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Abstract 51 

Background  52 

Ensuring quality and safety of olive products is critical for consumer health, market value, 53 

and cultural heritage. Traditional destructive techniques are limited by their time-consuming 54 

and sample damage. Nondestructive techniques (NDT) allow real-time and non-invasive 55 

evaluation of authenticity, contamination, ripeness, and chemical composition. Artificial 56 

intelligence (AI) and big data analytics (BDA) integration enhances data interpretation, 57 

decision-making, and predictive modeling fostering transformative impact on olive industry.  58 

Aims 59 

This systematic review aimed to comprehensively evaluate advances in NDT for quality and 60 

safety assessment of olive products, emphasizing the role of AI and BDA and highlighting 61 

future prospects for industrial applications. 62 

Methods  63 

Following PRISMA guidelines, a systematic search was conducted across PubMed, Scopus, 64 

Web of Science, and Google Scholar, from 2010 to 2026 involving spectroscopic, imaging, 65 

sensor-based methods, integrated with AI and BDA.  66 

Results  67 

NDT like near-infrared and Raman spectroscopy, ultrasound, hyperspectral and X-ray 68 

imaging, and electronic nose/tongue enable rapid and accurate assessment of chemical 69 

composition, contamination, and ripeness. When coupled with AI algorithms, they 70 

significantly improve detection sensitivity, classification accuracy, and real-time monitoring. 71 

BDA facilitate comprehensive data management, predictive modeling, and supply chain 72 

traceability. Computational pharmacology contributes to understanding complex chemical 73 

interactions and bioactive compound behavior in olive products, enhancing safety and 74 

quality assessments. Challenges include data heterogeneity, lack of standardization, high 75 

instrumentation costs, interpretability of AI models, and regulatory hurdles. 76 

Conclusion  77 

Integrating NDT with AI, BDA, and computational pharmacology offers a sustainable, 78 

efficient industrial pathway, with future research needed for standardization, portable device 79 

development, multi-sensor data fusion, and regulatory validation. 80 

Keywords 81 

artificial intelligence, big data analytics, computational pharmacology, hyperspectral 82 

imaging, nondestructive technology, olive products, quality and safety, spectroscopy 83 

 84 
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1. Introduction 103 

Olive products, especially olive oil and table olives, are important components of the 104 

Mediterranean diet and are gaining popularity worldwide due to their well-known health 105 

benefits, unique sensory attributes, and cultural importance [1]. The increasing worldwide 106 

demand for good quality olive products highlights the need for robust, reliable and efficient 107 

systems for the assessment of quality and safety at the production, processing and 108 

distribution stages [2].  109 

Traditional assessment methods are mainly based on sensory evaluation, chemical 110 

analysis, and microbiological testing. These methods are accurate but labor intensive, time-111 

consuming, destructive and require specialized facilities and personnel. Such limitations 112 

pose serious hindrances to timely decision making, quality control and customer safety, 113 

especially in large-scale industrial environments [3]. 114 

In recent years, technology has made great strides in the area of food quality and 115 

safety assessment, especially with the development and use of nondestructive techniques 116 

(NDT), which permit rapid, non-invasive evaluation of food products without damaging them 117 

and allow for continuous monitoring and quality control [4]. NIR spectroscopy, hyperspectral 118 

imaging (HSI), ultrasonic testing and computer vision systems have been extensively 119 

studied for their potential to identify adulteration, determine chemical composition, assess 120 

sensory attributes and detect contamination in olive products. These approaches offer 121 

several advantages, including minimal sample preparation, real-time analysis, and the ability 122 

to simultaneously assess multiple parameters [5]. 123 

However, the complexity of olive products and the diversity of quality parameters 124 

require extensive data processing tools, to understand the huge datasets generated by NDT 125 

techniques [6]. In this regard, artificial intelligence (AI) and big data analytics (BDA) have 126 

become game-changing technologies. Machine learning algorithms, deep learning models 127 

and advanced data processing techniques can identify meaningful patterns in large 128 

datasets, that can allow more accurate, consistent and automated quality assessment [7].  129 

For instance, AI-enabled models have been successful in classifying the grades of 130 

olive oil, identifying adulteration, predicting the shelf life, and tracking the storage conditions 131 

[8]. Moreover, the integration of big data analytics allows to handle large data collected at 132 

different levels of the supply chain (SC), thus improving traceability, decision-making and 133 

predictive maintenance [9]. Despite these promising developments, the application of AI and 134 

big data analytics to nondestructive evaluation of olive products is a continuously evolving 135 

area [10].  136 
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A systematic review of the recent literature can yield useful findings of valuable 137 

insights into the state-of-the-art techniques, new trends and future prospects for research 138 

and industry adoption. Therefore, the aim of this work was to systematically evaluate the 139 

progress of NDT for the quality and safety assessment of olive products integrated with AI 140 

and big data analytics to highlight technological advances, assess their usefulness and 141 

discuss the problems and opportunities related to deployment. As the demand for high 142 

quality, safe and authentic olive products increases, the new technologies will be a triple 143 

win-win-win for producers, regulators and consumers.  144 

 145 

2. Methodology  146 

The current systematic review was accomplished in a rigorous methodological way 147 

using the evidence-based approach to ensure the inclusion of high-quality relevant 148 

published material, according to PRISMA guidelines applying the following steps: 149 

2.1. Literature search strategy 150 

A comprehensive search was conducted using several electronic databases with 151 

official online search engines, involving PubMed, Scopus, Web of Science, and Google 152 

Scholar. The search terms included “olive”, “quality and safety”, “nondestructive techniques”, 153 

“AI and big data analytics”, “spectroscopy”, and “hyperspectral imaging” among others. 154 

Boolean operations like AND, OR, and NOT were used to narrow the search results which 155 

were limited to English-language articles published in last 17 years, i.e. between 2010-2026. 156 

2.2. Inclusion and exclusion criteria 157 

The inclusion criteria included the well-documented peer-reviewed original research 158 

and review articles, with also screening the pertinent gray literature as high quality reports 159 

published outside the common academic publishing, extracted from potential theses, 160 

encyclopedias, pharmacopeias, herbal monographs, policy papers, government reports, 161 

and conference proceedings offering unique, and often unpublished viewpoints counting 162 

valuable information with reduced bias, that addressed the review's basic topics. The studies 163 

were screened and selected based on their significance, methodological rigor, and 164 

contributions to the field. The exclusion criteria included publications in other languages with 165 

inadequate data, non-peer-reviewed articles, and studies irrelevant to the main topics. 166 

2.3. Selection process 167 

All retrieved records were subjected to rigorous screening via a reference 168 

management system, with other manual screening for works not referenced, where 169 

duplicates were rejected. Two reviewers individually examined thoroughly the titles and 170 

abstracts to determine which articles were suitable and eligible for inclusion. 171 
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2.4. Data extraction and synthesis 172 

Data from selected articles were extracted systematically and synthesized 173 

qualitatively. The results were presented comprehensively, with a focus on nondestructive 174 

techniques for quality and safety assessment of olive products. Data presentation was 175 

accomplished with all required schemes, flow diagrams, figures, and tables summarizing the 176 

findings in an informative, concise, and presentable manner. 177 

 178 

3. Results and Discussion 179 

3.1. Study selection 180 

As illustrated (Fig. 1), the initial search generated 596,841 records. After removing 181 

duplicates, and ineligible records, 1500 unique records remained for subsequent screening 182 

where 300 reports sought for retrieval, from which 114 were included in review.   183 

 184 
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 215 

Fig. 1 PRISMA flow diagram including searches of databases and registers (2010-2026) 216 

