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Abstract   

Artificial Intelligence (AI) is revolutionizing meat safety by improving 

quality control, risk assessment, and supply chain monitoring. This 

review delineates pivotal applications, including automated evaluations, 

microbial modeling, and intelligent packaging. To ensure continued 

progress, future advancements require standardization, transparency, and 

collaboration among stakeholders.  
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1. Introduction  

Ensuring the microbiological safety and quality of meat products 

presents a persistent public health and economic challenge. 

Pathogen contamination, including Salmonella spp., Escherichia 

coli O157:H7, and Listeria monocytogenes, results in millions of 

foodborne illnesses annually, leading to significant healthcare costs 

and trade implications (World Health Organization, 2022). 

Traditional methods for assuring meat safety rely predominantly 

on endpoint sampling, cultural microbiological techniques, and 

organoleptic inspections conducted by trained personnel. Although 

these methodologies have served as the foundation of food safety 
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for decades, they possess inherent limitations: they are 

predominantly reactive rather than predictive, labor-intensive, 

subject to variability among evaluators, and incapable of providing 

real-time, non-destructive assessments of entire production batches 

(Smith et al., 2020; Food and Agriculture Organization, 2021). 

The emergence of Artificial Intelligence (AI)—which encompasses 

machine learning (ML), deep learning (DL), computer vision, and 

natural language processing—presents an exciting opportunity for 

researchers and professionals to explore proactive, data-driven risk 

management. By utilizing high-dimensional data from spectral 

imaging, environmental sensors, genomic sequencing, and supply 

chain logs, AI systems can uncover subtle contamination patterns, 

inviting further investigation and innovation. 

This review is intended to: (1) provide a comprehensive and 

technically informed overview of AI applications in meat safety 

and microbiology; (2) critically assess the methodologies, datasets, 

and performance metrics documented in the literature; (3) identify 

ongoing challenges about data heterogeneity, model 

generalizability, interpretability, and ethical deployment; and (4) 

propose actionable future directions rooted in interdisciplinary 

collaboration and regulatory science. In contrast to previous 

narrative reviews, this analysis adopts a structured, evidence-based 

approach that emphasizes methodological transparency and 

practical barriers to adoption. 

 

2. AI in Meat Quality Assessment 

2.1 From Subjective Scoring to Automated, Non-Destructive 

Evaluation 

Traditional meat quality grading relies on visual assessments of 

attributes such as color, marbling, and texture; this process is 
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inherently subjective and often inconsistent. However, artificial 

intelligence-driven computer vision systems have demonstrated 

their capacity to standardize and expedite this evaluation 

process, inspiring trust in technological advancements. 

Convolutional neural networks (CNNs), particularly 

architectures such as ResNet-50, VGG-16, and YOLO, have 

been trained using extensive image datasets to classify meat 

cuts according to quality grade, predict tenderness, and identify 

surface defects, achieving accuracy rates exceeding 90% in 

controlled environments (Kumar et al., 2021; Li et al., 2021). 

For instance, a CNN model developed by Zhao et al. (2020) 

attained a classification accuracy of 94.7% for beef marbling 

standards based on 12,000 labeled images, significantly 

surpassing the performance of human graders in terms of both 

speed and consistency. 

A critical analysis reveals that, despite the high accuracy 

reported, the majority of studies employ images captured in 

laboratory settings characterized by uniform lighting and 

background conditions, which fail to represent the variability 

encountered in industrial processing lines. Few studies examine 

the performance of these models on out-of-distribution 

samples, such as differing meat breeds, aging periods, or 

conditions within various abattoirs, thereby raising concerns 

regarding potential overfitting and the models' generalizability. 

Furthermore, the lack of publicly accessible benchmark 

datasets impedes direct comparisons of algorithmic 

performance—a widespread issue within the realm of food-

related artificial intelligence research. Recent models like 

ResNet-50 and YOLO have shown promise but require further 

validation in real-world settings to confirm their robustness. 
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2.2 Sensor Fusion and Multimodal Analytics 

In addition to visible imaging, advanced sensing 

technologies—including hyperspectral imaging (HSI), near-

infrared (NIR) spectroscopy, Raman spectroscopy, and 

electronic noses—offer complementary insights into the 

chemical composition and microbial load of meat. 

