHG) emissions from food waste decomposition. Secondly, the reduc-
tion of waste has substantial economic benefits that can be realized at the pro-
ducer, retail and consumer level (Henningsson et al., 2004). The adaptive pressure
can be applied not only to the list of products but also to the use of water, energy
and wage, which would increase the profitability of stakeholders and help create
a more sustainable food chain. Besides, good waste management plans can im-
prove food security by making it easier for more food to get to the consumer than
if it is being wasted. This is especially needed in the parts of the world where hun-
ger is well known and food shortage is a real problem. Thus, having applied new
technologies for waste minimization, it is necessary to aim at wider sustainability
objectives. Hence, there is a need to bring IoT technologies and big data analysis
in an endeavor to offer a better way of tackling waste issues within the agro-food
sector. Internet of things facilitates handling of several aspects of the supply chain,
among them being temperature, humidity and stock quantity and quality. Picking
this data collection allows for timely intervention that can help to stop product
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spoiling and hence a reduction in wastage is achieved. It encompasses the assess-
ment of IoT device functions in real-time surveillance and big data processing
strategies for obtaining valuable information, as well as novel model layouts to
improve waste management (Sridhar et al., 2023; Rahaman et al., 2023). Lastly,
this study aims to elaborate on how this integration of IoT and big data can be
used to minimize agro-food waste and provide suggestions to the relevant actors
in the agro-food industry. The Internet of Things is therefore supported by big
data analytics, which offers the necessary tools for processing and analyzing large
volumes of data from various sources (Das et al., 2019). By using such techniques
as statistical analysis and pattern matching, the waste generators can get ac-
quainted with the rates of the generation process and, thus, improve operations.
For example, accurate demand forecasting based on data numbers can assist pro-
ducers in changing their supply policies to meet consumers’ needs closely so that
overproduction and wastage can be reduced (Ahmadzadeh et al., 2023).
Therefore, this study seeks to analyze how IoT interconnects with big data in
real-time agro-food waste management. It will also feature a literature review of
currently available data regarding new methodologies and gaps that warrant in-
novations, and the study will show examples of the application of these technolo-

gies in different agro-food sectors.

2. Literature Review

As a result, the paper systematically outlines the research findings and methods
concerning agro-food waste management, with special reference to the IoT and
big data solutions. This section will highlight the current research activities about
agro-food waste management, big data analysis practices, and how machine learn-
ing has been used to reduce wastage (Caruso et al., 2019). At the same time, it will
define the gaps in the existing research and suggest the necessity of the implemen-

tation of innovative ideas.

2.1. Agro-Food Waste Management Today

The approaches used in agro-food waste management were previously rudimen-
tary at best, involving little more than the use of paper and pencil and even simple
monitoring methods that could not cope with the modern supply chain challenges
(Table 1). Some of the existing treatments include composting, anaerobic diges-
tion, and food redistribution but these techniques do not follow the current pro-
cedure of being efficient and effective (Pereira et al., 2024). Modern research has
revealed that somehow, incorporating technology into waste management can
boost its performance. For example, organisations have recently installed more
complex tracking systems that use IoT gadgets to track waste collection in real-

time to enable timely action.

2.2. 10T Applications in Agro-Food Waste Management

The use of IoT in managing agro-food waste has been considered in the past
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Table 1. Key methods of agro-food waste management—composting, anaerobic digestion, food redistribution, incineration.

Method

Composting

Anaerobic Digestion

Food Redistribution

Incineration

Landfilling

Description

Biological
decomposition of
organic waste into
nutrient-rich soil

amendment.

Microbial
decomposition of
organic matter in

oxygen-free conditions
to produce biogas and
digestate.

Redirecting surplus
edible food to people
in need.

Burning waste to
generate energy or
reduce waste volume.

Disposal of waste in
designated landfill
sites.

Advantages

Reduces landfill waste;
produces useful
compost.

Generates renewable
energy; reduces
greenhouse gas

emissions.

Addresses food
insecurity; reduces
waste.

Decreases landfill
dependency; energy
recovery.

Low cost; easy to
implement.

Challenges

Time-consuming;
requires proper
management.

High initial setup cost;
technical expertise
needed.

Requires logistics and
coordination.

Releases harmful
emissions; not suitable
for all types of waste.

Contributes to
environmental
pollution; limited
capacity.

Reference

Pereira et al. (2024)

Smith et al. (2022)

Irani et al. (2018)

Pereira et al. (2024)

Sharma et al. (2022)

few years. Smart sensors and RFID tags as some of the IoT devices are used to
monitor different attributes of foods in order to determine qualities and wastage
levels (Sharma et al., 2022). Scholars suggest that these technologies can assist in
minimization of spoilage by tracking and recording temperature and humidity in
storage and transportation. In addition, IoT systems can enhance efficient track-
ing of stocks available and their time lifespan thus reducing unnecessary produc-

tion.

2.3. Big Data in Agro-Food Waste Management

They point out that big data analytics are fundamental for turning raw data from
IoT devices into valuable information. Stakeholders can review a vast amount of
data and find out the general tendencies concerning waste generation based on
this analysis (Rejeb et al., 2021). Literature review has revealed that big data can
facilitate demand forecasting, the optimization of supply chain and the right uti-
lization of resources. For instance, predictive analytics can be used to change the
planting calendar with dates showing the history and markets to discourage over-

production (Figure 1).
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Figure 1. Showing the applications of IOT and Big Data in
agro-food waste management.

2.4. Machine Learning Trees to Tackle Waste Management

Advanced methods of artificial intelligence analysis are viewed as valuable ap-
proaches to reducing food losses in the agro-food chain. Several models have been
created to categorize waste types; forecast future waste generation; and assess sup-
ply chain operational efficiency. Scholars underline the ability of ML models to
predict the causes of food waste and give suggestions on how it can be prevented
(Munir et al., 2023). Also, machine learning reduces the work of finding appro-
priate data representation and depiction and helps to automate control decision-

making in IoT systems (Figure 2).

