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earning for triple bottom line
optimization in virtual refrigeration through
simulation-based sustainable food management

Muhammad Ovais Akhter * and Shakir Karim Buksh

Global food systems are inefficient and result in the waste of at least one billion tonnes of food every year,

contributing 8–10% of the anthropogenic greenhouse gas emissions, 1 trillion in economic losses and 600

million cases of food-borne diseases across the world. Although traditional smart refrigeration solutions

have considerable potential, they are limited by the high price of hardware, the impossibility of scalability,

and the lack of privacy due to the centralised processing of data. This study represents a new federated

deep learning architecture that measures and maximizes the triple bottom line (environmental,

economic, and health) effects by simulating virtual refrigeration. With the use of synthetic data of food-

101 and multi-modal deep learning models such as CNN to identify food and LSTM to predict freshness,

the framework operates 500 virtual household fridges, without violating privacy with federated learning.

This system uses the mode of differential privacy (e = 1.0) to allow the collective upgrading of the model

without exploiting delicate information. Findings reveal significant gains in all aspects of sustainability: AI

performance had a 96.8% accuracy (25% improvement), user experience metrics had SUS scores of 87.3

(37% better) and security was at 91.5% attack resistance (51% better). The environmental advantages

include 30–40% of food waste reduction, potentially minimizing CO2 emissions by up to 200–300 kg

per house. Economic effects will result in household savings of $500–800 per year in optimised

inventory management. Health outcomes include minimised risk of foodborne illnesses by proper

detection of spoilage and prevention of cross-contamination.
Sustainability spotlight

This study contributes to the UN Sustainable Development Goal 12 (responsible consumption and production) by proposing a privacy-sensitive federated deep
learning model of virtual refrigeration that can solve food waste problems across the world. The system can reduce food waste by 30–40% by removing hardware
dependencies, allowing for secure and collaborative AI learning in 500 virtual households, which could reduce 200–300 kg of CO2 emissions per household in
a year. The triple bottom line optimization will provide environmental benets in the form of waste reduction, economic advantages in the form of household
savings of $500–800 per year, and health benets in the form of reduced incidence of foodborne illnesses. This is a scalable, simulation-based strategy that
democratises sustainable food management technology and makes it available to a wide range of people without compromising data privacy due to the use of
varying privacy techniques (e = 1.0), thus developing responsible consumption trends at scale.
1. Introduction

At a time when the global food systems are under a bigger strain
than ever before, the world throws away more than a billion
tonnes of food each year, contributing signicantly to envi-
ronmental degradation and posing economic and health risks
to people. Not only does this waste contributes towards climate
change by emitting 8–10% of greenhouse gases from anthro-
pogenic sources1 but also results in economic losses of
approximately 1 trillion per year and causes foodborne diseases
that afflict 600 million people annually worldwide. The core of
ed Sciences, Bahria University, 75350,

edu.pk

y the Royal Society of Chemistry
this problem is the lack of efficiency in preserving food;
specically, refrigeration, which aids in increasing the shelf-life,
frequently fails because of insufficient monitoring, resulting in
spoilage, unnecessary consumption of a lot of energy, and cross-
contamination.2

The old model of refrigeration systems based on physical
hardware constituents, such as sensors and IoTs, has tried to
solve these inefficiencies but is limited by high prices, scal-
ability, and privacy of information processing.3 For example,
prototypes that include RFID or gas sensors are easily inter-
rupted in real-world applications, are costly, and need central-
ised data processing, posing privacy risks to the user.4 With the
global food waste expected to increase with population growth
and climate changes, there is a dire need to augment the
Sustainable Food Technol.

http://crossmark.crossref.org/dialog/?doi=10.1039/d5fb00739a&domain=pdf&date_stamp=2026-02-04
http://orcid.org/0000-0002-8928-4489
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5fb00739a
https://pubs.rsc.org/en/journals/journal/FB


Sustainable Food Technology Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

1 
Ja

nu
ar

y 
20

26
. D

ow
nl

oa
de

d 
on

 3
/1

7/
20

26
 8

:2
2:

07
 P

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online
innovative and accessible solutions that can simulate and
alleviate such effects without hardware reliance and can be
adopted by a wide range of the population.5

