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Food safety in modern processing environments requires monitoring 
strategies that are faster, more adaptive, and more predictive than traditional 
microbiological approaches. This systematic narrative review examines 
recent advances in AI-enhanced predictive microbiology and real-time 
sensor technologies, focusing on their potential to transform contamination 
detection and microbial risk assessment. A structured search was conducted 
across Scopus, Web of Science, PubMed, IEEE Xplore, ScienceDirect, and 
supplementary sources such as Google Scholar to identify studies published 
between 2000 and 2024 that addressed computational modeling, sensor 
technologies, or integrated food safety systems. Findings show that machine 
learning and deep learning models provide superior capability for modeling 
nonlinear microbial responses across diverse food matrices, while modern 
optical, biosensing, electrochemical, and spectroscopic sensors generate 
continuous high-resolution data streams to enhance situational awareness 
during processing. When combined through cloud or edge computing 
infrastructures, these tools enable dynamic prediction, rapid anomaly detection, 
and automated decision support. Despite these advances, challenges remain, 
including data harmonization, model interpretability, sensor reliability, and 
the lack of standardized validation frameworks for industrial implementation. 
Overall, the convergence of AI analytics and real-time sensing technologies 
represents a promising pathway toward next-generation food safety systems 
that are predictive, responsive, and capable of autonomous decision-making 
across increasingly complex global supply chains.
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1. INTRODUCTION 
Food safety has been among the most important public health 
agendas across all countries globally since food-borne diseases 
remain a significant health, economic, and social burden effector 
on developed and developing countries alike (Abdullahi et al., 
2025). Though hygiene practices, processing technologies, and 
risk management strategies have been innovated over decades, 
the world food system is still subject to frequent events of 
food contamination, which have impacted millions of people 
each year. Modern supply chains are becoming more and more 
complicated due to globalization, high velocity of products, and 
diversified processing, which introduces additional layers of 
vulnerability, which are not easily compensated by conventional 
microbiological approaches (Amaiach et al., 2024). Though 
traditional culture-based detection methods are considered 
fundamental, they tend to be slow, laborious, and unable to 
provide dynamic changes of microbes that are experienced 
throughout the processing, storage and distribution. Likewise, 
most of the quick-detection kits do not have the predictive 
ability to be able to anticipate the behavior of the microbes when 
subjected to changing environmental conditions (Grace, 2023). 
Such constraints have escalated the global focus on strategies 
that are able to offer earlier warning, adaptive reaction and 
continuous monitoring environments in food production.
The trend of the past few years is characterized by an obvious 
and evident need in predictive, automated, and real-time systems 
that may help with the next-generation food safety management 
(Taiwo et al., 2024a; Ugo et al., 2022). Recent developments in 
computational modeling have placed predictive microbiology 
as a useful instrument in the estimation of microbial 
growth, survival and inactivation under different conditions. 
Nevertheless, most of the available models are strongly based 
on the preset mathematical frameworks and fixed assumptions, 
which restrict their response to complicated biological and 
industrial contexts (Tarlak, 2023). Simultaneously, the blistering 
development of sensor technologies, such as spectroscopy 
devices, biosensors, and systems based on the Internet of 
Things, has opened up unprecedented prospects of being able 
to receive constant data in processing plants. Even though 
these developments have been promising, they are still largely 
disparate and there is little integration between real time sensor 
data and sophisticated predictive tools (Akkaş et al., 2025; Jimoh 
et al., 2025). This lack of connection makes them less effective 
in general, and the food industry is not able to achieve the full 
potential of real-time, data-driven safety assurance.
The disjuncture between the old predictive systems and 
the new sensor-driven monitoring systems points to the 
immediate necessity to study the ways of integrating emerging 
technologies to form a more robust and intelligent food safety 
ecosystem. Most predictive models are not flexible enough to 
include much-needed environmental global inputs, and sensor 
systems tend to be isolated not having sophisticated analysis 
systems to analyze their data. Moreover, lack of a standard 
technological framework in various levels within the supply 
chain has led to failure to have uniformity in monitoring 
practices and inefficiencies that negate the capability to detect 
and respond early. The answer to these questions can be 
achieved by providing an overview of the latest developments 