Agro-Food Waste Management

Techniques
Tﬁgtlltll:;sal Innovative
. Methods
Periodic icti i
P Predictive Analytics
Benefits of
Innovations
Accuracy

Figure 2. Traditional and innovative techniques of agro-
food waste management.
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3. Current Research Gaps

However, there are still some gaps present in the current research in the field of
technology for agro-food waste management. Most of the research work targets
individual IoT or big data applications or implementation with little research on
combined use or interaction between the two. In addition, there are not enough
systematic schemes that can include such technologies together with machine
learning for the integrated approach to waste management (Rahaman et al., 2023).
These gaps suggest a potential for future research to propose new models to take
full advantage of IoT and big data analytics to minimize agro-food waste. The
present literature review aims at providing an appreciation of the current state of
research on agro-food waste management and the opportunities for leveraging
IoT and big data. In the subsequent sections, the materials and methods used in
this research to pursue these innovations are presented. Agro-food waste manage-
ment is a critical area of study due to its significant environmental, economic, and
social impacts. Despite advancements in this field, several research gaps persist,
hindering the development of effective and sustainable waste management strat-
egies. This article identifies and discusses these key gaps.

Recent studies emphasize the importance of integrating circular economy (CE)
principles into agro-food supply chains to enhance sustainability and resource ef-
ficiency. However, there is a lack of comprehensive research on practical applica-
tions and the long-term impacts of CE practices in this sector. Further investiga-
tion is needed to develop actionable insights and recommendations for policy-
makers and practitioners (Cahyadi et al., 2024). The valorization of agri-food
waste into value-added products is a promising approach to waste management.
Nonetheless, challenges such as heterogeneous waste composition, technological
limitations, and economic feasibility hinder its widespread adoption. Addressing
these challenges requires a multidisciplinary research approach to develop effi-
cient and scalable valorization processes (Zhang & Zhang, 2024). Moreover, the
adoption of smart technologies, including big data analytics, artificial intelligence,
and the Internet of Things, has the potential to revolutionize agro-food waste
management. However, their application remains limited, particularly in devel-
oping regions. Research focusing on the implementation of these technologies in
diverse contexts is essential to enhance waste management practices globally
(Zhang & Zhang, 2024). Effective agro-food waste management requires the in-
volvement of various stakeholders, including farmers, policymakers, and consum-
ers. Current research often overlooks the importance of stakeholder engagement
and the socio-economic factors influencing waste management practices. Future
studies should adopt a holistic approach, incorporating stakeholder perspectives
to develop inclusive and sustainable solutions (Berenguer et al., 2023).

4. Big Data in Agro-Food Waste Minimization

This section provides an overview of the different materials and methods used to

undertake this research on the use of IoT and big data technologies in the real-
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time management of agro-food waste (Trevisan & Formentini, 2023). It will pay
special attention to the methods of data acquisition and data processing and anal-

ysis to support proper waste minimization.

4.1. Data Collection and Sources

To reduce waste in the agro-food chain, many data sources are collected and used;
satellite information for crop assessment, data from IoT devices, data which be-
longs to supply chains, and others. These features allow the achievement of the
multiple goals set for the system, including the acquirement of data on different
stages of the agro-food supply chain—from production to consumption (Belaud
etal., 2019). IoT sensors are used to monitor the environmental conditions in and
around the devices and their operational parameters, which create conditions for
waste generation. Mining is the process of extracting valuable resources from the
Earth or analyzing large datasets to uncover patterns and insights. Mining helps
the farmers to determine the appropriate time for harvesting by analyzing crop
health and growth patterns on the farms through satellite imagery, which reveals
regions of crop failure or diseases that cause waste (Figure 3).

Information is collected from the logistics and distribution channels to determine
where and when the products are moving, what stocks are available, and when they

are set to expire so that wrong decisions on stock production are averted.

Outcome Visualization

i 1
i Data Collection Data Processing Pipeline i
! 1
i l Data Sources i
! 1
1 . 1
! IoT Sensors Data Collection !
! 1
! 1
E lData Transmission Pre-Processing Steps i
i 1
! 1
E Data Processing Cleaned Daia i
1 o . 1
! l, Analytical Techniques !
! 1
i Analysis Results i
' Big Data Analytics H
: :
! 1
! 1
! 1

Figure 3. IoT and Big Data streamline agro-food waste management from
data collection to visualization.

4.2. Data Processing Techniques

The data collected also goes through several pre-processing stages to make it use-
ful for subsequent analysis. These steps include

Cleaning—This is because data accuracy is important in any dataset, and so
cleaning it to reduce improper entries is important. This may be done to rectify
wrong records, or AVs that may have been omitted or complied with in different

formats.
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Filtering—TIt is always helpful to choose what pieces of information contribute
to waste analysis to highlight the most influential factors. For example, one can
remove noise, or non-relevant data can help improve the meaning of the insights
that can be gathered from this data.

Feature Extraction—Important factors that define waste generation should be
clearly described and defined for the analysis (Arshadi et al., 2016). It may involve
obtaining characteristics like the fluctuations of the market demand, the seasonal
characteristics, or such environmental parameters as related to the high through-

put of wastes.

4.3. Big Data Analytics Approaches

Using processed data, several analytical techniques are used for the analysis of
waste trend determination. Statistical methods including regression analysis, clus-
tering, and time series are used to analyze the data and make forecasts on future
waste generation. The extension of machine learning algorithms in the end also
increases the efficiency of finding varied patterns in the data.

Descriptive for the interactions between different variables such as temperature
with spoiling rates, regression is useful in scaling the impact of one factor on waste
(Oruganti et al., 2023). This technique simply clusters observations with the aim
of finding patterns of waste generation in other related contexts, such as the type
of product or geographical region. Clustering can then be used to identify what
products are likely to suffer from waste in the given circumstances. This method
of waste generation prediction involves the use of historical data over time, in
which the foreseen waste generation is analyzed with reference to the existing sea-
son and market forces. It enables the stakeholders involved to make appropriate

changes to the production calendar actively (Table 2).

Table 2. Case Studies for farm management, inventory tracking, and food processing optimization.

Case Study

Food Processing Plant

IoT sensors for environmental
monitoring, big data storage, and

Implementation Limitations References

- High setup costs, reliance on

technology, and skilled
Tummers et al.
personnel.

Optimization machine learning predictive analytics 2021
P o &P . vt - Optimization and scalability ( )
to optimize the production calendar. .
remain challenges.
- High implementation costs and
Machine learning models integrated reliance on accurate data for
with IoT-enabled smart shelves for redictions.
Retail Chain Inventory ) o b ) Sridhar et al.
demand forecasting, considering - Incorporating external factors
Management . . . (2021)
factors like seasons, social events, and like weather
- Specialized skills pose
additional challenges.
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Continued

Farm Management
System

IoT soil moisture sensors combined
with machine learning algorithms
and weather forecasts for optimized
irrigation management.