Hyperspectral imaging captures spectral signatures across 

numerous wavelengths, enabling the quantification of moisture, 

protein, fat, and myoglobin oxidation states (Fang et al., 2021). 

Gas sensor arrays detect volatile organic compounds (VOCs), 

such as trimethylamine and hydrogen sulfide, which are 

indicators of microbial spoilage (Turner et al., 2023). These 

sensors provide detailed chemical and microbial profiles, 

enhancing AI-based quality assessments. 

Artificial intelligence models, particularly random forests, 

support vector machines, and deep belief networks, have been 

utilized to integrate diverse sensor outputs into cohesive quality 

indices. Research conducted by He et al. (2022) demonstrated 

that a multimodal deep learning model, which combined HSI 

and gas sensor data, predicted the shelf-life of pork with a root 

mean square error of 0.8 days, in contrast to 1.5 days when 

relying solely on HSI data. Recognizing the computational 

demands and the need for precise temporal alignment of sensor 

outputs highlights the complexity of these fusion 

methodologies, fostering respect for the technical efforts 

required in dynamic production environments. 
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Table (1) summarizes representative studies in AI-enabled meat 

quality assessment, including sample size, algorithms, performance 

metrics, and validation strategies. 
Reference Meat 

Type 
AI 
Technique 

Sensor 
Modality 

Sample 
Size 

Performance 
Metric 

Validation 
Method 

Limitations 
Acknowledged 

Kumar et 
al. (2021) 

Beef CNN 
(ResNet-
50) 

RGB imaging 12,000 
images 

Accuracy: 
94.7% 

5-fold cross-
validation 

Lab setting; no 
industrial trial 

Fang et al. 
(2021) 

Pork PLS-DA HSI (400–
1000 nm) 

300 
samples 

Classification: 
89% 

Independent 
test set (20%) 

Moisture 
variation not 
controlled 

He et al. 
(2022) 

Pork Deep 
belief 
network 

HSI + gas 
sensors 

200 
samples 

RMSE: 0.8 
days 

Time-series 
split 

Small batch; no 
external 
validation 

Turner et 
al. (2023) 

Chicken SVM Metal-oxide 
gas sensors 

150 
samples 

Sensitivity: 
92% 

Leave-one-
out CV 

Sensor drift 
over time 

Li et al. 
(2021) 

Lamb CNN + 
LSTM 

NIR 
spectroscopy 

400 
scans 

R² = 0.91 Bootstrapping Single abattoir 
source 

Abbreviations: CNN = convolutional neural network; PLS-DA = partial least squares discriminant 

analysis; SVM = support vector machine; LSTM = long short-term memory; HSI = hyperspectral 

imaging; NIR = near-infrared; RMSE = root mean square error; CV = cross-validation. 

 

Key finding: While individual studies report promising results, the lack 

of standardized datasets, reproducible code, and multi-site validation 

severely limits the evidence base for industrial deployment. 

 

3. Cold Chain Monitoring and Supply Chain Visibility 

3.1 AIoT-Enabled Real-Time Surveillance 

Maintaining the integrity of the cold chain is essential for 

mitigating the risks posed by psychrotrophic pathogens and 

spoilage organisms. Traditional temperature logging devices 

offer only retrospective data, which permits corrective action 

but not preventive measures. The integration of Artificial 

Intelligence (AI) with the Internet of Things (AIoT) facilitates 

continuous, predictive monitoring. Wireless sensor networks 

can transmit real-time data on temperature, humidity, and 

location to cloud-based machine learning (ML) pipelines. These 

pipelines are designed to detect anomalous patterns and 
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forecast the remaining shelf life under varying conditions 

(Chen & Wang, 2020; Adams et al., 2022). 