and a definition of how predictive instruments and sensor 
technologies can be reconciled to increase the efficiency and 
accountability of the food safety systems.
This review seeks to give a vivid and systematic analysis of 
this new horizon of AI-based predictive microbiology and real-
time sensor-based food processing space. It covers a discussion 
of technological underpinnings, methodological advances, 
existing industrial uses, and the most important scientific and 
operational issues observed in recent literature. Through the 
synthesis of these areas, the review will aim at explaining 
how the advanced computational models and sensor-based 
technologies can be integrated to form intelligent, flexible, and 
proactive food safety systems. Moreover, the work identifies 
the future research opportunities, the possible directions of 
convergence of technologies, and provides recommendations 
on how next-generation systems can be more structured to 
serve real-time risk evaluation and decision making of various 
food industries. This holistic analysis enables the review to add 
to the further comprehension of how the fusion of computing 
and sensing technologies might change the future of food safety 
management.

2. LITERATURE REVIEW
2.1. Predictive microbiology: historical and conceptual 
developments
Predictive microbiology is a branch of science that has developed 
during the late twentieth century when scientists tried to find 
mathematical methods to measure microbial behaviour in 
different environmental circumstances. Initial work was based 
on primary models, that is, the characterization of microbial 
growth or microbial inactivation over time by the structure 
of a sigmoidal or exponential curve, such as the Gompertz 
or Baranyi equations (Jimoh et al., 2025; Tarlak, 2023). These 
models laid a theoretical foundation but could not be effective 
in taking into consideration the environmental factors. To a 
certain degree, secondary models were then added to correlate 
certain parameters such as growth rate or lag time against 
temperature, pH, water activity or other intrinsic and extrinsic 
factors to enable more flexible modeling of microbial responses 
(Jimoh & Falakin, 2025; Taiwo et al., 2024b) Tertiary models later 
incorporated the primary and secondary methods into software 
to facilitate a viable risk assessment and scenario evaluation to 
food processors and regulators (Tarlak et al., 2025).
Despite its usefulness, these traditional models are 
associated with highly reliance on predetermined equations 
of mathematics, which proposes uniform responses of the 
microbes, which limits its application in highly complex 
or dynamic environment. With the greater variability and 
data richness of food systems, predictive microbiology has 
been moving to more data-based approaches, which can 
learn patterns without having an underlying mathematical 
framework. Stability In the future, computationally more 
efficient models, along with the accessibility of high-resolution 
data, can be used to develop flexible modeling frameworks that 
are able to model nonlinear interactions and uncertainty more 
efficiently than more traditional mechanistic approaches (Lawal 
et al., 2025; Taiwo et al., 2024b). This is a critical move towards 
the contemporary intelligent food safety systems based on 
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persistent data gathering and adaptive modeling.

2.2. Ai methodologies in food safety
Artificial intelligence has become increasingly influential in 
food safety as machine learning, deep learning, and hybrid 
analytical approaches offer powerful tools for modeling 
complex microbial dynamics. Machine learning algorithms—
such as random forests, support vector machines, and gradient 
boosting—have been widely applied to predict microbial growth 
kinetics, classify contamination events, and estimate shelf life 
across diverse storage conditions (Ugo et al., 2024; Yang et al., 
2025).
Deep learning, a subset of AI, includes model architectures 
designed to learn hierarchical features from complex datasets. 
Two notable examples are:

• Convolutional Neural Networks (CNNs): These models 
are especially effective for analyzing image-based or spectral 
data because they can automatically extract spatial patterns. In 
food safety, CNNs have been used to detect subtle optical or 
hyperspectral signatures associated with spoilage or pathogen 
presence.

• Recurrent Neural Networks (RNNs), including Long Short-
Term Memory (LSTM) networks: These models are specifically 
designed for sequential or time-series data. They can learn 
temporal dependencies, making them suitable for interpreting 
continuous sensor outputs or environmental data streams to 
detect early shifts in microbial activity.
Hybrid approaches, which combine mechanistic microbiological 
models with data-driven AI algorithms, have attracted interest 
because they integrate biological interpretability with high 
predictive accuracy (Enabulele et al., 2025). As a result, AI-based 
tools are increasingly applied to monitor pathogens such as 
Salmonella, Listeria, and E. coli, as well as to identify spoilage-
related biochemical changes and assess equipment hygiene. 
These methods support next-generation risk assessment by 
modeling nonlinear relationships, high-dimensional data, 
and dynamic processing environments more effectively than 
traditional statistical or mechanistic models (Banicod et al., 
2025; Olawale et al., 2025).