 217 

Records identified from:  
PubMed (n = 25,043) 
Scopus (n = 31,957)  
Web of Science (n = 10,646)  
Google Scholar (n = 529,156) 
M.Sc. Thesis (n = 1) 
Ph.D. Thesis (n = 1) 
Books (n = 19)  
Hand search (n = 18) 

 

Records removed before screening: 
Duplicate records removed (n = 97,099) 
 
Records marked as ineligible by 
automation tools (n = 485,233) 
 
Records removed for other reasons as 
insufficient data, irrelevance, not meeting 
quality standards (n = 13,009) 

 

Records screened 
(n = 1500) 

Records excluded 
(n = 1200) 

Reports sought for retrieval 
(n = 300) 

Reports not retrieved 
(n = o) 

Reports assessed for eligibility 
(n = 300) 

Reports excluded: 
Published in other languages (n = 3) 
Abstract only (n = 49) 
Traditional medicine only (n = 30) 
Health benefits only (n = 28) 
Pharmacology only (n = 34) 
Phytochemistry only (n = 23) 
General knowledge only (n = 30) 
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3.2. Overview of NDT for olive products  218 

The increasing demand for high-quality and safe olive products has propelled the 219 

development and application of NDT in the olive industry. In the context of olive products, 220 

NDT techniques facilitate rapid, non-invasive assessment of parameters such as ripeness, 221 

oil content, contamination, and spoilage, often enhanced by advanced data analytics and 222 

artificial intelligence for accurate interpretation [11]. These techniques enable rapid, 223 

accurate, and cost-effective assessment of various quality and safety parameters without 224 

compromising the integrity of the products [12]. Nondestructive methods are particularly 225 

advantageous for real-time monitoring, large-scale screening, and ensuring compliance with 226 

safety standards, thereby facilitating better quality control and process optimization [13].  227 

3.3. Definition and principles of NDT 228 

NDT refers to a range of analytical techniques used to evaluate the properties of a 229 

material, component, or system without causing damage or impairing its future usefulness 230 

[14]. Unlike destructive testing methods, which involve damaging or destroying the sample 231 

to assess its characteristics, NDT aims to provide accurate information about the internal 232 

and surface quality of products while preserving their integrity [15]. This capability makes 233 

NDT particularly valuable in quality assurance, safety assessment, and process control 234 

across various industries, including food technology, aerospace, manufacturing, and 235 

infrastructure [16-18]. The fundamental principle of NDT is to detect anomalies, defects, or 236 

variations within a material or product by analyzing its physical, chemical, or biological 237 

properties through non-invasive methods [19]. These techniques often rely on the interaction 238 

of energy (such as electromagnetic radiation, sound waves, or thermal energy) with the 239 

tested object, with the resulting signals analyzed to infer the internal structure or composition 240 

[20]. 241 

Core principles of NDT include: 242 

- Non-invasiveness: Ensuring the test does not alter or damage the product, 243 

maintaining its usability and safety [21]. 244 

- Sensitivity: The ability of the technique to detect small or subtle defects or variations 245 

within the material [22]. 246 

- Reliability and Repeatability: Providing consistent and reproducible results under 247 

similar conditions, essential for quality control processes [23]. 248 

- Speed and Efficiency: Allowing rapid assessment suitable for high-throughput 249 

environments, such as food processing lines [24]. 250 

- Quantitative or Qualitative Analysis: Offering measurable data (e.g., thickness, 251 

composition) or qualitative insights (e.g., presence of defects, spoilage) [25, 26]. 252 
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3.4. Common NDT applied 253 

NDT employed for assessing the quality and safety of olive products encompass a 254 

diverse array of spectroscopic, imaging, and acoustic modalities. These methods enable 255 

rapid, reliable, and non-invasive evaluation of various quality parameters, often integrated 256 

with artificial intelligence (AI) and big data analytics to enhance analytical accuracy and 257 

interpretability. 258 

3.4.1. Spectroscopy techniques [Near-Infrared (NIR), Mid-Infrared (MIR), Raman] 259 

Spectroscopy methods are extensively utilized in olive product analysis due to their 260 

rapidity and minimal sample preparation. Near-Infrared (NIR) spectroscopy measures 261 

overtones and combination bands of fundamental molecular vibrations, providing insights 262 

into moisture, oil content, and phenolic compounds. NIR's high penetration depth makes it 263 

suitable for bulk analysis of olives and olive oils. Mid-Infrared (MIR) spectroscopy offers 264 

more specific vibrational information, allowing detailed characterization of chemical 265 

constituents. Raman spectroscopy, based on inelastic scattering of monochromatic light, 266 

provides molecular fingerprints that aid in identifying adulteration, oxidation levels, and 267 

phenolic profiles. When coupled with chemometric algorithms and AI models, these 268 

spectroscopic techniques facilitate precise classification, quantification, and detection of 269 

adulterants in olive products [27-30]. 270 

3.4.2. Hyperspectral imaging 271 

Hyperspectral imaging (HSI) combines traditional imaging and spectroscopy, 272 

capturing spatial and spectral data simultaneously. In olive quality assessment, HSI enables 273 

visualization of internal and surface attributes, detecting defects, bruises, and 274 

contamination. It allows for the mapping of chemical constituents such as oil content, 275 

moisture, and phenolics across the sample’s surface. The high-dimensional data generated 276 

are processed using machine learning algorithms for classification and anomaly detection, 277 

significantly improving the accuracy of quality grading and safety verification [31, 32]. 278 

3.4.3. X-ray fluorescence (XRF) and X-ray imaging 279 

XRF spectroscopy provides qualitative and quantitative elemental analysis, which is 280 

valuable for detecting heavy metal contaminants or verifying geographic origin through trace 281 

element profiling. X-ray imaging techniques, including computed tomography (CT), offer 282 

detailed internal visualization of olive fruits, olive leaves, olive kernels and olive oil samples, 283 

revealing structural defects, foreign inclusions, or adulteration. These methods are non-284 

invasive and provide high-resolution data essential for ensuring product integrity and 285 

compliance with safety standards [33, 34]. 286 

 287 
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3.4.4. Ultrasound and acoustic methods 288 

Ultrasound techniques utilize high-frequency sound waves to evaluate structural and 289 

compositional properties of olive products. In olive oil analysis, ultrasound can estimate 290 

viscosity, detect adulteration, and assess oxidation levels by monitoring acoustic impedance 291 

changes. Acoustic methods, including vibrational analysis, are employed to determine the 292 

firmness and ripeness of olives, facilitating harvest timing and quality grading. Integration 293 

with AI enhances the interpretation of complex acoustic signals, enabling real-time, non-294 

destructive assessments [35-37]. 295 

3.4.5. Magnetic resonance imaging (MRI) 296 

MRI offers detailed visualization of internal structures without physical sectioning. In 297 

olive product research, MRI can characterize the distribution of oil and water phases within 298 

olives, monitor oxidation processes, and detect internal defects or microbial contamination. 299 

Although less common due to higher operational costs, MRI provides comprehensive 300 

insights into the microstructural and compositional integrity of olive products, especially 301 

when combined with AI algorithms for pattern recognition and quantitative analysis [38, 39]. 302 