In the current study, optimization of refrigeration6 as
a sustainable process is considered one of the solutions by
developing a simulation-based framework that measures the
triple bottom line of the environment, economic, and health
impacts7 quantitatively in virtual environments via federated
deep learning.8 The study uses synthetic datasets (such as food-
101), multi-modal networks9 (such as LSTM10) to analyse the
variation of temperature and humidity with time, and CNN to
analyse images of spoiled foods to simulate virtual refrigerators
in 500 households and predict the timing of spoilage, optimise
refrigerator settings and predict the consumption patterns.
Federated learning makes the approach a privacy-preserving
collaboration10 without centralising sensitive data, achieving
30–40% reduction in food waste,11 household savings and
reduction in foodborne illness cases through the use of a graph
neural network to model cross-contamination risks.12

The main research question focused on how to apply
a hardware-free, federated deep learning simulation platform to
successfully measure and optimise the environmental (e.g., CO2

reductions per household), economic (e.g., cost savings through
energy-efficient controls) and health (e.g., prevented illnesses
through behavioural insights of explainable AI such as SHAP
values) consequences of virtual refrigeration systems to make
food management more sustainable.13 Such a framework is
developed not only to deal with the existing restrictions of
refrigeration systems that rely on hardware but also to give
practical information to households, industries, and policy-
makers to help them attain the UN Sustainable Development
Goal 12 of responsible consumption and production.

Section 2 is a broad literature review that explores the
development of smart refrigeration technologies from 2016 to
2025, identifying the key gaps of AI implementation, user
experience, and security that currently hinder sustainable food
management. Section 3 provides the methodology of using the
proposed federated deep learning system, focusing on opti-
mizing the triple bottom line (environment, economy, and
health) effects by simulation-based virtual refrigeration in 500
households. The quantitative and qualitative outcomes are
summarized in Section 4, where the results of food waste
reduction (30–40%) and cost savings ($500–800 per household
annually) are highlighted and the health outcomes (reduced
risk of foodborne diseases) and performance measures to prove
the sustainability impact of the framework are elucidated.
Lastly, Section 5 summarizes the main ndings and recom-
mendations for developing responsible consumption practises
in line with the UN Sustainable Development Goal 12.

Table 1 provides a systematic review of smart refrigeration
technologies adopted between 2016 and 2025 in terms of how
they contribute to food sustainability by quantitative waste
reduction variables and qualitative changes in user behaviour
and food safety activities. Both studies deal with very important
issues of environmental conservation, economy, and health
safety, and they prove how simple IoT inventory control
develops into the sophisticated AI-based systems. The analysis
Sustainable Food Technol.
identies both quantiable results, including cutting down the
world 1.3 billion tonnes of annual food waste, and behaviour
changes that lead to sustainable consumption trends, as well as
the existent constraints that require simulation-based solutions
to implement at large scale.

Fig. 1 illustrates the development of smart refrigeration
systems between 2018 and 2025, including all the contributions
of research, technologies, quantitative and qualitative contri-
butions, limitations, and pioneering approaches in each study
throughout these works, quantitative sustainability manifests
itself in such measures as the reduction of waste percentage
(e.g. the coverage of 1.3 billion tonnes of waste worldwide),
accuracy level (up to 99.9%), and savings (e.g. 151.29 in
inspections), which proves measurable effects in environmental
footprint and economic feasibility. On a qualitative level, these
technologies improve user convenience and facilitate behav-
ioural shis towards mindful consumption and health by being
safer than usual. However, they are usually constrained by
hardware dependencies and real-life variability. New methods,
such as RFID and gas sensors, CNNs, LSTMs, and RNNs
transform preservation via prediction and automation. Never-
theless, the problems of interference, calibration, and scal-
ability still exist, supporting the current transition toward
simulation-based approaches based on pre-arranged datasets,
such as food-101 or synthetic images.

The framework shows experimentally veried performance
scores in terms of rigorous testing on synthetic datasets: a CNN-
based food recognition framework reached 90% accuracy, an
LSTM-based freshness prediction framework reached 97.6%
performance (1–MAE = 20), and the federated architecture
reached 91.5% resistance against attacks under the conditions
of differential privacy (=1.0). These performance indicators are
the immediate results of the simulation experiments, and are
the validated system architecture capabilities.

However, the sustainability benets reaped by these capa-
bilities are simulation models. They are not empirically proven
outcomes of the real world, such as the 30–40% reduction in
food waste, annual household savings of $500–800, and the
200–300 kg reduction in CO2 emission. They are projections of
the model-estimated performance based on the performance
properties of the model, conventional food-waste emission
factors, as well as optimization algorithms used on the 500
virtual household refrigerators.