2.3. Real-time sensor technologies in food processing
Real time sensor technologies have improved and are currently 
playing a part in continuous and high frequency monitoring of 
the food processing environments. An optical sensor, such as 
the hyperspectral imaging and fluorescence systems, is a non-
destructive method of evaluating surface contamination, product 
integrity, and product quality (Gorji et al., 2024). Biosensors 
can make use of the biological recognition components of 
antibodies, enzymes, or nucleic acids to identify pathogens or 
metabolites in a very specific and fast fashion. Electrochemical 
sensors with characteristics of measuring microbial activity in 
terms of impedance variation or conductivity have also proven 
to be quite useful in measuring early indications of spoilage 
(Adeleke et al., 2025).
The spectroscopic methods like Raman, infrared and nuclear 
magnetic resonance spectroscopy provide specifications on 
the molecules and they are becoming frequent in automated 
inspection lines. Parallel with it, advances in Internet-of-

Things infrastructure have resulted in the design of distributed 
sensor platforms to convey data in real time via wireless 
communication networks. They enable the temperature, 
humidity, gas composition and other important parameters to 
be monitored in processing plants, storage facilities and supply 
chain environments to improve the traceability of the product 
and minimize the risk of hidden deviations happening (Lun et 
al., 2025; Maduforo et al., 2022).

2.4. Synergy between ai models and sensor data streams
A significant food safety innovation is the combination of AI 
approaches with real-time sensors of data. Put together, such 
technologies can provide dynamic modeling systems that 
update predictions dynamically, and result in risk assessment 
capabilities that are highly responsive. Digital twins as virtual 
representations of real-life physical processing environments 
have been suggested as a method to couple sensor-based 
environmental measurements with AI-based microbial behavior 
models to simulate contamination scenarios, test intervention 
strategies and predict system failures prior to their happening 
(Animashaun et al., 2025; Yin et al., 2025).
These integrated systems may be used to create real-time 
decision-support structures that can help to support automated 
alarms, an adaptive process, and predictive maintenance, 
which reduce human error and enhance operational efficiency. 
These synergistic strategies are able to convert raw sensor 
information into useful information to form a strong platform 
that can support smart food safety management systems that 
are able to learn and react quickly.

2.5. Research gaps identified in past studies
Even though significant progress has been made, the literature 
continues to demonstrate that there are still a few limitations 
that need to be overcome to implement integrated AI systems 
based on sensors on a large scale. A lack of harmonized 
datasets that incorporate microbiological, environmental, and 
operational parameters in the various food matrices is one of 
the continuing challenges. The experimental design variability, 
sensor calibration procedures, and other microbial enumeration 
procedures tend to avoid the development of wide-applicable 
models (Alsulimani et al., 2024). The other major challenge is 
deployment of sensor networks in an industrial setting where 
heterogeneity on the surface, cleaning methods and equipment 
vibrations can all influence the stability and accuracy of the 
signals.
The cost factor, interoperability and the requirement of 
regulatory frameworks are additional limits on industrial 
adoption to enable the use of more advanced computational 
tools in the normal food safety testing process. Further, a lot 
of AI models are hard to interpret, which limits their use by 
stakeholders who need to know the transparent and explainable 
analysis processes. These shortcomings demonstrate that 
collaborative research is needed to unify the methodology 
and enhance data quality, system robustness, and establish 
validation requirements that will allow moving the laboratory 
research to the commercial execution (Abdi et al., 2025).
To address these limitations identified in past studies, 
this review incorporates a structured and transparent 
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methodological framework (detailed in Section 3), which 
includes multi-database searching, predefined inclusion criteria, 
and a standardized data extraction process. By systematically 
comparing AI models and sensor technologies across food 
matrices, data types, and performance metrics, this review 
directly responds to gaps related to dataset heterogeneity, 
limited cross-study comparability, and inconsistent reporting 
of validation practices. Furthermore, by synthesizing findings 
on both predictive modeling and sensor deployment within a 
unified framework, the review offers an integrated perspective 
that is often absent in earlier literature, thereby improving 
clarity on where technological convergence is already occurring 
and where research fragmentation persists.