3.4.6. Electronic nose and tongue systems  303 

Electronic nose and tongue systems mimic human sensory perception through 304 

sensor arrays capable of detecting volatile compounds and taste attributes. These devices 305 

facilitate rapid quality grading, detection of spoilage, and adulteration in olive oils and 306 

processed products, complementing traditional sensory evaluation [40]. 307 

The integration of these nondestructive techniques with advanced data analysis 308 

methods, such as machine learning and big data analytics, enhances their efficacy and 309 

reliability. Machine learning algorithms can interpret complex spectral and imaging data, 310 

improve classification accuracy, and enable predictive modeling for quality and safety 311 

assessment. Overall, the convergence of nondestructive sensing technologies with AI-312 

driven analytics is revolutionizing the olive industry, promoting sustainable practices, and 313 

ensuring consumer safety [41-43]. 314 

3.5. Advantages over traditional methods 315 

The integration of NDT with artificial intelligence (AI) and big data analytics (BDA) 316 

offers several significant advantages over conventional assessment methods in evaluating 317 

the quality and safety of olive products. Traditional methods, such as chemical analysis, 318 

sensory evaluation, and laboratory-based testing, although reliable, often involve labor-319 

intensive procedures, longer turnaround times, and require destructive sampling, which can 320 

compromise the integrity of the product and limit real-time decision-making [42]. In contrast, 321 

the advanced approaches discussed in this review provide multiple benefits: 322 
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- Non-destructive and rapid assessment: 323 

Nondestructive techniques such as near-infrared (NIR) spectroscopy, hyperspectral 324 

imaging, and electronic noses allow for the analysis of olive products without damaging 325 

samples. This facilitates real-time, on-site testing, significantly reducing the time required for 326 

quality and safety evaluation compared to traditional laboratory methods [32]. 327 

- Enhanced accuracy and sensitivity: 328 

AI algorithms, including machine learning and deep learning models, can process 329 

complex datasets to identify subtle variations and patterns that are often undetectable 330 

through manual or conventional analytical techniques. This results in higher accuracy in 331 

detecting adulteration, spoilage, or contamination [44]. 332 

- Cost-effectiveness: 333 

By enabling rapid screening and reducing the need for extensive laboratory 334 

consumables and personnel, these advanced methods decrease overall testing costs. The 335 

ability to perform high-throughput analysis also contributes to economic efficiency, 336 

especially in large-scale production settings [45]. 337 

- Real-time monitoring and automation: 338 

The integration with big data analytics allows continuous monitoring of production 339 

processes, providing immediate feedback for quality control. Automated systems reduce 340 

human error and facilitate consistent assessments, leading to improved product uniformity 341 

and safety [46]. 342 

- Environmental sustainability: 343 

NDT require minimal chemical reagents; these techniques align with environmentally 344 

sustainable practices. They reduce waste generation and energy consumption associated 345 

with traditional chemical analyses [47]. 346 

- Broader data integration and predictive capabilities: 347 

Big data analytics (BDA) enable the synthesis of diverse data sources—spectral data, 348 

sensor outputs, historical records—fostering comprehensive insights. This enhances 349 

predictive modeling for shelf-life, spoilage risks, and optimal harvesting times, thereby 350 

supporting proactive decision-making [48]. 351 

- Enhanced consumer confidence and compliance: 352 

Accurate, rapid, and reliable assessment methods bolster regulatory compliance and 353 

promote consumer trust by ensuring product safety and quality standards are consistently 354 

met. In conclusion, the adoption of AI-powered nondestructive techniques and big data 355 

analytics represents a transformative advancement over traditional assessment methods. 356 
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These innovations not only streamline quality and safety evaluation processes but also 357 

enhance accuracy, efficiency, and sustainability within the olive industry [49, 50]. 358 

3.6. Limitations and challenges 359 

Despite the significant advancements in nondestructive techniques combined with AI 360 

and big data analytics for assessing the quality and safety of olive products, several 361 

limitations and challenges persist that may hinder widespread adoption and further 362 

development [51]. 363 

- Data quality and availability: 364 

A major limitation is the scarcity of large, high-quality, and representative datasets 365 

necessary for training robust AI models. Variability in olive varieties, cultivation conditions, 366 

harvesting practices, and processing methods can introduce heterogeneity, making it 367 

difficult to develop generalized models. Moreover, data collection often requires extensive 368 

manual effort or sophisticated instrumentation, which can be costly and time-consuming. 369 

- Standardization and validation: 370 

The lack of standardized protocols for nondestructive testing methods and AI model 371 

validation poses challenges for comparability across studies and laboratories. Variations in 372 

sensor calibration, data preprocessing, and analytical procedures can lead to inconsistent 373 

results, impeding the establishment of universally accepted assessment criteria. 374 

- Sensor limitations and instrumentation costs: 375 

While nondestructive sensors such as hyperspectral imaging, near-infrared 376 

spectroscopy, and computer vision have shown promise, they often involve high initial 377 

investment costs, complex maintenance, and technical expertise for operation. Additionally, 378 

sensor limitations such as sensitivity to environmental conditions (e.g., lighting, temperature) 379 

can affect measurement accuracy. 380 

- Computational complexity and interpretability: 381 

Advanced AI models, particularly deep learning algorithms, require significant 382 

computational resources and expertise for development and deployment. Furthermore, their 383 

"black-box" nature can hinder interpretability, raising concerns among stakeholders about 384 

transparency and trustworthiness of the assessments. 385 

- Regulatory and ethical concerns: 386 

Implementation of AI-driven nondestructive testing methods must comply with food 387 

safety regulations and standards, which are still evolving in many regions. Ethical 388 

considerations regarding data privacy, ownership, and accountability also need to be 389 

addressed, especially when integrating big data analytics. 390 

 391 



12 

 

- Integration into industry practices: 392 

Adapting these advanced techniques into existing production and quality control 393 

workflows can be challenging. Resistance to change, lack of technical training, and 394 

infrastructural limitations may slow down adoption in small and medium-sized enterprises. 395 

- Environmental and external factors: 396 

External factors such as environmental conditions, storage, and transportation can 397 

influence sensor readings and model predictions. Developing robust models that can 398 

account for such variability remains an ongoing challenge. 399 

In conclusion, addressing these limitations and challenges requires collaborative 400 

efforts among researchers, industry stakeholders, and regulatory bodies. Future research 401 

should focus on improving data quality and standardization, developing cost-effective and 402 

user-friendly sensors, enhancing model transparency, and establishing regulatory 403 

frameworks to facilitate the broader application of nondestructive, AI-driven assessment 404 

techniques for olive products. 405 

Table 1. summarizes the NDT, including the technique applied along with the 406 

parameters assessed with advantages and limitations and typical applications. Whereas, 407 

Table 2. summarizes the application domain of NDT with % accuracy. 408 

Table 1. Summary of nondestructive techniques (NDT) 409 

Technique Principle Parameters 

Assessed 

Advantages Limitations Typical 

Applications 

References 

NIR, MIR, 

FTIR 

Spectroscopy 

Molecular 

vibrations via 

near/mid-

infrared light 

Oil content, 

phenolics, 

moisture, 

functional groups 

Rapid, 

minimal 

prep, 

portable 

Sensitive to 

environmental 

factors 

Olive oil 

quality, 

adulteration 

detection 

52-57 

Hyperspectral 

Imaging 

Spectral + 

spatial data 

Defects, 

contamination, 

chemical 

composition 

Visual 

mapping, 

high 

accuracy 

Data 

complexity, 

cost 

Sorting, defect 

detection 

58 

Raman 

Spectroscopy 

Inelastic 

scattering of 

monochromatic 

light 

Adulterants, 

oxidation 

Molecular 

fingerprinting 

Cost, 

sensitivity 

Authenticity, 

oxidation level 

59 

Ultrasound 

and E-nose 

High-frequency 

sound waves 

Structural 

defects, oil 

quality 

Penetrates 

samples, 

real-time 

Requires 

coupling 

medium 

Ripeness, 

internal 

defects 

36, 60, 61 

MRI Magnetic 

resonance 

signals 

Oil/water 

distribution, 

internal defects 

Detailed, 

non-invasive 

Costly, slow Microstructural 

analysis 

62-64 

 410 

 411 
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Table 2. Application domains of NDT with %accuracy 412 