-High initial cost and
maintenance of soil moisture
sensors and machine learning

systems.

Dependence on accurate

weather forecasts and data Tummers et al.
integrity poses risks to system (2021)
reliability.

- Scalability to diverse crops and
climates remains uncertain,
and specialized skills are
required.

4.3.1. Case Study 1—Food Processing Plant Optimization

A food processing plant that was especially in fruit and vegetable processing re-
quired a big data analytics solution to enhance its production calendar and mini-
mize wastage. Before the adoption of this system, this plant used to experience
cases of spoilage since there was wrong stocking, and since the demand for some
foods fluctuated, the plant used to experience a lot of wastage.

Background—To add, the plant employed in the processing of fruits and veg-
etables is more than fifty tons per day, of which approximately fifteen percent are
chucked as waste because of spoilage. This translated to about 7.5 tons of waste
daily, which in a year translated to over $1 million in losses (Koroteev et al., 2022).

Implementation—They had IoT sensors put up across the stored and pro-
cessed commodities to allow for continuous tracking of environmental condi-
tions. Information received from these sensors was physically stored in a cloud
based big data storage structure where machine learning based models were im-
plemented for predictive analysis.

Results—The control plant (specific facility or operational unit within the or-
ganization where the cold chain system was implemented and monitored to assess
its impact on spoilage rates, cost savings, and workflow efficiency) also recorded
a decline in spoilage rate in the first six months from 7.5 tons per day to 5.25 tons
because of the application of the cold chain system. This reduction not only
proved to be an annual cost saving of an estimated $300,000 but also proved quite
effective for the overall workflow efficiency of the company as it provided much
required flexibility to perfectly match the production strategies to the market tar-
gets.

Key Metrics: Waste Reduction—From 15% to 10.5% of total output; Cost Sav-
ings—Estimated $300,000 per year; Operational Efficiency—Improved produc-

tion scheduling and reduced labor costs by approximately 10%.

4.3.2. Case Study 2—Retail Chain Inventory Management
One very large grocery store chain put into action a big data plenty predictive

analytics and system to better control inventory and decrease spoilage in its outlets.
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Background—Although the chain had been managing over 1000 stores all
across the United States, the organization found its average food waste percentage
of 8% across its perishable food categories, resulting in a yearly loss of about $600
million.

Implementation—Machine learning models were created based on historical
sales data in conjunction with real-time data from IoT-enabled smart shelves to
make better predictions of demand patterns by the retail chain. Some of these
models included external factors such as changes in seasons, social events and
even the weather (Sridhar et al., 2021).

Results—For perishable foods sub-sector, reduced food wastage by a quarter
within the first year of applying the theory to the retail chain. It translated to about
$150 million in cost savings per year. Also, the gains made in the inventory
through purchases inventory management caused stock replenishment activities
to minimize stockouts by 20 percent.

Key Metrics—Waste Reduction—From 8% to 6%; Cost Savings—Approximately
$150 million annually; Stockout Reduction—Improved from a rate of 15% to 12%.

4.3.3. Case Study 3—Farm Management System
A case of a large-scale farm implementing the farm management IoT Big Data
Solution to reduce water wastage and draught on crops through right irrigation.

Background—The farm was overseeing more than two thousand acres of crop
production that were recording high losses because of poor water management
and control; fresh crop failures were costing the farm about $200,000 per year.

Implementation—In this case, the farm had placed soil moisture sensors that
relayed the condition of the soils to the farm at different fields. This data was used
along with the seven-day forecasts on the weather patterns to come up with ma-
chine learning algorithms that helped in the prediction of the irrigation patterns
based on the moisture levels of the soil (Tummers et al., 2021).

Results—When this system was established on the farm for one growing sea-
son, this farm claimed that they experienced a decrease in crop damage by about
40% due to water content. From this improvement, they estimated that their yield
would be boosted by approximately $80,000 per year.

Key Metrics—Crop Loss Reduction—$200,000 annually, which is reduced to
$120,000 annually; Yield Increase—Potential increase in annual revenue of about
$80,000.

The conclusions drawn from the case studies highlight how big data analytics
and machine learning can create real added value in agro-food logistic systems
and processes. Through real-time data and data-driven prediction, organizations
are able to shave off wastage while improving operations, profitability and effec-
tiveness. (Table 3)

4.4. Types of Models

There are several machine learning programs that address specific issues linked

to agro-food waste. They are models which are used to classify types of waste for
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Table 3. Machine learning approaches waste minimization with limitations.

Model Application Advantages Limitations References
Estimate waste amounts . . . .
. o . Simple to implement; May oversimplify
Regression under specific conditions - o . . . .
effective for quantitative  relationships; sensitive to Liu et al. (2017)
Models (e.g., temperature, s )
L predictions. outliers.
humidity).
Categorize waste patterns Results can be hard to
, gorize Was'e pari Identifies hidden .
Clustering to identify influential interpret; depends on the ~ Ahmadzadeh et
] patterns; works well for
Analysis factors (e.g., product type, chosen number of al. (2023)
; ) large datasets.
geographical region). clusters.
Combine predictions from Computationall
Ensemble . P . High accuracy; reduces p Y Lakhouit et al.
multiple models to improve . expensive; harder to
Methods - overfitting. ) (2023)
accuracy and stability. interpret.
Classify waste types based Easy to interpret; handles
. fy . P Y P . Prone to overfitting; may Munir et al.
Decision Trees on spoilage factors or both categorical and .
not generalize well. (2023)

Support Vector
Machines (SVM)

environmental conditions.

Predict which products are
susceptible to waste under
given conditions.

numerical data.

Effective for
high-dimensional data;
robust to overfitting.

Computationally
intensive; challenging
with large datasets.

Liu et al. (2017)

instance depending on its source, content or spoilage factors (Kumar & Singh,
2024). However, other forms of machine learning such as classification methods
such as decision trees and support vector machines can predict which products
are susceptible to being wasted given the past record and conditions of the envi-
ronment (Bhuiyan et al., 2023). Regression Models are used to estimate the
amounts of waste produced under conditions such as changing temperatures and
humidity in the storage environment. Methods such as linear regression as well as
significantly more advanced models like random forest can express the regularity
of the input variables to the waste output which can help to collect the necessary
inventory information and make decisions among the stakeholders (Rahaman et
al., 2023; Islam et al., 2024). Moreover, clustering analysis is used to help catego-
rize similar waste patterns so that relevant factors causing waste can be deter-
mined. Methods such as the k-means clustering or hierarchical clustering provide
a way to identify which product or process is most susceptible to waste with sub-
sequent steps to organize an intervention (Bhuiyan et al., 2023).