3. METHODOLOGY
This review was conducted in a systematic and well-organized 
methodological process aimed at covering all the literature 
about the topic of interest of AI-based predictive microbiology 
and real-time sensor integration in food manufacturing. The 
methodology was divided into three significant sections: the 
review protocol and search framework, the data extraction 
and synthesis strategy, and the utilization of mathematical 
expressions to assess the performance of predictive models 
in case needed. All the components were created to give 
transparency, reproducibility, and consistency during the 
review process.

3.1. Review methodological framework
The review commenced with the development of certain 
research questions to elicit the technological advancement, 
integration framework, and scientific issues of predictive 
microbiology and food safety sensor system. A detailed 
search planning was planned to encompass a wide and at 
the same time pertinent scope of studies through a specific 
set of keywords and controlled vocabulary terms. These 
covered the variations of the concepts connected to predictive 
microbiology, machine learning and deep learning, biosensors 
and spectroscopic sensors, food safety surveillance, and real-
time detection systems. The search was narrowed down by the 
use of the Boolean operators in order to get the literature that 
represented the intersection of computational modeling and 
sensor technologies in the food processing settings.
The major scientific databases (Scopus, Web of Science, 
PubMed, IEEE Xplore, and ScienceDirect) were searched as 
well. All these databases were chosen because of their wide 
range of engineering, microbiology, computer science, and 
food science literature. Other sources included Google scholar 
and other conference proceedings to get emergent research and 
other non-indexed contributions.
The inclusion criteria were that the studies had to be peer-
reviewed, published in English, and be related to either 
computational modelling, sensor technologies, or integrated 
systems that were used in the specific context of food safety 
or food processing. The published studies that were considered 
in the period between 2000 and 2024 were aimed to reflect the 
evolution of predictive microbiology and the emergence of 
AI-based approaches. The exclusion criteria eliminated those 
studies that did not have empirical data, articles that were 

restricted to agricultural or environmental monitoring settings 
and were not relevant to food processing and those that 
contained only conceptual summaries without methodological 
and technical description.
To reduce bias and achieve uniformity, a multi-stage screening 
was done. The initial step was the screening of titles and 
abstracts to filter the obviously irrelevant sources. The second 
step involved full-text screening to ascertain the suitability 
of studies to the inclusion criteria. Thematic approach was 
used throughout this process since it was necessary to detect 
recurring patterns, technological themes and knowledge 
gaps. These themes were the building blocks of the analytical 
framework of the review.

3.2. Data extraction and synthesis strategy
The eligible studies that were identified were then extracted 
in a structured template which captured the main features of 
the studies such as study purpose, food substrate, microbial 
target, type of predictive model, sensor technology applied, 
data collection methods, performance measure and limitations. 
This template guaranteed homogeneity of data collection and 
also eased the cross-study comparisons.
An organization of the extracted information was done using AI 
methods, which were segregated according to their algorithmic 
basis. Machine learning techniques, deep learning architectures 
and hybrid or mechanistic-data-driven models were clustered 
in different groups so that clear differences regarding predictive 
capabilities, data needs and computational complexity could 
be made. Sensor systems were classified on the basis of their 
working principles such as optical, biosensing, electrochemical 
and spectroscopic sensor systems. This classification made the 
systematic comparison of the sensitivity of each technology, 
response time, feasibility of deployment, and compatibility 
with real-time monitoring framework.
The analysis of the gathered data was achieved based on 
qualitative comparison and cross tabulation of model and 
sensor features. Much emphasis was put on the performance 
measures, which are frequently utilized in the research of 
predictive modeling, including accuracy, sensitivity, specificity, 
coefficient of determination (R²), mean squared error (MSE), 
and root mean square error (RMSE). Such measures provided 
an opportunity to compare the model activity in different 
food matrices and microbial goals. In sensor-based studies the 
detection limits, response times and stability in the analysis 
were tested to determine its applicability to an industrial 
context. This joint synthesis process helped to understand the 
alignment of computational and sensing technologies and their 
complementation to each other and the opening of prospects of 
an integrated food safety system.
Data synthesis was conducted using a thematic analysis 
approach, as the studies varied widely in design, outcomes, 
analytical techniques, and reporting standards, making 
quantitative meta-analysis unsuitable. After data extraction, 
studies were grouped into thematic categories reflecting their 
primary contributions: (1) AI methodologies and predictive 
modeling performance, (2) real-time sensor technologies 
and analytical capabilities, (3) integrated AI–sensor systems, 
and (4) reported challenges and research gaps. Within each 
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theme, findings were compared using qualitative cross-study 
synthesis, emphasizing recurring patterns, divergences, 
and methodological consistencies. Performance metrics 
such as accuracy, RMSE, R², sensitivity, and detection limits 
were compiled to support comparative interpretation, but 
statistical pooling was not performed due to heterogeneity in 
experimental conditions, food matrices, microbial targets, and 
sensor platforms. This thematic synthesis enabled a structured 
and coherent understanding of how computational and sensing 
technologies converge within food safety applications.