Application Area NDT Method Key Findings References 

Adulteration detection Hyperspectral Imaging >95% accuracy 65 

Ripeness classification NIR Spectroscopy 92% accuracy 66 

Pesticide residue detection Raman + ML Rapid detection 67 

Storage monitoring Sensors + AI Real-time alerts 68 

 413 

Critical appraisal of the comparative performance, validation status, and readiness 414 

levels of different techniques 415 

In assessing the landscape of nondestructive techniques employed for olive product 416 

quality and safety assessment, it is imperative to critically compare their performance 417 

metrics, validation status, and overall readiness levels. Techniques such as near-infrared 418 

(NIR) spectroscopy, hyperspectral imaging, machine vision, and acoustic sensors have 419 

demonstrated varying degrees of efficacy in detecting parameters like chemical 420 

composition, adulteration, and spoilage [69]. 421 

- Performance comparison: 422 

Numerous studies have reported high accuracy levels for hyperspectral imaging in 423 

identifying adulteration and quality grading, often exceeding 90% in classification tasks. NIR 424 

spectroscopy has shown promise in quantifying oil content and fatty acid profiles with 425 

comparable accuracy. Conversely, machine vision techniques excel in surface defect 426 

detection but may be limited in assessing internal quality attributes. AI-driven models, 427 

including deep learning algorithms, have enhanced predictive capabilities but are often 428 

contingent on large, high-quality datasets [32, 70, 71]. 429 

- Validation Status: 430 

The validation of these techniques varies significantly (Table 3.). Many methods have 431 

been validated through laboratory-scale studies with limited external validation. For 432 

instance, hyperspectral imaging models often undergo internal cross-validation, but few 433 

have been validated across independent datasets or different production batches. Similarly, 434 

AI models require rigorous validation on diverse datasets to ensure robustness, which 435 

remains a challenge in current literature [72, 73]. 436 

- Technology readiness levels (TRLs): 437 

Technology readiness levels (TRLs); a widely used approach, is a defining term for 438 

the readiness of new technology. It measures the technology maturity versus specific 439 

standards, ranging from level 1 (assigned for: concept) to level 9 (assigned for: market 440 

solution), as mentioned in Table 3 [74]. 441 
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The technological readiness levels (TRLs) of NDT range from initial laboratory 442 

validation (TRL 3-4) to pilot-scale demonstrations (TRL 5-6). Although several techniques 443 

have transitioned into prototype development, widespread industrial adoption remains 444 

limited due to challenges in standardization, cost, and integration with existing processing 445 

lines. Notably, hyperspectral imaging and NIR spectroscopy are closer to TRL 7-8, with 446 

some commercial systems available, whereas advanced AI models are still primarily in the 447 

validation phase. 448 

Table 3. Validation status and readiness levels 449 

Technique Validation Status Datasets Used TRL Remarks References 

Hyperspectral 

Imaging 

External validation Multiple independent sets 7 Commercial 

systems available 

74 

NIR 

Spectroscopy 

Internal validation Laboratory data 6 Widely adopted in 

industry 

74 

Raman 

Spectroscopy 

Pilot Laboratory data 5 Portable devices 

emerging 

74 

Ultrasound Laboratory Specific samples 4 Field testing 

needed 

74 

MRI Research Controlled samples 3 Cost limiting 74 

TRL: Technology Readiness Level 450 

 451 

- Emerging technologies & future pathways in NDT 452 

Emerging technologies and future pathways in NDT (Table 4) are transforming the 453 

approach that industries assess the integrity and safety of materials and structures. 454 

Innovations such as terahertz spectroscopy, portable sensors, Internet of Things (IoT) 455 

integration, and advanced data fusion algorithms are enabling more accurate, rapid, and 456 

comprehensive evaluations. These advancements promise to enhance defect detection 457 

capabilities, facilitate on-site assessments, and enable continuous monitoring, ultimately 458 

leading to more reliable and efficient nondestructive inspection processes. As research and 459 

development continue to progress, these emerging technologies hold significant potential to 460 

shape the future landscape of NDT [75-78]. 461 

 462 

Table 4. Emerging technologies & future pathways in NDT 463 

Technology / Strategy Description Potential Impact Development 

Stage 

References 

Terahertz Spectroscopy High-frequency analysis Detects deeper defects Early research 75 

Portable Sensors Handheld spectrometers On-site rapid assessment Prototype level 76 

IoT Integration Wireless data collection Continuous monitoring Pilot projects 77 

Data Fusion Algorithms Multi-sensor data integration Holistic evaluation Developing 78 

 464 
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3.7.  AI and big data analytics in food quality and safety assessment   465 

The rapid advancement of artificial intelligence (AI) and big data analytics (BDA) has 466 

revolutionized the food quality and safety assessment, offering unprecedented capabilities 467 

in data processing, pattern recognition, and predictive modeling. These technologies 468 

facilitate real-time monitoring, accurate classification, and early detection of contaminants 469 

or quality deviations, thereby ensuring product integrity and consumer safety [79-81]. 470 

Fig. 2 shows the integration of nondestructive techniques, including near-infrared 471 

spectroscopy, hyperspectral imaging, and electronic nose systems, with artificial intelligence 472 

and big data analytics for olive quality evaluation. The framework highlights how multi-473 

sensor data are processed through AI-driven models to enable rapid, non-destructive 474 

assessment of quality grading, adulteration detection, freshness, and safety. 475 

 476 

Fig. 2 AI/BDA-integrated NDT for quality and safety assessment of olive products 477 

 478 

3.7.1. Overview of AI techniques used in olive products assessment 479 

The application of Artificial Intelligence (AI) in the nondestructive assessment of olive 480 

products (Table 5) has witnessed significant advancements, primarily leveraging various 481 

machine learning algorithms and data analysis techniques. These AI methodologies 482 

facilitate rapid, accurate, and noninvasive evaluation of quality and safety parameters, thus 483 

enhancing the efficiency of quality control processes. AI encompasses various 484 

computational techniques, including machine learning (ML), deep learning (DL), and natural 485 

language processing (NLP), which have been increasingly employed in olive product 486 

evaluation. Machine learning algorithms such as support vector machines (SVM), random 487 
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forests, and neural networks have demonstrated high accuracy in predicting olive oil quality 488 

parameters, such as free fatty acids, peroxide value, and sensory attributes, based on 489 

spectroscopic and chromatographic data. For instance, convolutional neural networks 490 

(CNNs) have been utilized for image-based classification of olive fruit ripeness and detection 491 

of defects or adulteration. Deep learning models excel in handling complex, high-492 

dimensional datasets and automating feature extraction, reducing reliance on human 493 

expertise. These models can analyze multispectral imaging, near-infrared spectroscopy 494 

(NIRS), and hyperspectral data to classify olive oils by origin, grade, and authenticity with 495 

high precision. Furthermore, AI-driven algorithms enable predictive maintenance of 496 

processing equipment and optimize harvest and processing conditions to enhance product 497 

quality [82-85].   498 

 499 

3.7.1. Machine learning algorithms 500 

Machine learning (ML) algorithms are mathematical sets of rules or instructions that 501 

allow computers to learn patterns from data to make predictions or decisions without being 502 

explicitly programmed for a specific task. ML includes the following: 503 

3.7.1.1. Support vector machines (SVM) 504 

SVMs have been widely adopted due to their robustness in classification tasks 505 

involving complex, high-dimensional data. In olive product assessment, SVMs have been 506 

employed to classify olive oil based on geographical origin, detect adulteration, and predict 507 

quality grades by analyzing spectral data obtained from techniques such as near-infrared 508 