The idea behind Ensemble Methods is to train multiple models so that when
used together, we get better predictions with better accuracy and stability. Also,
somewhat related to mixing the values received from different models, bagging
and boosting can improve the performance of individual models and can offer a

more inclusive outlook into waste dynamics (Lakhouit et al., 2023).

4.5. Model Architecture and Design

Hence, each of the models is constructed with a special architecture to deal with
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the problem under consideration. Closely related to the deep learning models, it
is necessary to determine the number of layers and neurons. A well-designed neu-
ron circuit diagram might contain a number of hidden neurons that help to rec-
ognize the high-level dependencies in the data while the neurons in each sequen-
tial layer capture more detailed dependencies. Metrics about individual learning
rates, participation rates, and regularization during training contain sensitive in-
formation about such learning models (Liu et al., 2017). To choose model param-
eters we can use a grid search or random search which can help across hyperpa-
rameters in order to get the best performance of a given data set. Feature engi-
neering is the method of defining, changing, or developing new attributes re-
quired by a model to be optimized. Feature engineering is demonstrative of the
procedures that can mean improving the potential of a model to forecast waste,
especially using domain knowledge of the agro-food processes. Techniques like k-
fold cross validation also make it possible to guarantee that the algorithm per-
forms well on new datasets. Overfitting is prevented through this approach be-
cause the performance of the model is checked through another portion of the

training data (Rajvanshi et al., 2023).

4.6. Training Process

The training process involves

Using three sets of data—training, validation, and a test set—is crucial to properly
judging the prowess of a given model. The training set is then used to build the
model, and the validation set is used to tune the parameters of the model, and the
test set is used to test the model. In the case of cross-validation, the idea is to get
some level of confidence in the model by assessing it on different subsets of data.
This makes it easy to detect early signs of over and under-fitting during the train-
ing process, and it can be effectively used by designers. To identify effective mod-
els, measures like accuracy, precision-recall, F1-score, and AUC will be useful in
providing a complete account of the performance of the models (Golbraikh et al.,
2003). These have the effects of enabling the stakeholders to evaluate how accurate
the constructed model is in predicting waste and the ability to reduce waste in the
future. Some tools that help understand the relative importance of certain features
when it comes to the output are SHAP (SHapley Additive exPlanations) values or
LIME (Local Interpretable Model-Agnostic Explanations).

4.7. Results and Findings

The results section will discuss the comparison between the various models in the
aspect of how well and how effectively they can estimate and reduce different
forms of agro-food waste. It will also make possible conclusions about one model
or the other that was most efficient under certain circumstances. Specific differ-
ences between multiple machine learning models will be discussed by specifying
their accuracy, speed, and applicability for various contexts in the agro-food sec-

tor (Montecinos et al., 2018). A summary of the strengths and weaknesses of var-
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ious approaches will be discussed in this work. The findings will therefore present
two aspects, these are: which of the features was more relevant for forecasting
waste generation? For instance, some environmental conditions or operational
practices may develop into influential factors determining the rates of waste. They
shall also be jointly accompanied by implications in relation to organizational
stakeholders in the agro-food supply network, including guidelines on how dwell-
ing and deploying machine learning solutions they are likely to encounter are best
affected. This portion of the paper broadens the presentation of machine learning
systems for reducing agro-food waste and highlights the significance of building
solid structures in addition to considering the practical application of already de-
veloped models in the current setting (Ait-Kaddour et al., 2024).

5. Innovations in Agro-Food Waste Management
5.1. Technological Advancements

Novel developments in both the field of BDAS and machine learning have created
new possibilities for improving agro-food waste management. Improvements like
remote control of monitoring systems by IoT have also evolved to a level where
changes can be managed in real time. New technologies enabled by tiny, sophisti-
cated sensors for temperature and humidity, as well as gas emission, spoilage, and
many other parameters, changed the approach to waste management (El-Ramady
et al., 2022). These sensors produce detailed information that can help to develop
intervention schedules. Cloud computing, when integrated with IoT and BDAS
provides the means of storing and processing a large quantum of data that arises
from the agro-food processes. This also promotes solutions that can easily be
scaled up and be accessed anywhere and standards ensure that the stakeholders
can make proper decisions upon getting real time information. Featuring the abil-
ity to provide indisputable trails of merchandizer’s movement, blockchain can in-
crease competence in waste control in the food chain. This technology can show
areas that need improvement so that proper changes can be made. Competence
in the manufacturing of Al algorithms to analyze big data sets and decision sup-
port systems is gradually being used in different fields (Procentese et al., 2019).
Such developments provide the possibility to control the equipment’s condition
without its failure, efficient deliveries, as well as better demand estimation leading

to minimized wastage.

5.2. New Model Approaches

In this research, new model configurations are proposed to utilize both real time
IoT data streams and past data. They have become useful tools to improve predic-
tion and organizational effectiveness within waste management systems. Hybrid
models can consider more patterns in generation data in comparison with the best
regression and classification models, since the last ones combine different types
of machine learning algorithms, for instance, regression and classification models

integrated into one ensemble model (Kotsiantis et al., 2006). This approach im-
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proves the reliability of the predictions. It is a strategic necessity to integrate mod-
els that can be adjusted to respond to changing conditions in real-time into the
waste management sphere. These models rely on real-time data input from IoT
technologies to refine estimation in real-time operational conditions, resulting in
enhanced waste estimation. IoT systems need to be integrated with machine learn-
ing solutions that give a broader picture of the agro-food supply chain (Das, 2019).
This integrative approach helps in making good decisions since more than one

factor influencing generation of waste is considered.

5.3. Interconnection of IoT and Real-Time Data

IoT is used to collect data that serves as the foundation for machine learning by
feeding real-time data. The following section will also describe how it is possible
to catch real-time data feeds from sensors and fit them into analytical structures
that make possible dynamic decision-making. Applying data fusion procedures
makes it possible to include data from various sources (for example, IoT, weather
conditions, customers’ demand) into a single analytical system (Joshi et al., 2022).
This rich set of data improves the reliability of machine learning forecasts of waste
production. It also allows stakeholders to address new issues when they are iden-
tified by analyzing data from the stream as it happens. For example, when there is
a high temperature within storage facilities as obtained from the sensors, the ap-
propriate corrective measures must be taken to avoid spoilt food. The integration
of feedback on IoT systems and machine learning models guarantees continual
optimization and criminal intentions of individuals they will detect, and as new

data is collected, the model is trained further to improve its accuracy.