Although the anticipated sustainability effects are not yet
validated through real-life studies, the anticipated sustain-
ability effects are based on the experimental ndings provided
here and similar ndings in existing empirical literature. Past
research on IoT and AI-enabled refrigeration systems has
already reported similar results in terms of waste-reduction:
RFID-based inventory tracking systems have been reported to
decrease discarded food items as sensor-fusion solutions to the
global challenge of 1.3 billion tonnes of annually reduced waste
by measuring freshness improvements. Furthermore, deep-
learning refrigeration systems have been demonstrated to
provide validated spoilage protection by providing personal
recommendations. Likewise,20 hygiene-detection systems have
yielded a cost reduction of $151.29 in the inspection
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Evolution of smart refrigeration: literature survey timeline (2018–2025).
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procedures. The estimated implications of the current study
coincide with these empirically proven trends, extrapolating
them with the privacy-sensitive collaboration of federated
learning. However, we recognise that the particular quantitative
forecasts, especially the percentage of waste reduction, cost
savings and health outcomes, are based on estimated potential
effects that must be supplemented by eld research and actual
implementations to determine the actual behaviour modica-
tion, environmental and economic results in different house-
hold settings.
2. Gap identification in traditional
refrigeration technology for enhancing
food sustainability

The study nds three essential shortcomings of smart refrig-
erator technology; the incorporation of innovative deep learning
to recognise and identify food and determine its quality,
providing an optimal user interface through adaptive interfaces,
and ensuring security and privacy through federated learning.

2.1 AI integration deciency gap

There is currently a signicant deciency in the integration of
articial intelligence into the refrigeration technology system.
This is mainly represented by the 70–80% accuracy in the use of
primitive computer vision algorithms. This is lower than the
required standard of more than 95% accuracy that would see
successful practical implementation in an actual environment.
Sustainable Food Technol.
Another vital element that is missing in mitigating this de-
ciency is the integration of deep learning methodologies in
conjunction with multi-modal data fusion that may help to
improve the system perceptual mechanisms and overall
performance reliability.
2.2 Limitations on the user experience gap

The current framework has several limitations to user experi-
ence, such as the use of generic interfaces which do not provide
any personalization option based on the specic user prefer-
ence or behaviour. This is further exacerbated by inefficient
usability statistics, according to the results of the system
usability scale (SUS) scores of less than 70%,21 whichmeans that
there is a signicant problem of no intuitive interaction and
satisfaction. Moreover, there are no adaptive interaction
processes, which means that the system does not change
dynamically in response to the input provided by the user or the
situation, thus weakening the entire interaction and
performance.22

One of the major gaps in the user experience can be seen in
modern smart fridges, with several interconnected limitations
that make the phenomenon noticeable. First, the current
systems use generic interfaces that cannot be customised to
user preferences or behavioural patterns. As seen in the
reviewed studies, most focus on hardware functionality and not
user-focused design. It is important to note that in Table 1 and
Fig. 1, none of the studies on smart refrigeration mentioned
formal usability tests or system usability scale (SUS) tests. This
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 2 Identification of gaps in virtual refrigeration technology

Gap Current state Required/Issues Missing components

Gap 1: AI integration
deciency

Accuracy of 70–80% using basic
computer vision28

Accuracy of >95% for practical
deployment

Deep learning with multi-modal
data fusion

Gap 2: User experience
limitations

Generic interfaces with no
personalization; SUS < 70

Improved usability and
personalization

Adaptive interaction mechanisms

Gap 3: Security
vulnerabilities

Centralized data storage; vulnerable
to breaches and attacks

Enhanced privacy and security Privacy-preserving machine
learning
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means that the user experience measures are still not consid-
ered in the framework of this research. Even the fact that they
have not been tested in terms of usability is a manifestation of
the user experience gap in the current literature. According to
the HCI benchmark, SUS scores of less than 70 indicate either
poor or marginal usability.23
2.3 Gap in security vulnerabilities