(NIR) and visible spectroscopy [82]. 509 

3.7.1.2. Artificial neural networks (ANN) 510 

ANN models mimic biological neural networks and are particularly effective in 511 

modeling nonlinear relationships within data. They have been utilized for predicting chemical 512 

constituents, sensory qualities, and identifying contamination in olive oils. Their ability to 513 

learn from large datasets makes them suitable for handling complex spectral and image 514 

data [83]. 515 

3.7.1.3. Random forest (RF) 516 

RF algorithms, an ensemble learning method based on decision trees, offer high 517 

accuracy and interpretability. In olive quality assessment, RF models have been used to 518 

classify olive ripeness stages, detect adulterants, and predict oxidative stability by analyzing 519 

multiple data sources, including spectral, chemical, and visual attributes [84]. 520 

 521 

 522 
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3.7.1.4. Deep learning (DL) 523 

Deep learning architectures, such as Convolutional Neural Networks (CNNs) and 524 

Recurrent Neural Networks (RNNs), have gained prominence due to their capacity to 525 

automatically extract hierarchical features from raw data. CNNs, in particular, have proven 526 

effective in image-based analyses, including grading olives, detecting defects, and 527 

classifying olive oil quality through visual and spectral imaging [85]. 528 

 529 

Table 5. AI techniques used in olive products assessment 530 

Algorithm Type Applications Strengths Challenges References 

SVM Supervised Adulteration detection, 

origin classification 

High accuracy, handles 

high-dimensional data 

Kernel selection 82 

ANN Supervised Quality prediction, 

contamination 

Nonlinear modeling Overfitting risk, 

interpretability 

83 

RF Supervised Ripeness, spoilage, 

classification 

Good accuracy, 

interpretability 

Parameter tuning 84 

Deep learning 

CNN 

Supervised Image-based grading, 

defect detection 

Hierarchical features, 

high performance 

Computationally 

intensive 

85 

 531 

3.7.1.5. Data mining and pattern recognition 532 

Data mining techniques facilitate the extraction of meaningful patterns and 533 

relationships from large and complex datasets acquired during nondestructive testing. 534 

Pattern recognition algorithms enable the identification of characteristic signatures 535 

associated with specific quality and safety attributes. For instance, clustering algorithms 536 

have been employed to group olive samples based on physicochemical properties, while 537 

association rule mining has uncovered correlations between spectral features and 538 

contamination levels. These AI techniques collectively contribute to building predictive 539 

models that enhance the accuracy and reliability of nondestructive assessments. They also 540 

support the development of real-time monitoring systems, thereby promoting safer and 541 

higher-quality olive products in the industry [86-88].  542 

 543 

3.7.2. Overview of big data analytics (BDA) in olive products assessment 544 

The integration of big data analytics involves processing vast and heterogeneous 545 

datasets generated from sensors, IoT devices, laboratory tests, and supply chain records. 546 

Such data include climatic variables, soil conditions, harvesting times, processing 547 

parameters, and market information. Big data platforms facilitate data storage, 548 

management, and advanced analytics, providing comprehensive insights into factors 549 

affecting olive product quality and safety. Advanced analytics techniques, such as data 550 
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mining, clustering, and correlation analysis, help identify patterns and relationships that 551 

influence product attributes. For example, combining environmental data with quality 552 

parameters can enable predictive models for optimal harvest timing and storage conditions. 553 

Additionally, big data analytics support traceability and authentication efforts by integrating 554 

supply chain information, thereby combating fraud and adulteration [89]. 555 

3.7.2.1. Handling large datasets from NDT methods 556 

Olive product evaluation generates vast amounts of data from various NDT modalities 557 

such as hyperspectral imaging, near-infrared spectroscopy, and multispectral imaging. BDA 558 

facilitates the efficient management, storage, and processing of these heterogeneous 559 

datasets. Through scalable data architectures and cloud-based platforms, it enables the 560 

integration of diverse data types, including spectral, visual, and sensor-based information, 561 

ensuring comprehensive analysis. This capacity to handle large datasets minimizes data 562 

loss and supports the development of robust models for quality and safety assessment [90]. 563 

3.7.2.2. Enhancing prediction accuracy 564 

By leveraging advanced algorithms such as machine learning and deep learning 565 

within big data frameworks, the accuracy of predictive models is significantly improved. 566 

These models can identify subtle patterns and correlations within extensive datasets that 567 

traditional methods might overlook. Consequently, predictive analytics enhances 568 

classification accuracy for detecting adulteration, spoilage, and contamination, and predicts 569 

quality parameters like polyphenol content, ripeness level, and oxidative stability with higher 570 

precision. This leads to more reliable assessments, reducing false positives and negatives 571 

[91]. 572 

3.7.2.3. Real-time monitoring and decision-making 573 

Big data analytics enables real-time data processing and analysis, which is crucial 574 

for prompt decision-making in the supply chain and processing facilities. Continuous data 575 

streams from NDT sensors can be monitored instantaneously, allowing for immediate 576 

detection of quality deviations or safety hazards. This capability supports dynamic quality 577 

control, reduces waste, and ensures compliance with safety standards. Additionally, real-578 

time analytics facilitates adaptive process control, optimizing production parameters to 579 

maintain product integrity and safety throughout the supply chain [91]. 580 

3.7.2.4. Enhanced data acquisition and processing: 581 

NDT such as hyperspectral imaging, near-infrared spectroscopy, and ultrasonic 582 

testing generate vast amounts of high-dimensional data. When combined with AI algorithms, 583 

particularly machine learning and deep learning models, these data can be processed 584 

efficiently to identify complex patterns and subtle anomalies that are often imperceptible to 585 
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traditional analysis. Big data infrastructure ensures the storage, management, and real-time 586 

processing of these large datasets, facilitating continuous monitoring and assessment [91]. 587 

3.7.2.5. Improved accuracy and reliability: 588 

AI models trained on extensive datasets can improve predictive accuracy and 589 

robustness in quality and safety evaluations. For example, machine learning algorithms can 590 

classify olive oil samples based on their chemical composition or detect adulteration with 591 

high precision. The large volume of data handled by big data systems enhances the models' 592 

generalizability across different batches, harvests, and environmental conditions, reducing 593 

false positives and negatives [91]. 594 

3.7.2.6. Real-time monitoring and decision support: 595 

The synergy enables real-time or near-real-time assessment of olive products 596 

throughout the supply chain. IoT sensors integrated with NDT methods can feed data into 597 

AI-driven analytics platforms, providing instant insights for producers and regulatory bodies. 598 

This capability supports proactive decision-making, rapid response to contamination events, 599 

and improved traceability [91]. 600 

3.8. Synergy between NDT, AI, and BDA 601 

The synergy between AI and BDA enhances the capacity for holistic assessment of 602 

olive products. Machine learning models trained on large datasets can deliver robust, 603 

scalable, and accurate decision-making tools. Moreover, cloud computing platforms enable 604 

real-time data processing and remote monitoring, facilitating rapid response to potential 605 

safety issues. The integration of NDT, AI, and BDA represents a transformative approach in 606 

the assessment of olive product quality and safety. This synergy leverages the strengths of 607 

each component to overcome traditional limitations, enabling more accurate, rapid, and 608 

comprehensive evaluations [91]. 609 

3.9. Cost-effectiveness and scalability 610 

Automating quality assessment processes through AI and BDA reduces reliance on 611 

labor-intensive laboratory analyses, lowering costs and increasing scalability. The ability to 612 

analyze large datasets across multiple parameters simultaneously enhances 613 

comprehensive quality control, ensuring safety standards are consistently met [91]. 614 