5.4. Potential for Automation

An exploration of how the adoption of IoT and machine learning could lead to a
future where the actual reduction of waste could be at least partly automated will
be made. Automate the process so that changes can easily occur in real time and
lead to better resource allocation as supported by the predictive analytic tools.
When machine learning is applied to IoT data sources, organizations can create
decision-making systems that are capable of processing data in real-time when it
comes to things such as inventory control, production planning or logistics (Aziz
et al., 2023; Rahaman et al., 2023). For instance, the automation of a specific pro-
cess could entail changing order quantities depending on a predicted, necessary
demand rate, calculated from previous sales trends. Automation is not limited
only to changes in operations; it includes predictions for maintenance and preser-
vation of food machinery as well. In observing performance data of equipment,
an organization is likely to identify some failures before they happen hence reduc-
ing on time wasted. Introducing bins that incorporate sensors that determine their
fill levels will make collection time for waste disposal services efficient (Engler,
2004). This eradicates the time-wasting as well as the cost-incensing exercise of

making many trips to the compound to remove the waste just in case it has over-
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flowed. These advancements are important innovations to properly address the
current wastage practices, mostly within the agro-food sector, to demonstrate that
technology can promote improvements, promote sustainability efforts, and pro-

mote a reduction of wastage within supply chain networks.

6. Challenges and Future Perspectives

The discussion section of the paper sums up the results that have been obtained
in the previous sections of the work, discussing the role of big data and machine
learning in minimizing the problem of agro-food waste (Ahmadzadeh et al.,
2023). Moreover, it will demonstrate how such technologies can reorient current
practices, discuss major differences between such technologies and conventional
approaches, and consider sustainability and economic concerns. The coupling of
big data analytics and machine learning in the agro-food waste management ap-
proach has been observed to have great possibilities for changing existing prac-
tices. Disposal of waste can therefore be checked through close monitoring of data
from the IoT devices, which reveal trends in waste generation, and hints at possi-
ble solutions which can then be applied immediately through the IoT devices
(Wang et al., 2024). For example, it can predict demand patterns better than tra-
ditional measures such that producers can control their production amount and
reduce wastage. Additionally, algorithms can determine if supply chains have
some problems that should be fixed and provide ideas on routes and inventory
management that would minimize waste the most at each step. However, some
drawbacks are still recognizable in the present research framework. This is an im-
portant consideration since many organizations may not have access to the re-
quired big datasets that must feed into machine learning. Second, there is also a
rise in privacy and security issues when there are increased numbers of IoT de-
vices in the agro-food industry (Islam et al., 2024; Ahmad Tarmizi et al., 2020). As
for future research perspectives, its main subject should be the question of the
improvement of the unified guidelines for the exchange of data and adherence to
corresponding rules and regulations in the field of privacy protection (Rahaman
et al., 2024).

Moreover, conventional methods of waste management involve monitoring
and preventing waste by reacting to it, and they require manual intervention. The
use of big data and machine learning is a more systematic and, largely, data-based
approach as compared to the heuristics-based method (Hannan et al., 2015). For
example, while traditional approaches may include checking stock periodically,
IoT technology makes it possible to monitor the levels constantly and take appro-
priate actions whenever the risk of waste is observed. Besides, this transition from
the reactive to the proactive approach does contribute to the improvement of the
flow of organizational processes as well as to the development of a culture of con-
stant improvement (Islam et al., 2024; Bhuiyan et al., 2023). The results comple-
ment the recent discourse on the roles of big data and machine learning in con-

tributing to other sustainable development objectives. The minimization of agro-
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food waste leads to a decreased impact on the environment with direct implica-
tions on enhanced control of the emissions of greenhouse gases related to the pro-
duction and disposal of foods. In economic positivity, the reduction of waste
means the reduction of losses among producers and retailers (Wan et al., 2019).
For example, reduced overhead costs such as losses under treasury through proper
inventory management or decreased transportation costs through proper man-
agement of logistics are effects of organizational efficiency. These economic ben-
efits also explain why agro-food businesses could continue to advance their use of
new technologies. Countries like the United Kingdom, China, and the Nether-
lands are at the forefront of IoT and big data analytics in agro-food waste man-
agement. The UK focuses on integrating IoT for sustainability and traceability
(Fischer & Lyon, 2021), while China leverages digital technologies for cross-bor-
der food supply chains (Li et al., 2023). The Netherlands employs IoT for real-
time monitoring, enhancing precision agriculture and waste reduction (Bijl et al.,
2024).

Furthermore, Agro-food waste management plays a vital role in addressing en-
vironmental, economic, and social challenges. Despite progress, significant re-
search gaps persist, including inadequate integration of circular economy princi-
ples, which limits sustainability advancements (Cahyadi et al., 2024). Challenges
in waste valorization, such as technological and economic constraints, hinder the
efficient conversion of waste into value-added products (Zhang & Zhang, 2024).
Limited application of smart technologies, including AI and IoT, restricts optimi-
zation in developing regions (Zhang & Zhang, 2024; Islam et al., 2024). Addition-
ally, insufficient stakeholder engagement highlights the need for inclusive ap-
proaches that incorporate diverse socio-economic perspectives (Berenguer et al.,
2023). So, there is still a research gap regarding model accuracy, specifically for
related contexts within and across the agro-food chains. Since waste generation
might be distinctive given product type and could be affected by diverse factors
such as climatic conditions, consumer preferences, etc., it may be important to

develop models with a view of distinct scenarios.

