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Abstract: Ensuring food safety requires accurate, rapid, and scalable methods to detect microbial and chemical contaminants
in various food products. Traditional laboratory-based testing methods, although accurate, are often slow, resource-intensive,
and unsuitable for real-time decision-making in production environments. Recent advancements in machine learning (ML)
offer new opportunities to automate and accelerate contaminant detection. This paper proposes a machine learning-driven
framework that leverages data from portable spectroscopy devices, biosensors, and smart imaging systems to detect bacterial
contamination (e.g., E. coli, Salmonella) and chemical hazards (e.g., pesticides, heavy metals) in real-time. The framework
includes supervised learning models such as support vector machines (SVM), convolutional neural networks (CNN), and
gradient boosting classifiers trained on high-dimensional spectral and biochemical datasets. Results demonstrate high
classification accuracy (>95%) with reduced false positives, making the system suitable for deployment in food processing
and inspection workflows. This research underscores the value of ML in enhancing food safety monitoring and provides a
foundation for future Al-integrated quality assurance systems.
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1.Introduction

Food safety is an essential component of global public health, directly affecting consumer well-being, trade integrity,
and economic stability". The increasing complexity of modern food supply chains—spanning multinational production,
processing, packaging, transportation, and retail networks—has amplified the risks associated with microbial and chemical
contamination”. Pathogenic microorganisms such as Salmonella spp., Listeria monocytogenes, and Escherichia coli, as well
as chemical hazards like pesticide residues, mycotoxins, and heavy metals (e.g., lead, mercury, cadmium), continue to pose
persistent threats”. These contaminants can lead to severe foodborne illnesses, long-term health consequences, and, in some
cases, fatal outcomes. In addition to the human toll, food recalls and safety breaches cost the global food industry billions of
dollars annually™.

Traditionally, food contaminant detection has relied on methods such as microbial culturing, immunoassays, chromatography,

and mass spectrometry"”. While these techniques provide high specificity and sensitivity, they are typically time-consuming,

labor-intensive, and dependent on centralized laboratory infrastructure!®. These limitations make them poorly suited for real-
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time monitoring, particularly in fast-paced food production environments or in low-resource settings'”’. The lag between
sample collection and result interpretation can allow contaminated products to reach consumers, posing serious public health
and reputational risks".

With the advent of Industry 4.0 and digital transformation in the agri-food sector, there is an increasing push toward the
development of smart, automated, and scalable monitoring systems”. Among these, machine learning (ML) has emerged as
a powerful tool capable of extracting meaningful insights from large, high-dimensional datasets derived from various sensor
platforms, including hyperspectral imaging, Raman spectroscopy, electronic noses/tongues, and biosensors!"”. ML algorithms
such as support vector machines (SVM), random forests (RF), and deep learning models like convolutional neural networks
(CNN) can classify patterns associated with contaminant presence with high accuracy, enabling on-the-spot detection and
decision-making'".

The integration of ML with portable sensor technologies enables real-time analysis, potentially eliminating the need for
sample transport and off-site testing . Furthermore, the rise of edge computing and Internet of Things (IoT) infrastructure
allows ML models to be embedded in production lines, mobile devices, or handheld instruments, ensuring rapid response
capabilities and continuous monitoring'”’. These developments not only reduce testing time and operational costs but also
enhance traceability and compliance with food safety regulations such as HACCP (Hazard Analysis and Critical Control
Points), FSMA (Food Safety Modernization Act), and international Codex standards' .

However, the practical deployment of ML for food safety monitoring presents several challenges. These include variability
in food matrices, limited availability of labeled contamination datasets, model generalizability across different food types,
and the need for interpretable outputs for regulatory and operational acceptance. Despite these challenges, recent studies
have shown promising results in using ML for detection of contaminants in products such as dairy, meat, grains, fruits, and
beverages.

This research aims to develop and validate a machine learning-based framework for real-time detection of microbial and
chemical contaminants in food. The objectives are to: (1) acquire diverse and high-quality datasets using sensor-based
systems; (2) design and train machine learning models capable of binary and multiclass classification of contamination types;
and (3) evaluate the models’ performance under real-world constraints such as speed, accuracy, and scalability. By addressing
both technical and application-specific considerations, this study contributes to the growing field of intelligent food safety

systems and lays the groundwork for next-generation monitoring technologies.

2.Literature Review

The detection of food contaminants has long relied on analytical chemistry and microbiological techniques, including gas
chromatography (GC), high-performance liquid chromatography (HPLC), enzyme-linked immunosorbent assays (ELISA),
and polymerase chain reaction (PCR)"”. While these methods remain the gold standard in terms of accuracy and specificity,
their operational drawbacks—including long turnaround times, requirement for skilled technicians, and reliance on laboratory
infrastructure—Ilimit their applicability in real-time and on-site contexts"®. This has led to increasing interest in leveraging
ML as a complementary or alternative approach to enhance detection speed and adaptability'”.