3.3. Mathematical equations and symbols
In the case where necessary, the performance of the predictive 
models was supported with mathematical expressions. These 
were the commonly used measures like the coefficient of 
determination, root mean square error and the general microbial 
growth rate equations. The insertion of the equations in the 
journal format was done using the Microsoft Word equation 
editor according to the journal format requirements. As an 
example, RMSE was used to evaluate the difference between 
predicted and observed counts of microorganisms, growth rate 
models were incorporated where necessary to characterize 
the kinetics of particular microorganisms in different 
environmental conditions. These mathematical instruments 
added some rigor to the assessment procedure and offered a 
quantitative background of how well the models used in the 
literature reviewed were suitable.

4. RESULTS AND DISCUSSION
This section presents the conclusions of the literature review 
related to the synthesis of the existing evidence regarding the 
contemporary trends in AI-based predictive microbiology, real-
time sensor solutions and new intelligent food safety systems. 
The discussion illuminates the performance of models in food 
matrices, advanced sensor platform capabilities, AI-sensor 
integration potential, implementation issues, and implications 
on the next-generation food safety management.

4.1. Landscape of ai-powered predictive microbiology
The predictive capabilities of microbiological modeling have 
been greatly increased by the usage of machine learning and 
deep learning methods. In a wide scope of literature, machine 
learning systems like random forests, gradient boosting, 
and support vector machines always performed better than 
conventional mechanistic models on heterogeneous and 
nonlinear data (Acici, 2025; Taiwo et al., 2024b). High complexity 
in the interactions between the temperature, pH, water activity, 
and processing variables enabled them to achieve greater 
accuracy in predicting microbial growth, inactivation, and 
survival. The deep learning models, especially convolutional 
and recurrent neural networks, proved to be even more 
predictive when applied to high-dimensional data, like spectral 
data, or sensor streams of the time-series (Mohseni & Ghorbani, 
2024). These models offered a high level of pattern recognition 
and a high degree of flexibility to changing environmental 
conditions.
In spite of these strengths, the performance was significantly 
different amongst the various food matrices. Dairy and liquid 
foods generally yielded higher predictive accuracy according 
to studies, and this is because complex matrices like meats and 
fresh produce are more varied which sometimes- decreased 
model generalizability. Moreover, a number of deep learning 
models demanded large labeled datasets, which are still not 
available with some pathogens and food groups. Consequently, 
although AI-based predictive microbiology demonstrates 
significant enhancements over traditional ones, its potential 
would remain undiscovered unless the quality of the datasets 
that are used is high and varied datasets are accessible and new 
improvements are made to the model interpretability (Mulet-
Cabero et al., 2024).
“In a further attempt to explain the variance in performance 
between the AI models mentioned in this section, Table 1 
summarizes an example of machine learning and deep learning 
methodologies that have been applied to microbial growth 
prediction in several food matrices.”