7. Conclusion

The successful implementation of big data analytics and the use of machine learn-
ing technology in agriculture will be a revolution in managing food wastage,
which has become a major problem for the food industry all over the world. This
study emphasizes the possibilities that the technologies bear for improving oper-
ational performances, managing resources optimally and making a positive im-
pact on sustainable development. The results presented support the relevance of
data-derived solutions to traditional waste management methodologies, as well as
illustrate how predictive analytics can improve inventory management and lower
wastage rates. In addition, the discussion focuses on the reduction in wasted food
and beverages and related advantages that holders of the products would have

more financial profitability. With this change being observed in the agro-food sec-
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tor, policymakers, businessmen, and even researchers are expedited in encourag-
ing the use of such technologies. This study demonstrates how real-time data from
IoT devices, along with more sophisticated analysis, provide suitable tools for key
stakeholders to make decisions to minimize wastage at all levels of the supply
chain. Therefore, there are enormous opportunities for increasing industrial ef-
forts to reduce waste and improve sustainability by investing in more efficient in-
frastructures, supporting data sharing, and funding more research into applica-
tions of machine learning in specific fields. In the long run, adopting such devel-
opments will not only transform the waste management industry but also enhance

the operations of the food industry regarding sustainability and economic returns.

Acknowledgements

We would like to express our gratitude to all the anonymous reviewers for their

contribution and critical reviews to improve the manuscript.

Conflicts of Interest

The authors declare no conflicts of interest regarding the publication of this paper.

References

Ahmad Tarmizi, H., Kamarulzaman, N. H., Abd Rahman, A., & Atan, R. (2020). Adoption
of Internet of Things among Malaysian Halal Agro-Food SMEs and Its Challenges. Food

Research, 4, 256-265. https://doi.org/10.26656/fr.2017.4(s1).s26

Ahmadzadeh, S., Ajmal, T., Ramanathan, R., & Duan, Y. (2023). A Comprehensive Review
on Food Waste Reduction Based on IoT and Big Data Technologies. Sustainability, 15,
Article 3482. https://doi.org/10.3390/sul15043482

Ait-Kaddour, A., Hassoun, A., Tarchi, I., Loudiyi, M., Boukria, O., Cahyana, Y. et al. (2024).
Transforming Plant-Based Waste and By-Products into Valuable Products Using Vari-
ous “Food Industry 4.0” Enabling Technologies: A Literature Review. Science of the To-
tal Environment, 955, Article ID: 176872.
https://doi.org/10.1016/j.scitotenv.2024.176872

Arshadi, M., Attard, T. M., Lukasik, R. M., Brncic, M., da Costa Lopes, A. M., Finell, M. et
al. (2016). Pre-Treatment and Extraction Techniques for Recovery of Added Value Com-
pounds from Wastes Throughout the Agri-Food Chain. Green Chemistry, 18, 6160-
6204. https://doi.org/10.1039/c6gc01389a

Aziz, M. M., Rahaman, M. M., Bhuiyan, M. M. R,, & Islam, M. R. (2023). Integrating Sus-
tainable IT Solutions for Long-Term Business Growth and Development. Journal of
Business and Management Studies, 5, 152-159.
https://doi.org/10.32996/jbms.2023.5.6.12

Belaud, J., Prioux, N., Vialle, C., & Sablayrolles, C. (2019). Big Data for Agri-Food 4.0: Ap-
plication to Sustainability Management for By-Products Supply Chain. Computers in
Industry, 111, 41-50. https://doi.org/10.1016/j.compind.2019.06.006

Berenguer, C. V., Andrade, C,, Pereira, J. A. M., Perestrelo, R., & Cdmara, J. S. (2023). Cur-
rent Challenges in the Sustainable Valorisation of Agri-Food Wastes: A Review. Pro-
cesses, 11, Article 20. https://doi.org/10.3390/pr11010020

Bhuiyan, M. M. R,, Rahaman, M. M., Aziz, M. M., Islam, M. R., & Das, K. (2023). Predictive
Analytics in Plant Biotechnology: Using Data Science to Drive Crop Resilience and

DOI: 10.4236/vp.2025.111003

33 Voice of the Publisher


https://doi.org/10.4236/vp.2025.111003
https://doi.org/10.26656/fr.2017.4(s1).s26
https://doi.org/10.3390/su15043482
https://doi.org/10.1016/j.scitotenv.2024.176872
https://doi.org/10.1039/c6gc01389a
https://doi.org/10.32996/jbms.2023.5.6.12
https://doi.org/10.1016/j.compind.2019.06.006
https://doi.org/10.3390/pr11010020

K. Das et al.

Productivity. Journal of Environmental and Agricultural Studies, 4, 77-84.
https://doi.org/10.32996/jeas.2024.4.3.11

Bijl, R., van der Meer, A., & Janssen, P. (2024). Precision Agriculture and IoT Applications
in Waste Management: Insights from the Netherlands. Springer.

Cahyadi, E. R,, Hidayati, N., Zahra, N., & Arif, C. (2024). Integrating Circular Economy
Principles into Agri-Food Supply Chain Management: A Systematic Literature Review.
Sustainability, 16, Article 7165. https://doi.org/10.3390/sul6167165

Caruso, M. C,, Braghieri, A., Capece, A., Napolitano, F., Romano, P., Galgano, F. et al.
(2019). Recent Updates on the Use of Agro-Food Waste for Biogas Production. Applied
Sciences, 9, Article 1217. https://doi.org/10.3390/app9061217

Das, S., Lee, S., Kumar, P, Kim, K., Lee, S. S., & Bhattacharya, S. S. (2019). Solid Waste
Management: Scope and the Challenge of Sustainability. Journal of Cleaner Production,
228, 658-678. https://doi.org/10.1016/j.jclepro.2019.04.323

El-Ramady, H., Brevik, E. C., Bayoumi, Y., Shalaby, T. A., El-Mahrouk, M. E., Taha, N. et
al. (2022). An Overview of Agro-Waste Management in Light of the Water-Energy-
Waste Nexus. Sustainability, 14, Article 15717. https://doi.org/10.3390/su142315717

Engler, M. (2004). Designing America’s Waste Landscapes. JHU Press.

Fischer, M., & Lyon, S. (2021). IoT and Sustainability in Agro-Food Systems. Sustainability,
13, Article 12181.