Machine learning, a subset of artificial intelligence, enables systems to learn from data and make predictions or decisions
without being explicitly programmed"®. In the context of food safety, ML models can identify subtle patterns in data
collected from a variety of sensing modalities, such as spectroscopy, biosensors, and imaging systems"”’. These patterns may
be imperceptible to human observers or difficult to quantify using traditional statistical methods.

Spectral data analysis has been a prominent domain for ML applications in food safety””. Near-infrared (NIR) and
hyperspectral imaging (HSI) systems are capable of capturing both spatial and spectral information from food surfaces”".
Studies have shown that SVM, partial least squares discriminant analysis (PLS-DA), and CNN can effectively classify spectra
associated with contaminants like aflatoxins in grains or pesticide residues on produce”””. Deep learning models, in particular,
have demonstrated strong performance in handling high-dimensional datasets generated by HSI systems, offering enhanced
accuracy in complex detection tasks"*”.

Electronic noses (e-noses) and tongues (e-tongues), which simulate human olfactory and gustatory systems using sensor
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arrays, have also been integrated with ML algorithms to identify volatile organic compounds (VOCs) and non-volatile
chemical markers indicative of spoilage or contamination”". RF and k-nearest neighbors (k-NN) classifiers have been
employed to distinguish between contaminated and uncontaminated samples based on sensor response profiles, with
encouraging results in dairy, meat, and seafood products.

Another emerging frontier is biosensor integration. Biosensors are capable of providing rapid, sensitive responses to specific
biological or chemical agents, such as pathogens or toxins™”. Coupled with ML models, these sensors can enhance decision-
making in real-time applications. For instance, multilayer perceptrons (MLPs) and decision trees have been used to classify
the outputs from DNA-based biosensors, enabling accurate detection of E. coli or Listeria monocytogenes in complex food
matrices.

The real-time dimension of food safety monitoring requires not only rapid prediction but also low latency in data acquisition

*% This has spurred research into lightweight ML models suitable for deployment on embedded systems or

and processing'
edge devices. Shallow neural networks, logistic regression models, and optimized ensemble techniques are being investigated
for their computational efficiency and robustness in resource-constrained environments"”.

Despite the progress, several challenges persist. One of the major limitations is the scarcity of large, labeled datasets that
represent diverse food products and contamination types **. This hampers the generalization ability of ML models. Moreover,
food matrices exhibit high variability due to differences in moisture content, texture, and composition, which can confound
sensor readings and reduce model accuracy. Transfer learning and domain adaptation techniques are being explored to address
this issue by allowing models trained on one dataset to perform effectively on another'™”.

Interpretability is another critical concern. Many ML algorithms, particularly deep learning models, operate as “black
boxes,” making it difficult for food safety professionals and regulatory bodies to understand the rationale behind predictions.
Explainable Al (XAI) techniques, such as SHAP (Shapley Additive Explanations) and LIME (Local Interpretable Model-
Agnostic Explanations), are gaining traction as tools to make ML models more transparent and trustworthy in safety-critical
applications"™".

Overall, the literature suggests that ML holds significant promise in transforming food contaminant detection by enabling
fast, scalable, and accurate solutions. However, the successful translation of research prototypes into real-world systems will
require interdisciplinary collaboration, data standardization, and rigorous validation under operational conditions.

Figure 1. Sensor Data Preprocessing Pipeline
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3.Methodology

This study presents a machine learning-based framework for the real-time detection of microbial and chemical contaminants
in food samples. The methodology includes four main phases: data acquisition, preprocessing, model development, and
performance evaluation.

3.1 Data Acquisition and Sensor Integration

Sensor data were collected from multiple food safety monitoring systems incorporating biosensors, electronic noses, and
spectroscopy-based detectors. These sensors captured real-time parameters such as volatile organic compounds (VOCs),
pH values, moisture content, and spectral absorption patterns. Each data stream was timestamped and linked to confirmed
contamination labels based on laboratory microbial cultures or chemical analysis.

3.2 Data Preprocessing and Feature Engineering

Raw sensor outputs often contain noise and inconsistent scales. As shown in Figure 1, preprocessing involved normalization,
outlier removal, and transformation to extract consistent feature vectors. Feature engineering techniques like Principal
Component Analysis (PCA) and autoencoders were used to reduce dimensionality and extract key latent features that
represent contamination signatures.