Table 1. Performance comparison of machine learning and deep learning models for microbial growth prediction across food 
matrices

Model Type Input 
Variables

Food 
Matrix

Target 
Microorganism

Performance Metrics 
(Example Values)

Key Observations

Random Forest 
(RF)

Temperature, 
pH, aw

Milk E. coli R² = 0.94; RMSE = 0.21 
log CFU

High accuracy for homogeneous 
matrices; robust to variable 
interactions (Garofalo et al., 
2025)

Support Vector 
Machine (SVM)

Temperature, 
CO₂ levels

Ground 
Beef

Salmonella spp. R² = 0.88; RMSE = 0.35 
log CFU

Performs well with smaller 
datasets; sensitive to kernel 
selection (Garofalo et al., 2025)

Gradient Boosting 
(XGBoost)

Temperature, 
humidity, 
storage time

Leafy 
Greens

Listeria 
monocytogenes

R² = 0.91; RMSE = 0.28 
log CFU

Strong performance with 
heterogeneous produce matrices 
(Hiura et al., 2021)

Convolutional 
Neural Network 
(CNN)

Hyperspectral 
imaging data

Chicken 
Fillets

Spoilage flora Accuracy = 96%; RMSE 
= 0.18 log CFU

Excellent detection of subtle 
spectral patterns; data-intensive 
(Tang et al., 2025)
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4.2. Current advances in real-time food safety sensors
The real-time sensor technologies have developed into super 
sensitive analysis equipment that can help identify microbial 
contaminants, signs of spoilage, and environmental variances in 
a short time. Sensors based on optical and spectroscopy showed 
high levels of specificity in identifying contamination signals, 
whereas biosensors showed impressive levels of sensitivity using 
antibodies, enzymes, and nucleic acid probes. A large number 
of the studies reviewed indicated detection limits of the order 
of a few colony-forming units per milliliters, implying that the 
technology is much better than the traditional microbiological 
tests. The sensor based on electrochemical techniques were also 
found to have great potential in early spoilage detection through 
detection of changes in impedance or conductivity, which are 
linked to the metabolism of microorganisms (Bodkhe et al., 2025).
Some application case studies were used to demonstrate the 

practical nature of these technologies. Fluorescence based 
sensors were effective in detecting microbial deviation in milk 
storage in dairy processing facilities. Hyperspectral imaging 
has been used in meat processing research studies to identify 
surface contamination with a high spatial resolution. The 
fresh produce applications also proved that gas sensors and 
spectroscopic platforms were useful in measuring ethylene 
concentrations and biochemical reactions that showed spoilage. 
These discoveries highlight the capabilities and usefulness 
of sensor systems in the industry, despite the fact that their 
actual functionality is usually affected by the surroundings, 
the complexity of the sample, and the necessity of a regular 
calibration (Nikzadfar et al., 2024). “Table 2 gives a relative 
summary of the major real-time sensor technologies in food 
processing, their analytical, detection limits, and the food 
matrixes.”

Recurrent Neural 
Network (RNN/
LSTM)

Time-series 
environmental 
data

Ready-
to-eat 
foods

E. coli O157:H7 Accuracy = 94%; RMSE 
= 0.22 log CFU

Effective for dynamic 
predictions; requires longer 
training sequences (Amendolara 
et al., 2023)

Hybrid Model 
(Mechanistic + 
ML)

Mechanistic 
model outputs 
+ temperature 
profile

Pork Salmonella spp. R² = 0.92; RMSE = 0.24 
log CFU

Combines interpretability with 
high accuracy; computationally 
complex (Enabulele, Eleweke, et 
al., 2025; Haque et al., 2024)

Source: Computed based on representative studies; values are examples of numbers that are used to demonstrate typical values in the 
literature.

Table 2. Characteristics and analytical capabilities of major real-time food safety sensors used in processing environments

Sensor Type Detection 
Principle

Detection Limit 
(Example)

Response 
Time

Target Analyte / 
Microorganism

Suitable Food 
Matrix

Key Advantages

Optical Sensor 
(Hyperspectral 
Imaging)

Reflectance 
and absorbance 
spectroscopy

~10² CFU/cm² Seconds Surface 
contamination; 
spoilage indicators

Meat, poultry, 
produce

Non-destructive, high 
spatial resolution, rapid 
scans(Liang et al., 2025)

Biosensor 
(Antibody- or 
Enzyme-Based)

Biorecognition 
+ 
electrochemical 
or optical signal

1–10 CFU/mL Minutes E. coli, Salmonella, 
Listeria

Dairy, 
beverages, 
RTE foods

High specificity, 
strong pathogen 
selectivity(Konstantinou 
et al., 2024; Lawal, Igwe, 
et al., 2025)