The security in refrigeration systems has serious vulnerabilities,
and most of them are due to the use of central data storage
structures, which pose privacy risks by virtue of the possibility
of unauthorised access or misuse of sensitive data. These issues
are aggravated by the absence of privacy-friendly machine
learning methods, where data processing is performed without
a mechanism to protect user anonymity or preserve data
integrity. Therefore, the system is prone to data breach and
other cyberattacks, suggesting more robust protective mecha-
nisms are needed to curb these challenges. Table 2 presents
a summary of the identied gaps in the system with the current
states, improvements required and missing components.
Fig. 2 Federated learning architecture for virtual refrigeration.
3. Methodology

The approach uses a triple bottom line approach, which maxi-
mises performance (AI accuracy), user experience (usability),
and security (privacy preservation) in a combined federated
deep learning simulation system.24 The federated learning
model involves four co-located modules to resolve the identied
gaps of AI integration, user experience and security.25 The
central part comprises a federated server that accepts the
aggregation of global models, which integrates a convolutional
neural network (CNN) to identify the food and a long short-term
memory (LSTM) network that predicts whether the food is fresh.
This server interacts with several virtual clients, each having its
own local data storage, training and user experience adaptation
system. The architecture supports a privacy-protection feature
by storing sensitive data on-premises, allows collaborative
model renement via gradient sharing to eliminate centralised
vulnerabilities, and enable scalable deployment to virtual
refrigeration settings. Its methodology is based on a six-step
process with structurization, combining advanced AI
methods, adaptive user interfaces, and strong security in
a federated learning environment. The rst stage is the virtual
setup, which includes the creation of articial data, the creation
of federated consumers, and the establishment of privacy
© 2026 The Author(s). Published by the Royal Society of Chemistry
settings to reproduce real-life conditions with no real
equipment.

The model architecture is then constructed, which includes
a CNN to recognise visual food,26 an LSTM to predict freshness
over time, and a fusion network to perform multi-modal inputs.
The federated training loop is repeated with several rounds:
aer each round, the server broadcasts the current model,
clients execute local training using their data, transmitting new
gradients, and the server sums them together using the feder-
ated averaging (FedAvg) algorithm to improve the global model.
Aer the training, simulation and adaptations of user experi-
ence are performed via modelling interaction, measurement of
usability metrics and dynamically changing the interface
parameters. Security analysis is then performed, where privacy
budgets are tracked with parameters e and d, possible attacks
are simulated, and the overall security scores are computed. The
nal stage is completed by the triple bottom line analysis, where
the objective function J(th) is calculated, visualisation of
performance is generated, and the predetermined constraints
are checked. The federated deep learning architecture of virtual
refrigeration systems is presented in Fig. 2.
3.1 Virtual environment implementation and data
generations

The process of implementation starts with the construction of
a virtual refrigerator environment and the creation of synthetic
data to model federated learning processes. The code uses
Sustainable Food Technol.
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Python libraries to calculate numbers and deep learning, and
calculate a class to deal with client data distribution. It creates
articial images of food categories and time-series data of food
freshness, and forms federated data across virtual clients.27

It is important to note that we use only synthetic data to
conduct all the experimental assessments in our study, which
underlies the limitation of the interpretation and generalisation
of our results. The reported performance metrics in this work,
such as the CNN food recognition accuracy (96.8 0.52) and
LSTM freshness prediction performance (97.6 0.52 as 1–MAE),
are results of simulations in a controlled virtual environment
and not empirically validated actual performance. The reported
metrics of sustainability (such as 30–40% quality of 080 520
reduced waste and $500–800 annual household savings) are
results of simulation behaviour in a controlled virtual envi-
ronment and not of real-world performance. The synthetic
process of creating the data is expected to mimic realistic
conditions using the food-101 image data and the synthetically
generated time-series of the temperature and humidity
changes. However, the dataset and articially generated time-
series cannot co-exist under the actual conditions of refrigera-
tion in a household scenario as such conditions are compli-
cated, diverse, and unpredictable. In particular, our simulation
does not reect a wide range of household behaviours, which
tend to be diverse and oen inconsistent. This variability results
from the levels of compliance to system recommendations,
which vary across demographics and cultures; the food
management practises of different cultures and demographics;
the visual recognition of a wide range of food packaging, storage
containers, and product displays; the diverse impact of socio-
economic factors, educational attainments and technological
literacy on system adoption and continued use; the effects of
adaptation to behaviour in the long term; and the possible
fatigue effects of the system over long deployment durations.
Although our federated learning structure and triple-bottom-
line optimisation framework offer useful proof-of-concept vali-
dation and set performance boundaries in theory under
controlled conditions, we must consider such ndings as being
a simulation-based approximation of the predicted perfor-
mance in the eld, which resembles (but is not equivalent) to
real-world performance. Our simulation results will need
extensive empirical validation by longitudinal eld research
involving different participant groups, different geographic and
climatic settings, prolonged monitoring over several seasons,
and multifaceted assessment of performance and behaviour,
based on a combination of quantitative measures of perfor-
mance and qualitative measures of behaviour of behaviour. Our
work denes a model simulation framework and theoretically
based approach. However, a follow-up real-world validation
research study is necessary to establish real-life sustainability
effects, detect the implementation issues, and optimise the
system to feasible implementation in heterogeneous household
settings.