Golbraikh, A., Shen, M., Xiao, Z., Xiao, Y., Lee, K., & Tropsha, A. (2003). Rational Selection
of Training and Test Sets for the Development of Validated QSAR Models. Journal of
Computer-Aided Molecular Design, 17, 241-253.
https://doi.org/10.1023/a:1025386326946

Hannan, M. A., Abdulla Al Mamun, M., Hussain, A., Basri, H., & Begum, R. A. (2015). A
Review on Technologies and Their Usage in Solid Waste Monitoring and Management
Systems: Issues and Challenges. Waste Management, 43, 509-523.
https://doi.org/10.1016/j.wasman.2015.05.033

Henningsson, S., Hyde, K., Smith, A., & Campbell, M. (2004). The Value of Resource Effi-
ciency in the Food Industry: A Waste Minimisation Project in East Anglia, UK. Journal
of Cleaner Production, 12, 505-512.
https://doi.org/10.1016/s0959-6526(03)00104-5

Irani, Z., Sharif, A. M., Lee, H., Aktas, E., Topaloglu, Z., van’t Wout, T. et al. (2018). Man-
aging Food Security through Food Waste and Loss: Small Data to Big Data. Computers
& Operations Research, 98, 367-383.
https://doi.org/10.1016/j.cor.2017.10.007

Islam, M. R., Aziz, M. M., Gonee Manik, M. M. T., ahman Bhuiyan, M. M. R., Noman, I.
R., Rahaman, M. M. et al. (2024). Navigating the Digital Landscape: Integrating Ad-
vanced IT Solutions with Project Management Best Practices. JCRRD Quality Index Re-
search Journal, 5, 159-173. https://doi.org/10.53272/icrrd.v5i4.5

Joshi, L. M., Bharti, R. K,, Singh, R., & Malik, P. K. (2022). Real Time Monitoring of Solid
Waste with Customized Hardware and Internet of Things. Computers and Electrical En-
gineering, 102, Article ID: 108262. https://doi.org/10.1016/j.compeleceng.2022.108262

Koroteev, M., Romanova, E., Korovin, D., Shevtsov, V., Feklin, V., Nikitin, P. et al. (2022).
Optimization of Food Industry Production Using the Monte Carlo Simulation Method:
A Case Study of a Meat Processing Plant. Informatics, 9, Article 5.
https://doi.org/10.3390/informatics9010005

Kotsiantis, S. B., Zaharakis, I. D., & Pintelas, P. E. (2006). Machine Learning: A Review of
Classification and Combining Techniques. Artificial Intelligence Review, 26, 159-190.

DOI: 10.4236/vp.2025.111003

34 Voice of the Publisher


https://doi.org/10.4236/vp.2025.111003
https://doi.org/10.32996/jeas.2024.4.3.11
https://doi.org/10.3390/su16167165
https://doi.org/10.3390/app9061217
https://doi.org/10.1016/j.jclepro.2019.04.323
https://doi.org/10.3390/su142315717
https://doi.org/10.1023/a:1025386326946
https://doi.org/10.1016/j.wasman.2015.05.033
https://doi.org/10.1016/s0959-6526(03)00104-5
https://doi.org/10.1016/j.cor.2017.10.007
https://doi.org/10.53272/icrrd.v5i4.5
https://doi.org/10.1016/j.compeleceng.2022.108262
https://doi.org/10.3390/informatics9010005

K. Das et al.

https://doi.org/10.1007/s10462-007-9052-3

Kumar, S., & Singh, R. (2024). The Role of IoT in Advancing Agricultural Waste Manage-
ment. Springer.

Lakhouit, A., Shaban, M., Alatawi, A., Abbas, S. Y. H., Asiri, E., Al Juhni, T. et al. (2023).
Machine-learning Approaches in Geo-Environmental Engineering: Exploring Smart

Solid Waste Management. Journal of Environmental Management, 330, Article ID:
117174. https://doi.org/10.1016/j.jenvman.2022.117174

Li, J., Wang, X., & Zhao, L. (2023). Digital Technology Applications in China’s Agro-Food
Supply Chain Sustainability. Agriculture, 14, Article 900.

Liu, W., Wang, Z., Liu, X., Zeng, N, Liu, Y., & Alsaadi, F. E. (2017). A Survey of Deep
Neural Network Architectures and Their Applications. Neurocomputing, 234, 11-26.
https://doi.org/10.1016/j.neucom.2016.12.038

Montecinos, J., Ouhimmou, M., Chauhan, S., & Paquet, M. (2018). Forecasting Multiple
Waste Collecting Sites for the Agro-Food Industry. Journal of Cleaner Production, 187,
932-939. https://doi.org/10.1016/j.jclepro.2018.03.127

Munir, M. T, Li, B., & Naqvi, M. (2023). Revolutionizing Municipal Solid Waste Manage-
ment (MSWM) with Machine Learning as a Clean Resource: Opportunities, Challenges
and Solutions. Fuel, 348, Article ID: 128548. https://doi.org/10.1016/j.fuel.2023.128548

Oruganti, R. K,, Biji, A. P., Lanuyanger, T., Show, P. L., Sriariyanun, M., Upadhyayula, V.
K. K. et al. (2023). Artificial Intelligence and Machine Learning Tools for High-Perfor-
mance Microalgal Wastewater Treatment and Algal Biorefinery: A Critical Review. Sci-
ence of the Total Environment, 876, Article ID: 162797.
https://doi.org/10.1016/j.scitotenv.2023.162797

Pereira, J. L. S., Costa, T., Figueiredo, V., Marques, F., Perdigdo, A., Bras, L. et al. (2024).
Influence of Different Agro-Food Waste on Ammonia and Greenhouse Gas Emissions

during Composting. Agronomy, 14, Article 220.
https://doi.org/10.3390/agronomy14010220

Procentese, A., Raganati, F., Olivieri, G., Russo, M. E., De La Feld, M., & Marzocchella, A.
(2019). Agro Food Wastes and Innovative Pretreatments to Meet Biofuel Demand in

Europe. Chemical Engineering & Technology, 42, 954-961.
https://doi.org/10.1002/ceat.201800459

Rahaman, M. M., Gonee Manik, M. M. T., Rahman Noman, I., Islam, M. R., Aziz, M. M.,
Rahman Bhuiyan, M. M. et al. (2024). Data Analytics for Sustainable Business: Practical
Insights for Measuring and Growing Impact. JCRRD Quality Index Research Journal, 5,
110-125. https://doi.org/10.53272/icrrd.v5i4.2

Rahaman, M. M, Rani, S., Islam, M. R., & Bhuiyan, M. M. R. (2023). Machine Learning in
Business Analytics: Advancing Statistical Methods for Data-Driven Innovation. Journal
of Computer Science and Technology Studies, 5, 104-111.
https://doi.org/10.32996/jcsts.2023.5.3.8