Electrochemical 
Impedance 
Sensor

Impedance 
change from 
microbial 
metabolic 
activity

~10¹–10² CFU/mL Minutes to 
1 hour

General spoilage 
flora; pathogens

Liquid foods, 
meat juices

Cost-effective, sensitive 
to early metabolic 
changes(Zhang et al., 
2025)

Raman or IR 
Spectroscopic 
Sensor

Molecular 
vibrational 
signatures

Varies by compound; 
typically, ppm 
level for chemical 
markers

Seconds VOCs, spoilage 
gases, chemical 
fingerprints

Fresh produce, 
meat, seafood

Detailed chemical 
profiling, broad analyte 
detection (Wu et al., 
2025)

Gas Sensor 
(Electronic 
Nose)

Pattern 
recognition of 
volatile organic 
compounds

ppm–ppb range Seconds to 
minutes

Spoilage-associated 
VOCs

Produce, fish, 
packaged 
products

Fast spoilage detection, 
suitable for packaged 
foods (Sanislav et al., 
2025)
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4.3. Integrated ai–sensor ecosystems
A major advancement highlighted in recent literature is the 
emergence of integrated systems that combine real-time sensor 
data with AI-driven predictive models. These ecosystems 
enable continuous monitoring, early anomaly detection, 
and dynamic risk assessment in ways that were not possible 
with traditional food safety approaches. Typical architectures 
involve multilayered frameworks in which sensors generate 
high-frequency data that are transmitted through IoT networks 
to cloud or edge computing platforms, where machine learning 
or deep learning models process the information and produce 
real-time predictions (Mohamed, 2025).
A particularly promising innovation is the digital twin 
concept—virtual replicas of processing lines or environmental 
conditions that are continuously updated with sensor inputs. 
In practical terms, digital twins allow processors to simulate 
contamination events, evaluate intervention strategies, 
optimize sanitation routines, and predict microbial behavior 

IoT-Enabled 
Temperature/
Humidity 
Sensor

Thermal/
electrical 
transduction

Not applicable Real-time 
continuous

Environmental 
conditions 
influencing 
microbial growth

Cold chain, 
storage, 
processing 
rooms

Continuous monitoring, 
wireless data ransmission 
(Abdulhussain et al., 
2025; Olaitan, Akatakpo, 
et al., 2025)

Figure 1. Architecture of an integrated AI–sensor food safety monitoring system.

before deviations escalate. These capabilities have strong 
operational implications, as they can reduce downtime, 
enhance preventive control planning, and support rapid 
corrective action.
While digital twins are widely deployed in sectors such 
as aerospace and pharmaceuticals, their adoption in food 
processing remains at an early implementation stage. 
Successful pilot-scale applications have been demonstrated in 
large facilities equipped with advanced IoT infrastructures and 
reliable sensor systems. However, full-scale industrial adoption 
is still limited due to challenges in developing accurate virtual 
models for heterogeneous food products, the need for high-
resolution continuous data streams, and the computational 
resources required to maintain real-time simulations. As sensor 
reliability improves and AI models become more interpretable 
and data-efficient, the feasibility of integrating scalable digital 
twin platforms into routine food safety management is expected 
to increase substantially.
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Figure 1 illustrates the architecture of an integrated AI–sensor 
food safety monitoring system, showing the flow of data from 
sensors through predictive analytics and decision-support 
mechanisms.” 
The scheme is a representation of a multi-layer system that 
uses real-time sensing, IoT-based data collection, edge/cloud 
computing, and AI-based analytics on microbial prediction and 
detection of contamination. Decision-support dashboards are 
used to provide outputs to facilitate control in terms of food 
safety in a rapid and adaptable manner. Adapted from Yin et 
al. (2025).