This synthetic dataset is fully developed and includes two
integrated parts: 800 food images in 20 food categories chosen
in the food-101 dataset, 18 photographs in each category (e.g.,
apple, bread, cheese, chicken, eggs, sh, lettuce, milk, pizza,
Sustainable Food Technol.
and rice), and 800 sequences of environmental data, where
a sequence has 7 time-steps and 3 features (temperature in °C,
relative humidity in %RH, and days since food was rst stored).
Foods in the dataset are represented as both images (64 × 64 ×

3) and environmental history (7 × 3 time-series) and allow for
the learning of multiple modalities in both CNN and LSTM
networks. The articial time-series data have been produced
with the help of controlled random variations: temperature
values have been sampled with N (4 °C, 1.5 °C) as a represen-
tative of a typical refrigerator environment, with humidity
values sampled with N (65% RH, 10% RH) being a representa-
tive of moisture levels, and days since storage increasing line-
arly in the range of 0 to 6 days. Freshness ground-truth labels
were determined by an operation of degradation.
3.2 Federated deep learning models

Aer the data generation, the code creates and establishes the
deep learning models on food recognition and freshness
prediction in a federated server model. It consists of CNN and
LSTMmodel classes, aggregation and privacy server, and virtual
clients' classes.

The code builds a CNN consisting of convolutional blocks to
extract features of an image and dense layers to classify them,
where the categorical cross-entropy loss is used. LSTM applies
recurrent layers to sequential data to forecast food freshness as
a sigmoid output, and its loss is based on mean squared error.
FedAvg is a server method29 that uses sample size as a weight to
provide the contribution of the client and introduces Gaussian
noise as a differentiating privacy measure. Virtual clients
imitate international models, develop locally, revise
performance-based satisfaction ratings, and model
interactions.

The CNN on which the food recognition CNN is run accepts
input images of 64 64 3 (width height RGB channels), which is
a compromise between the computation cost and resolution to
differentiate between food groups. Its structure has three con-
volutional blocks with a progressively growing number of lters:
blocks 1, 2, and 3 contain 32, 64, and 128 lters, respectively,
each with 3 × 3 kernels that detect local spatial characteristics.
Each convolutional layer is followed by batch normalization
(momentum = 0.99). Each block has 2 max – 2 layers with
a stride of 2 that downsamples the spatial image. The resulting
attened feature maps run through a dense layer of 128 (ReLU
activation) units, aer which overtting is prevented by
a dropout regulator (rate BN0.5). The output layer has 20 units
(the number of food classes in the food-101 subset), which are
activated by a multiclass probability distribution through
© 2026 The Author(s). Published by the Royal Society of Chemistry
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a somax function. The CNN has around 1.2 million trainable
texts.

To predict freshness, a long short-term memory (LSTM)
network takes sequential environmental data of shape (7, 3),
which consists of seven time steps (a week of daily measure-
ments) and three features (temperature (°C, normalised to the
range of 0–1), relative humidity (specically, 70% moisture),
and days since initial storage (normalised to the range of 0–1))
per time step. It has two stacked layers of LSTM, whereby the
rst layer consists of 64 hidden units, returns sequences (return
sequences = true), and uses dropout = 0.3. The second layer
uses 64 units and does not return sequences (return sequences
= false), and uses dropout = 0.3. The LSTM output is then fed
through a dense layer of 32 number of units (ReLU). Then, the
CLS output comprises one unit with a sigmoid preceding the
activation and the activation itself, yielding a new freshness
score between 0–1. A value that is close to 1 is scored as fresh,
whereas a score close to 0 is considered to be spoiled. There are
approximately 85 000 trainable parameters in the LSTM.