3.10. Challenges and future directions 615 

Despite their promising applications, several challenges hinder the widespread 616 

adoption of AI and BDA in olive product assessment. These include data quality and 617 

standardization issues, high computational costs, and the need for specialized expertise. 618 

Future research should focus on developing standardized protocols, accessible platforms, 619 
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and integrated systems that combine AI and big data analytics to further enhance the 620 

efficiency, reliability, and sustainability of olive product quality control. 621 

While the synergy offers significant advantages, challenges such as data 622 

heterogeneity, standardization, and the need for large, annotated datasets persist. Future 623 

research should focus on developing interoperable platforms, improving AI model 624 

interpretability, and establishing standardized protocols for data collection and analysis. 625 

In summary, the synergistic integration of NDT, AI, and big data analytics holds 626 

immense potential to revolutionize the quality and safety assessment of olive products. By 627 

harnessing these technologies' combined power, stakeholders can achieve more accurate, 628 

efficient, and proactive management of olive product quality, ensuring consumer safety and 629 

product excellence. 630 

Fig. 3 presents a streamlined workflow integrating nondestructive techniques with 631 

artificial intelligence and big data analytics for comprehensive evaluation of olive products. 632 

The framework demonstrates how multi-source data are processed through machine 633 

learning and deep learning models to enable accurate prediction, real-time monitoring, and 634 

reliable assessment of quality, authenticity, freshness, and safety. 635 

 636 

 637 

Fig 3. Integrated framework of NDT, AI, and BDA for quality and safety assessment 638 

of olive products 639 

 640 

 641 
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3.11. Computational pharmacology of olive products 642 

Computational pharmacology is an interdisciplinary field that employs computational 643 

methods and models to elucidate the biological activities, mechanisms of action, and 644 

therapeutic potentials of natural products, including those derived from olives. Olive 645 

products, particularly olive oil, are rich in bioactive compounds such as phenolic acids, 646 

secoiridoids, flavonoids, and lignans. These constituents have been extensively associated 647 

with various health benefits, including anti-inflammatory, antioxidant, cardioprotective, and 648 

anticancer effects, making them prime candidates for pharmacological exploration [92-95]. 649 

3.11.1. Bioactive compounds and their pharmacological significance   650 

Key phenolic constituents like hydroxytyrosol, oleuropein, and tyrosol have attracted 651 

significant scientific attention due to their potent biological activities. Hydroxytyrosol, for 652 

example, exhibits strong free radical scavenging capabilities, contributing to its antioxidant 653 

properties. Oleuropein possesses anti-inflammatory and cardioprotective effects, partly 654 

through modulation of inflammatory mediators and oxidative stress pathways. Tyrosol also 655 

demonstrates anti-inflammatory and neuroprotective activities. Understanding the molecular 656 

interactions, pharmacokinetics, and metabolism of these compounds is crucial for 657 

harnessing their full therapeutic potential and developing effective nutraceutical formulations 658 

[96-102]. 659 

3.11.2. Role of computational techniques 660 

Computational pharmacology utilizes a variety of in silico tools—including molecular 661 

docking, molecular dynamics (MD) simulations, quantitative structure-activity relationship 662 

(QSAR) modeling, and network pharmacology—to explore for example how olive-derived 663 

compounds interact with biological targets. These approaches facilitate the identification of 664 

potential protein targets, predict bioavailability, and evaluate toxicity profiles, thereby 665 

streamlining the early phases of drug discovery and development [103]. 666 

3.11.3. Molecular docking and target identification   667 

Molecular docking studies have been extensively used to simulate the binding affinity 668 

and mode of olive phenolics to key enzymes and receptors involved in inflammation, 669 

oxidative stress, and carcinogenesis. For instance, docking analyses reveal how 670 

hydroxytyrosol interacts with cyclooxygenases (COX-1 and COX-2), providing insights into 671 

its anti-inflammatory effects. Similarly, oleuropein’s interactions with signaling proteins such 672 

as NF-κB and other transcription factors help elucidate its role in modulating inflammatory 673 

and apoptotic pathways. These studies contribute valuable hypotheses for subsequent 674 

experimental validation [104, 105]. 675 

 676 
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3.11.4. Network pharmacology and multi-target effects   677 

Given the complex and multifaceted actions of phytochemicals, network 678 

pharmacology approaches are instrumental in exploring the multi-target interactions of olive 679 

bioactives. By constructing interaction networks linking compounds to their molecular targets 680 

and associated pathways, researchers can identify synergistic effects and elucidate 681 

mechanisms underlying their health benefits. Such integrative analyses support the 682 

development of multi-target therapeutics and functional foods with broad-spectrum efficacy 683 

[94]. 684 

3.11.5. Pharmacokinetics and toxicology predictions  685 

In silico ADMET (Absorption, Distribution, Metabolism, Excretion, and Toxicity) 686 

models are valuable tools for predicting the pharmacokinetic profiles and safety of olive 687 

bioactives. These computational assessments guide formulation strategies, optimize dosing 688 

regimens, and identify compounds with favorable safety margins. Early prediction of toxicity 689 

and bioavailability accelerates the translation of natural products into clinical and 690 

nutraceutical applications, reducing reliance on costly experimental testing [106-109]. 691 

3.11.6. Future perspectives  692 

Advancements in computational pharmacology promise to revolutionize personalized 693 

nutrition and medicine by enabling tailored interventions based on individual genetic profiles 694 

and microbiome compositions. Integrating computational insights with experimental 695 

validation can facilitate the development of novel nutraceuticals, functional foods, and 696 

therapeutic agents derived from olives. Such approaches hold significant potential for 697 

preventive healthcare, management of chronic diseases, and promotion of healthy aging, 698 

aligning with the growing trend toward precision health strategies [110-114]. 699 

 700 

3.12. Relationship between NDT and computational pharmacology of olive products 701 

Both the field of computational pharmacology and the advancements in NDT for 702 

quality and safety assessment employ cutting-edge AI and BDA to optimize the utilization of 703 

olive products for health and safety purposes. Their relationship is multifaceted and 704 

synergistic (Table 6). In summary, the integration of computational pharmacology with AI, 705 

BDA, and NDT creates a comprehensive framework for both ensuring the safety and 706 

authenticity of olive products and unlocking their full therapeutic potential. Together, these 707 

approaches support the development of high-quality, effective, and safe olive-based 708 

nutraceuticals and pharmaceuticals, advancing both public health and scientific 709 

understanding. 710 

 711 
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Table 6. Relationship between NDT and computational pharmacology of olive 712 

products 713 

 714 

Parameter Nondestructive techniques (NDT) Computational pharmacology 

Shared use of AI and BDA Nondestructive Techniques employ 

AI algorithms and big data analytics 

to analyze spectral, imaging, or 

sensor data for rapid, accurate 

assessment of the quality, 

authenticity, and safety of olive 

products. 

Computational Pharmacology uses AI-

driven modeling, molecular simulations, 

and data analytics to predict the 

biological activities, target interactions, 

and pharmacokinetic profiles of olive-

derived bioactive compounds.   

Data integration and holistic 

understanding 

The data generated from 

nondestructive assessments (e.g., 

spectral data indicating chemical 

composition) can inform 

pharmacological models by 

providing real-time, detailed 

compositional information.   