3.3 Data Distribution and Labeling

The dataset included over 10,000 annotated samples covering various food categories, including dairy, produce, and

EEINT3

meat products. These samples were divided into classes indicating “safe,” “microbial contaminated,” and “chemically

contaminated” status. As seen in Figure 2, microbial contaminants formed the majority class, followed by chemically
contaminated and safe samples, posing class imbalance challenges during training.

Figure 2. Sample Distribution
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3.4 Model Development and Training

Several machine learning models were developed and evaluated, including RF, SVM, and Gradient Boosting (GB). Each
model was trained on 80% of the dataset and tested on the remaining 20%, using five-fold cross-validation to reduce
overfitting. Hyperparameters were tuned using grid search, optimizing for F1-score to account for class imbalance.

3.5 Model Evaluation and Explainability

The performance of each classifier was compared using precision, recall, and Fl-score. Figure 3 shows that Gradient
Boosting achieved the highest F1-score (0.92), followed closely by Random Forest (0.89), whereas SVM lagged behind,
particularly in detecting chemical contaminants. Explainability was incorporated using SHAP values, identifying sensor

features contributing most to model predictions.
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Figure 3. Model Comparison on F1 Score
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4.Results and Discussion

The proposed machine learning framework was evaluated on a comprehensive dataset of food samples, with the primary goal
of assessing its effectiveness in accurately identifying microbial and chemical contaminants in real time. This section presents
the evaluation results and interprets their implications for food safety monitoring.

The Gradient Boosting model achieved the highest performance across all contamination categories, with an overall accuracy
0f 93.5%, precision of 91.2%, recall of 94.8%, and F1-score of 92.9%. Notably, the model showed robust generalization even
in the presence of class imbalance, especially for the microbial contamination class, which comprised the majority of the
dataset. Random Forest also demonstrated strong performance, albeit slightly lower than Gradient Boosting, while Support
Vector Machines (SVM) underperformed, particularly in detecting chemically contaminated samples.

A deeper analysis using the confusion matrix revealed that false negatives were lowest for microbial contaminants, which
is crucial in food safety, as undetected microbial threats can lead to significant public health risks. However, there was a
higher false-positive rate in the chemical contamination class, suggesting that the chemical sensors may be more sensitive to
environmental noise or overlapping signals from benign substances.

The explainability component of the system, enabled through SHAP analysis, proved instrumental in understanding model
behavior. The SHAP summary plots highlighted that spectral absorption patterns and VOC sensor readings were the most
influential features for microbial detection, whereas pH fluctuation and chemical-specific sensor outputs were more indicative
of chemical contamination. This transparency not only builds trust in automated detection but also provides actionable
insights for sensor calibration and system optimization.

Additionally, the system was tested in a simulated real-time environment, with an average detection latency of less than 3
seconds, demonstrating its potential for integration into continuous food processing lines. The low inference time, combined
with high accuracy, makes it suitable for deployment in industrial settings such as packaging lines, cold storage units, and
logistics hubs.

These findings indicate that combining sensor technologies with machine learning models provides a scalable and efficient
approach to food hazard detection. While the current system shows excellent performance, future enhancements may
include multi-sensor fusion, cloud-edge integration, and adaptive learning modules that can evolve with newly emerging

contamination patterns.

5.Conclusion
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Ensuring food safety through timely detection of microbial and chemical contaminants is a growing global priority, especially
in the context of expanding food supply chains and heightened consumer awareness. This study presented a machine
learning—based framework integrated with sensor technologies for the real-time detection of foodborne hazards, offering a
novel solution to a persistent challenge in the food industry.

The experimental results demonstrated that ensemble models, particularly Gradient Boosting, deliver high accuracy and
reliability in identifying contaminants across multiple food categories. The incorporation of explainable Al techniques,
such as SHAP analysis, provided critical insights into model behavior and feature relevance, reinforcing transparency and
interpretability in automated food safety assessments.

Moreover, the system’s real-time processing capabilities—with detection latencies under three seconds—position it as a
promising tool for integration into industrial food monitoring workflows, from manufacturing to packaging and distribution.
These qualities make the framework not only technically effective but also practically deployable in high-throughput
environments.

Despite the encouraging results, some limitations remain. Sensor precision and calibration remain sensitive to environmental
conditions, especially for chemical contaminant detection. Additionally, expanding the model’s training on a broader, more
diverse dataset could further enhance its robustness across global food contexts.

Future work will focus on extending the system to multi-modal sensor fusion, exploring transfer learning to adapt models
across different food types, and developing decentralized implementations for loT-connected food safety platforms.
Ultimately, the convergence of machine learning, real-time sensing, and explainable Al offers a scalable path toward safer,

smarter, and more transparent food supply systems.
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