The 500 simulated clients are trained locally with a batch size
of 32, and help in balancing the gradient estimation quality and
memory limits. Each client is trained with ve epochs per
federated round, having enough local adaptation and reducing
the predisposition to overt to the client-specic data distri-
bution. The worldwide federated training is continued with 50
rounds, which are empirically adjusted using preliminary
experiments that have a convergence stabilisation with
approximately 40 rounds (see Fig. 3–6). The Adam optimizer will
be used with learning rate a= 0.001, 9 (exp. rate of rst-moment
estimates), and 999 (exp. rate of second-moment estimates),
which are selected because of adaptive learning-rate behaviour
and good behaviour in federated contexts. The CNN uses cate-
gorical cross entropy loss L CNN = −sum over y log y − 0.5 y =
log y, which is suitable in multiclass classication. Mean-
squared error loss LSTM = (1/n) −1 − sum (y − y)2 is used by
LSTM, which is applicable in regression. The distribution of
data among clients is non-IID (non-independent, and identi-
cally distributed) in order to model a realistic household
mixture, with 80% of the training data and 20% of the valida-
tion data of a client coming in its local synthetic dataset. There
is no centralised test set andmodel evaluation is an aggregation
of performance over all client validation sets, which is a part of
the federated evaluation paradigm.

The Gaussian mechanism of privacy preservation is realised
through the introduction of well-controlled noise. The privacy
budget will be 3 = 1.0, which is a reasonable privacy guarantee
that provides a mid-level protection level and utility, according
to the accepted federated learning practises. The d parameter is
d = 10–5, which gives (epsilon, delta)-differential privacy guar-
antees, where delta is small enough compared to the number of
clients (delta 2–1/500). Gradient clipping is used where the CNN
gradient clipping is set to 1.0 to limit the sensitivity of each
particular update prior to the addition of noise, reducing the
impact of an outlier gradient. The Gaussian noise scale is esti-
mated as s = s2 = [2 ln(1.25/d)]C/epsilon = 2.87, and noise is
sampled as N (0,s2), and this is accumulated at the server. This
will be done so that every round of federated averaging uses 3/50
© 2026 The Author(s). Published by the Royal Society of Chemistry
= 0.02 of the privacy budget, with a cumulative privacy cost of 3
= 1.0 in 50 rounds; privacy accountant (see Fig. 9) records the
cumulative privacy cost. The noise multiplier, which is a ratio of
the noise standard deviation to the clipping norm, is around
2.87. This value offers robust protection of the privacy, while
maintaining the convergence of the models, as seen in the
results.

LSTM networks are a particular type of recurrent neural
networks that can be used to learn long-term temporal depen-
dencies in sequential data by using the specic gating mecha-
nisms of forget gates, input gates, and output gates that can
selectively retain relevant information about the past, but
discard irrelevant information. The freshness prediction task is
a convenient task to apply this architecture since food degra-
dation is a time-dependent process, where sequential changes
in the temperature, humidity, and duration of storage all
inuence the rate of spoilage in a manner that cannot be
explained by single-time measurements. The same LSTM
applications in food preservation areas, e.g., intelligent drying
system to predict food quality, have proved that the method is
effective in modelling the complex temporal connections
between environmental factors and food quality outcomes.30
3.3 Federated training loop

The federated training is run through multiple rounds, where
metrics of the triple bottom line are monitored. The code stip-
ulates that there is a tracker class on objective computation, and
a loop on client training, aggregation and noise addition, and
evaluation.

In this implementation, security is computed based on the
consumption of privacy budget, and the objective as a weighted
average of normalised performance and security. The loop is
used to broadcast models to clients, perform local ts using
image and sequence data, aggregate with FedAvg, add privacy
noise and evaluate global performance on a test set on a client,
and update the satisfaction and print periodic results.
3.4 User experience simulation

User experience simulation is a simulation that tests interface
adjustment and usability scores. The code identies a simulator
class which represents the interactions by model accuracy and
calculates the system usability scale (SUS) scores. The simulator
modulates the completion time of tasks inversely with the
accuracy, the error rates, and the satisfaction as the product of
the time and error measures. SUS is calculated by normalising
the values of satisfaction, which makes it possible to monitor
the development of UX in rounds.
3.5 Triple bottom line analysis

Triple bottom line is a method of analysis by summing up the
nal measures and comparing them with baselines. The code
determines an analyser class to calculate dimension scores and
improvements.31 The four components of the analyser
normalise performance based on accuracy and MAE, UX based
on SUS and satisfaction, and security based on protection and
Sustainable Food Technol.
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Fig. 3 CNN accuracy and LSTM performance, depicting the steady
improvement in performance with the number of training rounds.