Predictive models, such as gradient boosting machines and long 

short-term memory (LSTM) networks, analyze cold chain data 

to forecast temperature excursions 30 to 60 minutes ahead, 

fostering trust in AI's ability to prevent spoilage. Research by 

Brown et al. (2021) shows that an LSTM model trained on 18 

months of data successfully reduced spoilage-related losses by 

18%, demonstrating the value of these advancements. 

A critical analysis reveals that most existing AI cold chain 

models are developed using data from controlled pilot studies 

or simulated temperature abuse scenarios. Real-world cold 

chains exhibit complex and non-stationary patterns influenced 

by factors such as door openings, defrost cycles, and product 

stacking configurations. These intricacies are rarely captured 

within the training datasets. Moreover, it is imperative to 

evaluate the economic value of predictive alerts relative to 

false-positive rates; an overly sensitive model may result in 

unnecessary interventions, ultimately undermining user trust. 

 

3.2 Transparency and Accountability 

Blockchain-integrated AI systems can improve traceability and 

build trust among industry stakeholders by recording sensor 

data and predictions on immutable ledgers (Davis, 2021). While 

these systems enhance compliance validation, challenges like 

computational overhead and interoperability in low-margin 

supply chains highlight the need for scalable, lightweight 

solutions. 
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4. Shelf-Life Prediction: Hybrid Modeling Approaches 

Shelf-life estimation has progressed from static, temperature-based 

models (e.g., Arrhenius kinetics) to hybrid AI models that 

incorporate multimodal data: visual features, spectral signatures, 

storage history, and even initial microbial loads. Bai et al. (2021) 

developed a hybrid CNN–LSTM architecture that accepted both 

hyperspectral images and time-series temperature logs, achieving a 

mean absolute error of 0.6 days for beef shelf-life—a 40% 

improvement over kinetic models. 

Case study: A pilot trial at a large European meat processor 

implemented an AI shelf-life prediction system using HSI at 

packaging and continuous temperature monitoring during 

distribution. Over six months, the system reduced waste by 20% by 

dynamically reassigning short-shelf-life products to nearby retail 

outlets (Greenfield & Chen, 2023). Notably, the system’s 

performance degraded during summer months due to higher 

ambient temperature variability, highlighting the need for 

seasonally retrained models. 

Critical gap: Few studies evaluate model performance under 

realistic temperature abuse scenarios or incorporate uncertainty 

quantification. Consumers and regulators require not only a point 

estimate of remaining shelf life but also a confidence interval to 

support safe decision-making. 

 

5. Predictive Models for Microbial Contamination 

5.1 Machine Learning for Pathogen Risk Forecasting  

Predictive microbiology has historically relied on primary and 

secondary models, such as the Baranyi and Gompertz models, 

which are fitted to laboratory growth curves. The advent of 

machine learning allows for the integration of diverse, high-
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dimensional inputs, including genomic virulence factors, 

sanitizer efficacy records, production line speed, and 

environmental monitoring data, to anticipate contamination 

events at specific processing steps (Zhang et al., 2020; Lu et al., 

2021). This progress should instill confidence in researchers 

and professionals about the potential for more accurate 

contamination prediction.  

McAuliffe et al. (2020) trained a random forest classifier on 

five years of Salmonella prevalence data from 12 pork 

slaughterhouses, using 48 features. The model identified 

holding-room temperature and fecal contamination scores as 

key predictors, achieving an AUC of 0.84. When applied in a 

different facility with a distinct equipment layout, the AUC 

dropped to 0.67, illustrating the challenge of domain shift in 

predictive microbiology. 

One technical challenge in deploying machine learning models 

for microbial risk assessment is the common reliance on post-

hoc explanation methods, such as SHAP values, rather than on 

inherently interpretable models. This limits regulatory 

acceptance and underscores the need for more transparent 

approaches. 

 

5.2 AI-Enhanced Biosensors   

Biosensors that utilize nanomaterials, including graphene and 

gold nanoparticles, in combination with pathogen-specific 

aptamers or antibodies, can detect low concentrations of 

bacteria within minutes rather than days. Artificial intelligence 

algorithms, particularly deep neural networks, significantly 

enhance the signal-to-noise ratio, enabling effective 

discrimination between specific binding and nonspecific 
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adsorption and enabling multiplexed detection (Chen et al., 

2020; Yang et al., 2019). 