Conversely, pharmacological data about 

bioactive compounds can guide the 

development of targeted nondestructive 

tests aimed at detecting these specific 

compounds or their biomarkers, 

ensuring the presence of therapeutically 

relevant constituents. 

Enhancing product safety and 

therapeutic efficacy   

 

Nondestructive techniques ensure 

the safety and quality of olive 

products during processing and 

storage, minimizing contamination or 

degradation of bioactive 

compounds.   

Computational pharmacology helps 

understand how variations in 

composition (detected through 

nondestructive testing) influence 

biological activity, enabling better 

formulation and quality control for 

health-promoting products. 

Accelerating research and 

development 

 

Combining AI-driven quality assessment with pharmacological predictions 

accelerates the identification of promising olive extracts or compounds for 

therapeutic use, streamlining the pathway from raw material to clinical 

application. 

Personalized nutrition and 

medicine 

 

Insights from pharmacology can inform personalized dietary recommendations 

based on product quality, while nondestructive assessment ensures these 

recommendations are based on authentic, high-quality products. 

 715 

Fig. 4 illustrates the bidirectional integration between AI-driven NDT and 716 

computational pharmacology for comprehensive evaluation of olive products. It highlights 717 

how compositional data derived from NDT inform pharmacological modeling, while 718 

computational insights guide targeted quality assessment, enabling improved therapeutic 719 

efficacy, safety, and product optimization. 720 
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721 

Fig. 4 Synergistic integration of NDT and computational pharmacology in olive 722 

product analysis 723 

 724 

 725 

3.13. Applications and case studies 726 

The integration of NDT with AI and BDA has revolutionized the assessment of olive 727 

products, enabling rapid, accurate, and non-invasive evaluation of quality and safety 728 

parameters. This section explores various application domains and highlights key case 729 

studies illustrating the effectiveness of these approaches. 730 

3.13.1. Quality assessment of olive oil 731 

Ensuring authentic and high-quality olive oil is paramount for consumer safety and 732 

market value. AI-driven NDT methods such as near-infrared (NIR) spectroscopy, 733 

hyperspectral imaging, and Raman spectroscopy have been employed to detect 734 

adulteration, quantify acidity levels, and assess phenolic content. For instance, Aqeel et al. 735 

[65] utilized hyperspectral imaging combined with machine learning classifiers (SVM and 736 

CNN) to accurately identify adulterated olive oils with a detection accuracy exceeding 95%. 737 

Similarly, NIR spectroscopy coupled with partial least squares regression (PLSR) has been 738 

effective in quantifying phenolic compounds, indicators of antioxidant properties. 739 

 740 
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3.13.2. Safety assessment 741 

Food safety concerns, including pesticide residues and microbial contamination, 742 

have prompted the development of nondestructive safety evaluation techniques. AI-743 

enhanced spectroscopic methods have demonstrated proficiency in detecting pesticide 744 

residues rapidly. For example, Thuku et al. [67] applied Raman spectroscopy with deep 745 

learning models to identify pesticide residues at levels below regulatory thresholds. Microbial 746 

contamination, such as molds or pathogens, has been monitored using hyperspectral 747 

imaging combined with AI algorithms that classify microbial presence with high sensitivity. 748 

These methods facilitate on-site safety assessments, reducing reliance on laboratory-based 749 

analyses. 750 

3.13.3. Freshness and ripeness determination in olives 751 

Accurate determination of olive ripeness and freshness is critical for harvest timing 752 

and processing. NIR spectroscopy integrated with AI models has shown promising results 753 

in classifying olives based on ripeness stages. A case study [66] employed support vector 754 

machines (SVM) to distinguish between different ripening stages with an accuracy of 92%. 755 

Such approaches enable farmers and producers to optimize harvest schedules and ensure 756 

optimal product quality. 757 

3.13.4. Storage condition monitoring 758 

Maintaining optimal storage conditions prolongs the shelf life and preserves the 759 

quality of olive products. Sensor-based NDT methods, coupled with AI analytics, have been 760 

deployed to monitor parameters such as temperature, humidity, and ethylene concentration. 761 

For example, a study [68] utilized IoT sensors and machine learning algorithms to detect 762 

deviations from ideal storage conditions in real-time, enabling prompt corrective actions. 763 

These systems improve supply chain management and reduce post-harvest losses. 764 

3.13.5. Comparison of different NDT-AI approaches 765 

Various NDT techniques have been integrated with AI, each with distinct advantages 766 

and limitations. Hyperspectral imaging offers comprehensive spectral information suitable 767 

for multi-parameter assessments but requires complex data processing. Raman and NIR 768 

spectroscopy are rapid and portable, ideal for field applications but may have limitations in 769 

sensitivity to certain contaminants. Machine learning algorithms such as SVM, Random 770 

Forest, and deep neural networks differ in complexity, interpretability, and accuracy. 771 

Comparative analyses across studies indicate that deep learning models generally 772 

outperform traditional classifiers in handling high-dimensional spectral data, albeit at the 773 

expense of increased computational requirements. 774 

 775 
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3.13.6. Summary of key findings from selected studies 776 

- AI-enhanced NDT techniques provide highly accurate, rapid, and non-invasive 777 

assessment of olive oil quality parameters, including adulteration and phenolic 778 

content. 779 

- Spectroscopic methods combined with AI enable effective detection of pesticide 780 

residues and microbial contamination, supporting food safety. 781 

- Integration of NIR spectroscopy and AI models facilitates precise ripeness 782 

classification, aiding harvesting decisions. 783 

- Sensor networks and machine learning algorithms for storage monitoring improve 784 

post-harvest management. 785 

- Deep learning approaches generally outperform traditional machine learning 786 

models in analyzing complex spectral data, though they demand greater 787 

computational resources. 788 

Overall, the convergence of nondestructive testing, AI, and big data analytics holds 789 

significant promise for advancing the quality and safety assurance of olive products, 790 

fostering sustainable and efficient production systems. 791 

3.14. Current challenges and limitations 792 

Despite significant advancements in nondestructive techniques for assessing the 793 

quality and safety of olive products using AI and big data analytics, several challenges and 794 

limitations persist that hinder widespread adoption and optimal performance. 795 

3.14.1. Technical challenges in implementing NDT 796 

Implementing nondestructive techniques such as spectroscopy, imaging, and sensor 797 

technologies requires sophisticated instrumentation and expertise. These methods often 798 

demand precise calibration and maintenance to ensure consistent accuracy. Additionally, 799 

the integration of these technologies into existing processing lines can be complex, requiring 800 

customized solutions tailored to specific olive products and processing conditions. Variability 801 

in environmental factors, such as temperature and humidity, can also affect the reliability of 802 

measurements, posing further technical hurdles. 803 

3.14.2. Data variability and standardization issues 804 

Data collected from nondestructive methods often exhibit high variability due to 805 

differences in olive varieties, ripeness stages, harvesting conditions, and processing 806 

methods. This heterogeneity complicates the development of robust models capable of 807 

generalizing across diverse datasets. Furthermore, the lack of standardized protocols for 808 

data acquisition, preprocessing, and analysis hampers comparability between studies and 809 

limits the reproducibility of results, undermining confidence in AI-driven assessments. 810 
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3.14.3. AI model interpretability and robustness 811 

While AI models, particularly deep learning algorithms, have demonstrated 812 

remarkable predictive capabilities, their interpretability remains a concern. The "black box" 813 

nature of many models makes it difficult for practitioners to understand the underlying 814 

decision-making processes, which can impede trust and acceptance. Additionally, models 815 

may suffer from overfitting and reduced robustness when exposed to new or unseen data, 816 

especially if training datasets are limited or unrepresentative of real-world variability. 817 