Rajvanshi, S., Kaur, G., Dhatwalia, A., Arunima, Singla, A., & Bhasin, A. (2023). Research
on Problems and Solutions of Overfitting in Machine Learning. In K. C,, Santosh, S. K.,
Sood, H. M, Pandey, & C. Virmani (Eds.), Advances in Artificial-Business Analytics and
Quantum Machine Learning (pp. 637-651). Springer Nature Singapore.
https://doi.org/10.1007/978-981-97-2508-3 47

Rejeb, A., Rejeb, K., & Zailani, S. (2021). Big Data for Sustainable Agri-Food Supply Chains:
A Review and Future Research Perspectives. Journal of Data, Information and Manage-
ment, 3,167-182. https://doi.org/10.1007/s42488-021-00045-3

Sharma, M. K., Dhaka, V. S., & Shekhawat, R. S. (2022). Intelligent Agro-Food Chain Sup-

DOI: 10.4236/vp.2025.111003

35 Voice of the Publisher


https://doi.org/10.4236/vp.2025.111003
https://doi.org/10.1007/s10462-007-9052-3
https://doi.org/10.1016/j.jenvman.2022.117174
https://doi.org/10.1016/j.neucom.2016.12.038
https://doi.org/10.1016/j.jclepro.2018.03.127
https://doi.org/10.1016/j.fuel.2023.128548
https://doi.org/10.1016/j.scitotenv.2023.162797
https://doi.org/10.3390/agronomy14010220
https://doi.org/10.1002/ceat.201800459
https://doi.org/10.53272/icrrd.v5i4.2
https://doi.org/10.32996/jcsts.2023.5.3.8
https://doi.org/10.1007/978-981-97-2508-3_47
https://doi.org/10.1007/s42488-021-00045-3

K. Das et al.

ply. In P. K. Pattnaik, R. Kumar, & S. Pal (eds.), Internet of Things and Analytics for
Agriculture, Volume 3 (pp. 65-91). Springer Singapore.
https://doi.org/10.1007/978-981-16-6210-2 4

Smith, A. L., Stadler, L. B, Love, N. G., & Raskin, L. (2022). Navigating Wastewater Energy
Recovery Strategies: A Life Cycle Comparison of Anaerobic Membrane Bioreactor and
Conventional Treatment Systems with Anaerobic Digestion. Environmental Science &
Technology, 48, 5972-5981. https://doi.org/10.1021/es5006169

Sridhar, A., Ponnuchamy, M., Kumar, P. S., Kapoor, A., Nguyen Vo, D., & Rangasamy, G.
(2023). Digitalization of the Agro-Food Sector for Achieving Sustainable Development
Goals: A Review. Sustainable Food Technology, 1, 783-802.
https://doi.org/10.1039/d3fb00124e

Sridhar, P., Vishnu, C. R., & Sridharan, R. (2021). Simulation of Inventory Management
Systems in Retail Stores: A Case Study. Materials Today: Proceedings, 47, 5130-5134.
https://doi.org/10.1016/j.matpr.2021.05.314

Trevisan, C., & Formentini, M. (2023). Digital Technologies for Food Loss and Waste Pre-
vention and Reduction in Agri-Food Supply Chains: A Systematic Literature Review and
Research Agenda. IEEE Transactions on Engineering Management, 71, 12326-12345.
https://doi.org/10.1109/tem.2023.3273110

Tummers, J., Kassahun, A., & Tekinerdogan, B. (2021). Reference Architecture Design for
Farm Management Information Systems: A Multi-Case Study Approach. Precision Ag-
riculture, 22, 22-50. https://doi.org/10.1007/s11119-020-09728-0

UNEP (2024). Food Waste Index Report.
https://www.unep.org/resources/publication/food-waste-index-report-2024

Wan, C,, Shen, G. Q., & Choi, S. (2019). Waste Management Strategies for Sustainable De-
velopment. In W. Leal Filho (Ed.), Encyclopedia of Sustainability in Higher Education
(pp- 2020-2028). Springer International Publishing.
https://doi.org/10.1007/978-3-030-11352-0 194

Wang, G., Li, S., Yi, Y., Wang, Y., & Shin, C. (2024). Digital Technology Increases the Sus-
tainability of Cross-Border Agro-Food Supply Chains: A Review. Agriculture, 14, Article
900. https://doi.org/10.3390/agriculture14060900

Zhang, Q., & Zhang, H. (2024). Assessing Agri-Food Waste Valorization Challenges and
Solutions Considering Smart Technologies: An Integrated Fermatean Fuzzy Multi-Cri-
teria Decision-Making Approach. Sustainability, 16, Article 6169.
https://doi.org/10.3390/sul6146169

DOI: 10.4236/vp.2025.111003

36 Voice of the Publisher


https://doi.org/10.4236/vp.2025.111003
https://doi.org/10.1007/978-981-16-6210-2_4
https://doi.org/10.1021/es5006169
https://doi.org/10.1039/d3fb00124e
https://doi.org/10.1016/j.matpr.2021.05.314
https://doi.org/10.1109/tem.2023.3273110
https://doi.org/10.1007/s11119-020-09728-0
https://www.unep.org/resources/publication/food-waste-index-report-2024
https://doi.org/10.1007/978-3-030-11352-0_194
https://doi.org/10.3390/agriculture14060900
https://doi.org/10.3390/su16146169

	Revolutionizing Agro-Food Waste Management: Real-Time Solutions through IoT and Big Data Integration
	Abstract
	Keywords
	1. Introduction
	2. Literature Review
	2.1. Agro-Food Waste Management Today
	2.2. IoT Applications in Agro-Food Waste Management
	2.3. Big Data in Agro-Food Waste Management
	2.4. Machine Learning Trees to Tackle Waste Management

	3. Current Research Gaps
	4. Big Data in Agro-Food Waste Minimization
	4.1. Data Collection and Sources
	4.2. Data Processing Techniques
	4.3. Big Data Analytics Approaches
	4.3.1. Case Study 1—Food Processing Plant Optimization
	4.3.2. Case Study 2—Retail Chain Inventory Management
	4.3.3. Case Study 3—Farm Management System

	4.4. Types of Models
	4.5. Model Architecture and Design
	4.6. Training Process
	4.7. Results and Findings

	5. Innovations in Agro-Food Waste Management
	5.1. Technological Advancements
	5.2. New Model Approaches
	5.3. Interconnection of IoT and Real-Time Data
	5.4. Potential for Automation

	6. Challenges and Future Perspectives
	7. Conclusion
	Acknowledgements
	Conflicts of Interest
	References