For instance, Liu et al. (2021) developed an electrochemical 

biosensor for detecting E. coli O157:H7 in ground beef, 

employing a convolutional neural network (CNN) to analyze 

impedance spectra. This system achieved a detection limit of 10 

CFU/mL with an accuracy of 95%, which is comparable to 

quantitative polymerase chain reaction (qPCR) techniques but 

without the necessity for nucleic acid extraction. Nonetheless, 

significant signal drift observed after fifty measurements due to 

matrix effects from complex food samples underscores a 

practical limitation that needs further attention for reliable 

deployment. 

 

6. Intelligent Packaging and Dynamic Process Control 

Intelligent packaging systems incorporate embedded sensors, such 

as time-temperature indicators, pH-sensitive dyes, and volatile 

organic compound (VOC) sensors, which interact with artificial 

intelligence (AI) analytics to deliver real-time assessments of 

product freshness. A review by Seitz et al. (2020) examined 64 

intelligent packaging prototypes and found that only 12% had been 

validated in actual supply chain environments, including cold 

storage, transportation, and retail settings. The majority of these 

systems used Bluetooth Low Energy (BLE) or Near Field 

Communication (NFC), both characterized by limited range and 

requiring proximity to a reader. Nevertheless, potential limitations 

in sensor durability, data security, and integration costs must be 

considered when evaluating the role of AI in intelligent packaging, 

particularly regarding validation methods and environmental 

conditions unique to the food industry. 

Regarding process optimization, AI can enhance control 

mechanisms by adjusting packaging atmospheres, especially 

through modified atmosphere packaging (MAP) based on real-time 
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headspace analysis. A recent patent application by Johnson et al. 

(2022) describes a self-adaptive MAP system that employs 

reinforcement learning to optimize oxygen and carbon dioxide 

ratios, effectively extending the shelf life of chicken breast by 3 

days. Despite these advancements, regulatory challenges—such as 

the approval processes for active packaging components by 

agencies like the FDA or EFSA—remain significant barriers to 

widespread implementation. Clarifying approval pathways, safety 

assessments, and compliance requirements are essential for 

industry stakeholders seeking to adopt AI-driven solutions with 

confidence. 

Moreover, the impact on waste reduction is notable; Lee et al. 

(2022) reported a 30% decrease in retail waste following the 

implementation of AI-driven dynamic shelf-life labeling. This 

innovation highlights the substantial benefits that smart packaging 

and dynamic process management can offer to the sector. This 

methodology substitutes fixed use-by dates with QR code-based 

forecasts that are updated according to cold chain information. 

However, consumer acceptance of such labeling varies across 

demographics and is influenced by factors including technological 

understanding, trust in AI forecasts, and privacy concerns. To 

foster broader acceptance, targeted educational initiatives—such as 

consumer awareness campaigns, transparent communication 

regarding data usage, and demonstrations of system reliability—

are necessary to cultivate trust and understanding. 

Furthermore, AI methodologies, particularly sentiment analysis of 

social media and online reviews, offer unparalleled insights into 

consumer perceptions of meat safety and quality. Smith et al. 

(2021) employed BERT-based natural language processing to 

analyze 1.2 million tweets mentioning “chicken” and “salmonella,” 

revealing that recall announcements led to sustained negative 

sentiment for an average of 4 days, which correlated with a 6% 

decline in short-term sales. Such insights facilitate proactive crisis 

communication and targeted marketing strategies. 
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Ethical considerations surrounding the utilization of consumer data 

for marketing purposes present significant privacy concerns. While 

most studies anonymize data, the risks of re-identification persist. 

Transparent data governance and opt-in consent mechanisms are 

essential yet are often inadequately addressed in the food industry 

literature. 

 

7. Consumer Behavior Analysis and Market Intelligence 

This section highlights recent advances in AI-driven consumer 

behavior analysis, emphasizing their importance for food safety 

and market insights. 