3.14.4. Cost and scalability considerations 818 

The deployment of advanced nondestructive sensors and AI systems often entails 819 

considerable upfront investment, including equipment costs, system integration, and 820 

personnel training. These expenses can be prohibitive for small and medium-sized 821 

enterprises. Scalability also poses challenges; methods that perform well in laboratory or 822 

pilot settings may not translate seamlessly to large-scale industrial applications due to 823 

differences in throughput, environmental conditions, and resource availability. 824 

3.14.5. Regulatory and acceptance barriers 825 

Regulatory frameworks governing food safety and quality assessment vary across 826 

regions and are often stringent. The integration of AI-driven nondestructive techniques into 827 

official inspection processes may require extensive validation and certification, which can 828 

be time-consuming and costly. Moreover, stakeholder acceptance—ranging from producers 829 

and regulators to consumers—may be limited by skepticism toward automated systems and 830 

concerns about data privacy, traceability, and transparency. 831 

3.15. Future perspectives and recommendations 832 

The rapid evolution of nondestructive testing (NDT) technologies, coupled with 833 

advancements in artificial intelligence (AI) and big data analytics, presents significant 834 

opportunities to enhance the quality and safety assessment of olive products. Future 835 

research and development should focus on several key areas to realize the full potential of 836 

these emerging tools. 837 

3.15.1. Emerging technologies and innovations 838 

Emerging technologies such as hyperspectral imaging, terahertz spectroscopy, and 839 

portable Raman sensors are poised to revolutionize olive product evaluation by providing 840 

rapid, high-resolution, and non-invasive analyses. Integration of these modalities with 841 

advanced AI algorithms can facilitate real-time detection of adulteration, spoilage, and 842 

quality parameters, thereby improving robustness and accuracy. 843 

 844 

 845 
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3.15.2. Integration of IoT with NDT, AI, and Big Data 846 

The Internet of Things (IoT) offers promising avenues for continuous, remote 847 

monitoring of olive cultivation, harvesting, and processing environments. Embedding IoT 848 

sensors with NDT devices and AI analytics can enable real-time data collection and 849 

interpretation across the supply chain, fostering predictive maintenance, quality control, and 850 

traceability. This integration can significantly reduce delays and human errors, leading to 851 

more resilient and transparent systems. 852 

3.15.3. Standardization and validation of methods 853 

To facilitate widespread industrial adoption, establishing standardized protocols and 854 

validation frameworks for NDT techniques combined with AI and big data is imperative. 855 

International collaboration should aim to develop universally accepted benchmarks, 856 

calibration standards, and performance metrics to ensure consistency, reliability, and 857 

comparability of results across different laboratories and regions. 858 

3.15.4. Developing portable and affordable devices 859 

The development of compact, user-friendly, and cost-effective NDT devices is critical 860 

for small-scale producers and field operators. Advances in miniaturization, wireless 861 

communication, and low-cost sensors should be prioritized to democratize access to 862 

sophisticated quality assessment tools, enabling on-site decision-making and reducing 863 

dependency on centralized laboratories. 864 

3.15.5. Multi-sensor data fusion approaches 865 

Combining data from multiple sensors and modalities through data fusion techniques 866 

can enhance the accuracy and comprehensiveness of quality assessments. Future research 867 

should focus on developing robust algorithms capable of integrating heterogeneous data 868 

sources, such as spectral, visual, and acoustic data, to provide holistic evaluations of olive 869 

product quality and safety. 870 

3.15.6. Policy and industry adoption strategies 871 

For successful translation into industry practice, stakeholders must collaborate to 872 

develop supportive policies, incentives, and regulatory frameworks that promote the 873 

adoption of advanced NDT methods. Training programs, demonstration projects, and pilot 874 

studies can facilitate industry acceptance, while addressing challenges related to cost, 875 

scalability, and user expertise. In conclusion, harnessing emerging technologies, fostering 876 

standardization, and promoting industry integration are essential steps toward realizing the 877 

full potential of nondestructive techniques powered by AI and big data analytics in ensuring 878 

the quality and safety of olive products. Strategic investments and collaborative efforts will 879 

be crucial to shape a sustainable and innovative future in this domain. 880 
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4. Novelty impact statement and significance of the study 881 

This systematic review provides a comprehensive synthesis of the latest 882 

technological innovations at the intersection of nondestructive testing, AI, and big data 883 

analytics tailored specifically for olive product assessment. The study highlights how these 884 

integrated approaches can revolutionize quality control processes, reduce reliance on 885 

destructive testing, and enable real-time, high-throughput analysis. Its significance lies in 886 

identifying research gaps, promoting interdisciplinary collaboration, and guiding industry 887 

stakeholders toward adopting smarter, more sustainable quality assurance systems. 888 

Ultimately, this review underscores the transformative potential of intelligent nondestructive 889 

techniques to enhance product safety, authenticity, and consumer confidence in the olive 890 

industry. 891 

 892 

5. Alignment of Study with the United Nations' Sustainable Development Goals 893 

(SDGs) 894 

This study strongly supports SDG 2 (Zero Hunger) by advancing innovative, 895 

sustainable, and efficient methods for assessing the quality and safety of olive products, 896 

which are vital for global food security. By integrating nondestructive techniques with AI and 897 

big data analytics, the research promotes the development of rapid, reliable, and cost-898 

effective quality assurance systems that can be deployed across the entire supply chain. 899 

These advancements help reduce food loss and waste by enabling early detection of 900 

spoilage, contamination, and adulteration, thereby ensuring that safe and nutritious olive 901 

products reach consumers. Furthermore, the emphasis on sustainable and scalable 902 

technologies aligns with the goal of improving agricultural productivity and resilience, 903 

ultimately contributing to the availability of healthy food options and supporting the fight 904 

against hunger worldwide. Moreover, the study aligns with several United Nations 905 

Sustainable Development Goals, particularly SDG 3 (Good Health and Well-being), by 906 

promoting safer and higher-quality olive products that contribute to consumer health. It also 907 

supports SDG 12 (Responsible Consumption and Production) by encouraging sustainable 908 

and efficient quality assessment practices that reduce waste and resource use. 909 

Furthermore, the research advances SDG 9 (Industry, Innovation, and Infrastructure) by 910 

fostering technological innovation and capacity-building within the food industry. By 911 

promoting sustainable, efficient, and science-based approaches to food safety and quality, 912 

this study contributes to the global agenda of ensuring healthy diets, reducing environmental 913 

impact, and fostering resilient agricultural systems. 914 

 915 
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4. Conclusion  916 

The integration of NDT with AI and BDA offers a promising frontier for the enhanced 917 

quality and safety assessment of olive products. These approaches provide rapid, accurate, 918 

and cost-effective solutions that surpass traditional methods, supporting producers in 919 

ensuring product integrity and consumer safety. Computational pharmacology contributes 920 

to understanding complex chemical interactions and bioactive compound behavior in olive 921 

products, enhancing safety and quality assessments. Challenges include data 922 

heterogeneity, lack of standardization, high instrumentation costs, interpretability of AI 923 

models, and regulatory hurdles. Future research should focus on developing unified 924 

frameworks, expanding datasets, and fostering industry adoption to fully realize the potential 925 

of these innovative technologies. Ultimately, the continued advancement and integration of 926 

AI-driven NDT hold the potential to transform quality management practices within the olive 927 

industry, ensuring higher standards and consumer trust. 928 
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