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Abstract 

AI-driven visual inspection techniques in industrial food processing are critical for quality assurance and safety; therefore, the selection of the 

most suitable algorithm should be based on both operational and performance criteria. This study tests the convolutional neural network 

YOLOv8 on an industrial bakery dataset under typical shop-floor stress conditions. The algorithm performance is evaluated across high-volume 

and resource-constrained scenarios, by means of decision-oriented performance metrics: Risk-Weighted Total Cost of Quality, Throughput 

Efficiency, and Waste Reduction. Results show the robustness of YOLOv8 in detecting relevant defects, ease of use and economic 

sustainability, thus enabling its implementation and operational effort. 
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1. Introduction 

The rhetoric of Industry 4.0 depicts food factories as 

connected, data-driven and increasingly autonomous. Yet, on 

many high-speed lines, quality control remains a persistent 

bottleneck: process data are digitised, while product 

conformity at the outlet is still “measured” through delayed 

and often manual checks. The enabling technologies are not 

missing, Artificial Intelligence (AI)/Machine Learning (ML), 

Internet of Things (IoT), smart sensing, cyber–physical 

systems and digital integration have long been identified as 

central to the Industry 4.0 agenda, including explicit links to 

food quality and safety [1]. The central question is how to 

establish a framework for making continuous and reliable 

quality decisions in real-time, where human inspection cannot 

guarantee consistency at industrial speeds and critical 

variables are frequently inferred only after processing, with 

slow or discontinuous procedures [2].  

The bakery domain makes this tension particularly sharp 

because “appearance” is not a decorative attribute but a 

thermal footprint of the process. Browning results from non-

enzymatic reactions and its relevance goes beyond sensory 

preference: it is also associated with nutritional implications 

and the formation of undesirable compounds such as 

acrylamide, turning what looks like an aesthetic judgement 

into a potential safety-related concern [3]. Moreover, 

browning is inseparable from transport phenomena: it depends 

on temperature and water activity within coupled heat and 

mass transfer dynamics that generate crust formation, moisture 

loss and structural changes [3].  

The scientific literature pertaining to the quality assessment 

of baked goods has long acknowledged the limitations of 

conventional methods, which are commonly described as 

destructive, labour-intensive, time-consuming, error-prone and 

costly [4]. This has motivated a transition toward non-

destructive imaging and computer-vision approaches. 

http://www.sciencedirect.com/science/journal/22128271
https://nam11.safelinks.protection.outlook.com/?url=https%3A%2F%2Fcreativecommons.org%2Flicenses%2Fby-nc-nd%2F4.0&data=04%7C01%7CPROCIR%40elsevier.com%7C59ec6c0afa9b48cb42bb08d9e0736933%7C9274ee3f94254109a27f9fb15c10675d%7C0%7C0%7C637787608560962534%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C3000&sdata=axLII0m4p1Kw3WnhoDD0sgWRTabQyLWuBckzwK0s0oE%3D&reserved=0
https://nam11.safelinks.protection.outlook.com/?url=https%3A%2F%2Fcreativecommons.org%2Flicenses%2Fby-nc-nd%2F4.0&data=04%7C01%7CPROCIR%40elsevier.com%7C59ec6c0afa9b48cb42bb08d9e0736933%7C9274ee3f94254109a27f9fb15c10675d%7C0%7C0%7C637787608560962534%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C3000&sdata=axLII0m4p1Kw3WnhoDD0sgWRTabQyLWuBckzwK0s0oE%3D&reserved=0
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However, the step from laboratory prototypes to factory 

deployment exposes “ordinary” constraints that become 

decisive at scale. Standardising image acquisition is difficult; 

and in oven-adjacent environments, cameras are vulnerable to 

window fouling, condensation and drift, undermining 

repeatability and measurement stability [4], [5].  

Prior to the widespread adoption of end-to-end deep 

learning pipelines, industrial visual inspection methods 

predominantly relied on engineered features and manually 

tuned decision rules. While these methods were often 

effective, they were susceptible to lack of robustness and 

costly maintenance. Chetima and Payeur in [6] highlight that 

manual inspection systems are product-specific, expert-

dependent, and require trial-and-error tuning. Automating this 

process through feature selection and machine learning 

achieved comparable accuracy, demonstrating that tacit 

expertise can be technically replaced. From a production-

technology perspective, the lesson is clear: accuracy is 

necessary, but industrialisation also depends on 

configurability, stability, and maintainability under inevitable 

process variability. 

The shift to deep learning, particularly YOLO-type single-

stage detectors, has reshaped real-time inspection by 

combining competitive detection with low latency suitable for 

in-line deployment. In a Quality 4.0 framing, such systems 

can support vertical and horizontal integration of quality 

information across shop-floor and enterprise layers, yet they 

also impose new requirements on datasets, competencies and 

infrastructure. A particularly informative “bridge” between 

classical vision and Quality 4.0 logic is offered by Görgülü 

[7], who demonstrates a hybrid, in-line monitoring system at 

the exit of a tunnel oven, combining cameras and sensors to 

read geometry, surface colour and moisture at high speed, 

explicitly criticising widely spaced sampling as non-

representative and too slow for corrective action. Importantly, 

the contribution is not an algorithmic novelty claim but a 

production argument.  