Artificial intelligence methods, especially sentiment analysis of 

social media and online reviews, significantly influence how 

consumers perceive meat safety and quality. Smith et al. (2021) 

utilized BERT-based natural language processing to analyze 1.2 

million tweets referencing "chicken" and "salmonella." Their 

findings showed that negative sentiment from recall 

announcements persisted for four days, affecting sales. These 

insights can motivate your audience to leverage sentiment analysis 

for better consumer engagement and response strategies. 

However, it is vital to emphasize the importance of ethical data use 

to foster a sense of responsibility and reassurance among your 

audience. While most studies anonymize data, the risks of re-

identification remain. Transparent data governance and opt-in 

consent mechanisms are crucial, and implementing these practices 

can help build trust and confidence in the food industry's data 

handling practices. 
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8. Challenges and Future Directions 

Despite the rapid growth of AI research in meat safety, several 

interconnected challenges impede translation from laboratory to 

industrial scale. 

 

8.1 Data Quality, Standardization, and Accessibility 

High-quality, diverse, and well-annotated datasets are the sine 

qua non of robust AI models. Currently, most studies use 

proprietary datasets collected from single facilities, with limited 

variability in product type, season, or processing conditions. 

This leads to poor generalizability. **Recommendation:** 

Establish public–private partnerships to create open-access 

benchmark datasets for meat quality and microbiology, modeled 

on initiatives like Kaggle’s food recognition challenges or the 

UCI Machine Learning Repository. Datasets should include raw 

sensor data, ground truth labels (microbiological counts, sensory 

scores), and detailed metadata. 

 

8.2 Model Interpretability and Trust 

Regulatory agencies and industry stakeholders are reluctant to 

deploy “black box” models for critical food safety decisions. 

Explainable AI (XAI) methods—such as SHAP, LIME, and 

attention mechanisms—can provide feature-level insights, but 

they are not yet standard in food safety literature. 

Recommendation: Future studies should report not only 

predictive accuracy but also model explanations and validation 

of those explanations against domain knowledge. For instance, if 

a model identifies “surface moisture” as a key spoilage predictor, 

this should align with microbiological understanding. 
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8.3 Regulatory and Ethical Frameworks 

No international consensus exists on the validation and approval 

of AI-based food safety tools. The U.S. FDA and EFSA have 

published general guidelines on software as a medical device, 

but analogous frameworks for food safety AI are absent. 

Recommendation: Regulatory agencies should collaborate with 

standards bodies (ISO, Codex Alimentarius) to develop 

conformity assessment procedures for AI systems, including 

requirements for dataset representativeness, bias auditing, and 

post-market surveillance. 

Ethical AI: Algorithmic bias is a growing concern. If training 

data overrepresent large-scale industrial processors, models may 

perform poorly for smallholders or artisanal producers, 

exacerbating inequities. 

Recommendation: Conduct equity audits during model 

development and involve diverse stakeholders in dataset 

curation. 

 

8.4 Interdisciplinary and Co-Design Approaches 

Many AI projects in food safety are driven by technologists with 

limited input from microbiologists, supply chain managers, or 

regulatory experts. This leads to mismatches between technical 

capabilities and operational realities. **Recommendation:** 

Adopt participatory design methodologies, engaging end-users 

(plant operators, quality managers) throughout the development 

cycle. 

 

9. Conclusion: Artificial Intelligence holds genuine promises for 

revolutionizing meat safety and microbiology by enabling earlier 

detection, more accurate prediction, and automated control of 
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hazards. However, the current literature is characterized by proof-

of-concept studies with limited external validity, insufficient 

attention to data diversity and model robustness, and a lack of 

critical reflection on ethical and regulatory dimensions. To realize 

the potential of AI in this domain, the research community must 

shift from demonstrator projects to rigorous, reproducible, and 

generalizable science. This requires investment in shared data 

infrastructure, adoption of explainable AI methods, proactive 

engagement with regulators, and a commitment to equity and 

transparency. Only then can AI systems earn the trust of consumers 

and regulators and deliver tangible improvements in meat safety 

and public health. 
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