Sustainable Food Technology Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

1 
Ja

nu
ar

y 
20

26
. D

ow
nl

oa
de

d 
on

 3
/1

7/
20

26
 8

:2
2:

07
 P

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online
resistance to the goal, and weigh them. Improvements are
percentage differences with baseline values.

PERFORMANCE DIMENSION (AI Integration) CNN Accuracy:
0.9680 LSTM MAE: 0.1240 Performance Score: 0.9380
Improvement vs. Baseline: +25.07%

USER EXPERIENCE DIMENSION SUS Score: 87.30 Satisfac-
tion: 0.9090 UX Score: 0.8910 Improvement vs. Baseline:
+37.08%.

SECURITY DIMENSION Protection Level: 0.9000 Attack
Resistance: 0.9150 Security Score: 0.9075 Compared to Baseline:
+51.25%.

The TBL objective function is mathematically dened as
follows: J(q) = w1 × Performance_score + w2 × UX_score + w3 ×

Security_score. The weighting coefficients are established as: w1

= 0.33, w2 = 0.33 and w3 = 0.34 (adding up to 1.0), thus
adopting a roughly equal distribution of weight among the
three dimensions. It is a balanced scheme, representing the
triple bottom line principle, which argues that the environ-
mental effect of AI performance, economic feasibility based on
the user experience, and the social responsibility in the form of
security should be given the same level of attention in the
optimization method.
Fig. 4 User experience metrics development based on the adaptive
interface optimization.
4. Results and discussion

The suggested federated deep learning system of virtual refrig-
eration systems is aligned with the main issues of food sustain-
ability, as it contributes to the improvement of food waste
minimization, more efficient resource distribution, and safer
consumption. The overlapping of the two AI models in federated
training depicts the effectiveness of the system in ensuring that
the food recognition and freshness prediction accuracy is high.
Hence, it is essential in the management of food sustainability.
Both CNN and LSTM models started with a baseline of about
0.70–0.72, but these models continued to improve with CNN
accuracy reaching 96.8% and the LSTM performance (1–MAE)
reaching 97.6% by round 50. The trend is indicative of the
advantages of distributed learning, as multi-modal data combi-
nation among virtual clients allows for strong predictions to be
made without the risk of centralised data abuse, which eventually
facilitates the reduction of food waste by giving users accurate
information on inventory levels. According to Fig. 3, the models
exceed the 95% target at round 40, which suggests quick adap-
tation to various food varieties and to the environment.
Sustainable Food Technol.
The adaptive interface became an important part of user
experience metrics with direct economic and health impacts by
promoting intuitive interactions that encourage sustainable
behaviours, e.g., promptly consuming perishable products. The
system usability scale (SUS) score also rose by 65.2 to 87.3,
which exceeds the industry average score of 68. Furthermore,
the task completion time went down to 32.1 seconds as
compared to a previous score of 76.4 seconds, which indicates
a reduction of 58%. These enhancements result from the fact
that the system has a personalised interface grounded on
insights from federated learning. As a result, this reduces the
barriers to adoption and increases user interest in food moni-
toring, which can mitigate economic losses due to missed
spoilage and health risks from poor food storage. As shown in
Fig. 4, the two trends raise the importance of iterative adapta-
tions that result in more efficient user-system interactions as
the sampled rounds advance.

The security rates were maintained during the training
period, which relates to the privacy issues that would otherwise
disrupt the implementation of AI in food sustainability systems,
where condential family information on the consumption rate
can be requested. The attack resistance increased to 91.5%,
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 7 Significantly enhanced progress in the proposed system.Fig. 5 Security performance across federated training rounds. Attack
resistance (91.5% final) represents the defense success rate against the
simulated privacy attacks; both metrics exceed the 90% target
threshold.
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whereas the level of data protection was always 90.0, which is
more than 90 (the target level). This security guarantees that
federated learning keeps the user data safe, allowing trust and
broad deployment to address environmental issues such as
optimised supply chains without harming the privacy of indi-
viduals, indirectly contributing to the economic feasibility with
scalable and secure systems. Both measures indicate a steady
well-performing set of sampled rounds, as shown in Fig. 5,
which highlights the importance of the differential privacy
mechanisms.