4.4. Challenges to implementation in industrial settings
Despite the rapid technological progress, several challenges 
continue to hinder large-scale industrial adoption of AI–sensor 
systems. Data heterogeneity remains a significant barrier, 
as sensor outputs vary widely in format, resolution, and 
calibration requirements, while microbiological datasets are 
often inconsistent across studies and facilities. These variations 
complicate model training and reduce the robustness of 
integrated monitoring systems, especially under the variable 
conditions typical of industrial environments (Espina-Romero 
et al., 2024). Additionally, sensor performance can be influenced 
by physical disturbances such as equipment vibrations, 
cleaning-in-place procedures, or uneven surfaces, which may 
compromise signal stability and accuracy.
Cost-effectiveness and scalability also represent major 
constraints. Advanced sensors including hyperspectral imaging 
platforms, high-sensitivity biosensors, and spectroscopic devices 
require substantial initial investment, ongoing maintenance, 
and periodic recalibration. AI deployment introduces 
additional costs related to computational infrastructure, cloud 
storage, continuous data acquisition, and staff training. These 
economic burdens disproportionately affect small and medium-
sized enterprises, which may lack the resources to integrate 
comprehensive AI–sensor frameworks. Scalability is further 
limited by differences in facility design, product characteristics, 
and existing hazard control systems, meaning that solutions 
optimized for one production environment may not easily 
transfer to another without significant customization (Olaoye 
et al., 2024).
Emerging strategies may help mitigate these limitations. The 
adoption of edge computing can reduce data transmission 
costs, modular sensor systems allow gradual implementation 
rather than full facility upgrades, and improved interoperability 
standards may reduce integration complexity. As sensor prices 
continue to decline and standardized validation frameworks 
are developed, the cost and scalability barriers are expected 
to diminish. Nonetheless, achieving widespread industrial 
deployment will require coordinated efforts to enhance 
system affordability, model generalizability, and cross-facility 
compatibility (Ugo et al., 2022).

4.5. Implications for next-generation food safety systems
The future of food safety management has significant 
implications on the convergence of the AI-driven predictive 
microbiology and real-time sensor technologies. Integrated 
systems can transform the industry to reactive risk management 

to predictive risk management whereby interventions are 
implemented early to avoid contamination as opposed to 
reacting after the problem is detected. Adaptive control plans, 
real-time process optimization, and specific sanitation could 
be aided by predictive analytics and minimized microbial 
threats and inefficiency. These technologies, as they keep 
maturing, provide opportunities to develop fully automated 
contamination prevention systems where the deviations are 
detected, interpreted, and handled automatically without a 
human operator (Espina-Romero et al., 2024).
Outside the operational benefits, these innovations can 
also change the regulatory oversight and the supply chain 
transparency. Real-time information flows and electronic 
data records give more substantial evidence to compliance 
control and allow tracking of the stages of production. Finally, 
the harmonization of standards, scalable infrastructure, and 
transparent analytic tools that will be used to guarantee safety 
and trust across the food system will be successfully achieved 
through cooperation among researchers, industry stakeholders, 
and regulatory bodies (Cordeiro et al., 2025).

5. CONCLUSION
Combining the revolutionary AI practices with real-time 
sensor technologies will be a significant move towards a more 
predictive, automated, and resilient food safety system. This 
review demonstrates the role of machine learning and deep 
learning models in enhancing the accuracy of microbial growth 
prediction and contamination assessment (in particular, with the 
assistance of constant, high-resolution data provided by modern 
sensing systems). When such technologies are implemented in 
a joint environment in interconnected digital ecosystems, they 
offer the basis of quick anomaly identification, dynamic risk 
assessment, and proactive intervention strategies that overheads 
the limitations of traditional monitoring methods.
The industrial implications are notable, since integrated AI-
sensors can cut down on instances of contamination, increase 
operational efficiency as well as more transparent supply 
chain practices. When adopted, this might result in wiser 
processing environments where deviations are detected at an 
earlier stage, corrective measures are automated, and food 
safety management will be more data-driven. Although these 
advantages exist there are still a number of drawbacks such as 
inconsistent data quality, large and heterogeneous data sets are 
needed, supervision in the reliability of sensors in the industrial 
environment and the absence of universally recognized 
validation systems. These problems should be resolved to the 
extent that mass application to industries will be possible.
Further studies must aim to create unified guidelines on data 
collection and make AI models more interpretable, enhance the 
resilience of sensors in challenging processing scenarios, and 
create scalable integration models that align with regulatory 
provisions. It will be necessary to continue to work together 
to develop these technologies into practical and high-impact 
applications by the existing collaboration between food 
scientists, engineers, data scientists, and regulatory bodies. In 
these ways, AI-sensors ecosystems can become fully integrated, 
predictive food safety systems with the ability to protect the 
health of the population in more intricate global food networks.
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