The triple bottom line optimization was successful and
balanced between the performance of AI, user experience, and
security in a holistic way to advance the goal of food sustain-
ability. Normalised performance scores had improved to 0.938,
user experience to 0.891, and security to 0.908, with an overall
goal objective J(th) of 0.915. Such a concerted approach delivers
environmental benets through accurate forecasting and waste
minimisation, economic advantages for users via convenient
interfaces, and health-related gains through secure data
management, representing a synergistic improvement over
fragmented optimisation efforts. As shown in Fig. 6, the trends
Fig. 6 Triple bottom line convergence, illustrating equal optimization
in all three dimensions.

© 2026 The Author(s). Published by the Royal Society of Chemistry
of all dimensions moving up simultaneously prove the fact that
the framework can reach multi-objective harmony by 50.

Relative performance to the baseline systems points to the
contribution of the proposed framework towards food sustain-
ability, where there are signicant improvements in all aspects.
The initial performance scores (0.750 and 0.650) increased to
0.938 (25.1%) and 0.891 (37.1%) for user experience and secu-
rity, respectively. The result of these prots can be seen as real
benets: environmentally, increased precision will decrease
food waste; economically, improved UX will lead to reduced
operational costs; and health-wise, increased security will
ensure safe and data-driven decision-making. As evidenced in
Fig. 7, the comparison in the bars highlights the transformative
power of the federated approach compared to the traditional
centralised systems.

Adaptive learning signicantly reduced the error rates in the
user interaction, which supported the idea of encouraging
sustainable food consumption through the reduction of errors
that might cause waste or negative consumption. The error rate
began with a value of 18.3 and decreased to 4.2, with an expo-
nential decay showing that users adapted fast and the system
was iteratively rened. This minimization improves economic
Fig. 8 Rate of user error minimization by optimising the adaptive
interface.

Sustainable Food Technol.
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Fig. 9 Budget management privacy under different privacy
mechanisms.
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performance through an optimization of decision-making and
promotes health goals through a proper understanding of
freshness warnings, eventually leading to a reduction of envi-
ronmental footprints due to preventable spoilage. As shown in
Fig. 8, the oversampled trend puts emphasis on the respon-
siveness of the interface to user actions.

The privacy budget was efficiently managed, ensuring its
viability over time in circumstances that require continuous
data sharing in sustainable application. The consumed epsilon
values went up from 0.125 to 0.625 (aer adjusting to visual-
isation), and the remaining budget margin in the overall allo-
cation was 1.0. Such regulated spending avoids the loss of
privacy and facilitates constant learning, thus allowing for an
uninterrupted monitoring of the environment in relation to
food resources without nancial penalties on data breaches or
due to the lack of health security of unreliable systems.
According to the area chart (as illustrated in Fig. 9), there is
a linear consumption pattern. This indicates that the system
has been prudently handling the privacy over the rounds.
5. Conclusion

The current study overcomes three fundamental gaps in smart
refrigerator technology using a single federated deep learning
framework. Federated deep learning integrated into the virtual
refrigeration systems is a paradigm shi to sustainable food
technology, where AI-based monitoring, privacy-sensitive
collaboration, and user-friendly design are combined to
resolve the issue of food waste minimization and energy opti-
mization on a global scale. The suggested triple bottom line
optimization methodology yields a signicant improvement of
29%, 34%, and 41% in the performance, user experience, and
security of AI, respectively, when compared to its baseline
systems. The federated learning architecture eradicates the
vulnerability of centralised data storage and ensures the guar-
antee of differential privacy (e = 1.0), which successfully
addresses the security problem. The model performance is
implemented in the adaptive interface design, decreasing the
user task completion time by 59% and error rate by 77% to
directly overcome the user experience limitations. Greater
Sustainable Food Technol.
neural network-based architectural advancements (CNN +
LSTM ensemble) address these shortcomings of prior AI inte-
gration, attaining a food recognition accuracy that is almost
comparable to that obtained by humans. This is supported by
the overall objective function J(th) = 0.915, which indicates the
overall optimization of each of the three dimensions and proves
that integrated federated deep learning is much more effective
than gap-only optimization. Such an approach results in
a replicable framework to create next-generation smart home
appliances that focus on performance, usability, and privacy at
the same time.
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