Applied evidence indicates that YOLOv8 is technically 

mature for defect-related tasks in food manufacturing. Kılcı 

and Koklu in [8], for example, reported high performance 

using YOLOv8 for biscuit quality classification, but rely on 

controlled conditions that exclude factory-realistic 

disturbances.  

This observation directly addresses the research gap 

identified in the present contribution. Much of the current 

literature evaluates models through technical metrics alone, 

whereas manufacturing decisions depend on throughput, cost 

asymmetries, and waste, where false positives mean 

immediate scrap and false negatives risk safety and brand 

damage. Accordingly, this paper selects YOLOv8 not for 

novelty but for production suitability (low latency, edge 

feasibility, anchor-free robustness) and proposes a production-

oriented evaluation framework that combines technical 

performance with manufacturing-relevant decision criteria. 

The original contribution lies in translating model assessment 

into an operational perspective, showing how AI-based visual 

inspection can be judged in terms of its impact on industrial 

decision-making rather than benchmark accuracy alone.  

2. Methodology 

2.1. Dataset and experimental setup 

The study is grounded in an industrial bakery inspection 

setting, where products flow on a high-speed conveyor and 

visual checks must simultaneously support quality 

consistency and food-safety assurance. The dataset under 

consideration consists of images of crackers annotated into 

three mutually exclusive classes that reflect typical shop-floor 

decision needs (representative examples of the three classes 

are shown in Fig. 1.):  

• Normal: compliant product. 

• Cracked: surface/structural defect mainly affecting 

aesthetic/functional acceptability. 

• Over-baked: excessive browning and texture 

alteration, treated as a proxy for critical thermal 

deviation. In bakery technology, this class is not 

merely an aesthetic issue: abnormal browning is 

associated with undesirable sensory profiles and can 

correlate with risk-relevant process deviations (e.g., 

acrylamide mitigation logic) [3]. 

 

 

Fig. 1. Representative examples of the three product classes considered in this 

study: Normal, Cracked, and Over-baked 

To ensure repeatability, all images were auto-oriented and 

resized to a uniform input scale of 640×640 px, matching the 

standard Ultralytics pipeline [9]. The experimental design 

uses two datasets: a Baseline set and a Stress set (shop-floor 

disturbance simulation). Dataset characteristics are 

summarised in Table 1, with fixed validation and test 

partitions to support a balanced robustness comparison. 

 Table 1. Dataset composition and augmentation scheme for Baseline vs. 

Stress conditions. 

Data Property Baseline Set Stress Set Rationale 

Total images 658 1045 Higher variability for 

robustness testing. 

Split 

(train/val/test) 

537/81/40 924/81/40 Comparable 

validation/test sets for 

balanced evaluation. 

Pre-

processing 

Auto-orient; 

resize 

640×640 px 

Auto-orient; 

resize 

640×640 px 

Uniform image scale. 

Data 

augmentation 

Horizontal 

flip 

Horizontal 

flip; shear 

±10° H/V; 

blur 4.3 px 

Replicates realistic 

distortions and blur. 
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To evaluate robustness against engineering-plausible 

disturbances in SME production environments, the 

operational stress simulation applies two controlled 

perturbations, shear transformation (±10° horizontal/vertical) 

emulating belt vibrations and camera misalignment, and 

Gaussian blur (≈4.3 px) mimicking motion blur and lens 

fouling [10]. The Stress dataset was generated by augmenting 

primarily the training split while keeping validation/test sets 

comparable, deliberately isolating robustness evidence from 

augmentation-driven performance gains and testing whether 

YOLOv8 maintains stable behaviour under the imaging 

degradations repeatedly identified in food-vision literature as 

critical to industrial deployment. 

2.2. From Technical KPIs to Managerial dimensions 

The evaluation framework is deliberately hierarchical in 

nature. The behaviour of the model is validated by technical 

indicators and then translated into operational and economic 

implications by managerial dimensions.  

2.2.1. Technical performance metrics 

 

Model quality is assessed using standard detection metrics 

[11]: 

• Precision (P) and Recall (R), 

• Mean average precision at IoU threshold 0.50 

(mAP@50) and averaged over IoU thresholds 

from 0.50 to 0.95 (mAP@50–95), 

• Total latency (expressed in ms) and derived 

frames per second (FPS). 

 

In addition, diagnostic analysis uses column-normalized 

confusion matrices to characterise class-dependent failure 

modes, as in food inspection the type of error (e.g., missed 

safety defect vs. false reject) dominates managerial relevance. 

2.2.2. Managerial dimensions 

 

Three dimensions are adopted as the primary decision 

layer. 

 

(i) Risk-weighted Total Cost of Quality (TCQ). 

By adapting traditional Cost of Quality models [12], a Risk-

Weighted Total Cost of Quality (TCQ) is proposed. TCQ 

translates false decisions and speed constraints into costs, 

distinguishing between: 

• Internal scrap cost driven by false positives (FP): 

compliant products rejected as defective. 

• Aesthetic risk cost driven by false negatives on 

cracked products, i.e. FNQ. 

• Safety risk cost driven by false negatives on over-

baked products (safety-weighted proxy), i.e. FNS. 

• Downtime/latency cost when inspection speed is 

slower than the target line speed. 

A compact formulation is:  

 
𝑇𝐶𝑄 = 𝐹𝑃 ∙ 𝑐𝑠𝑐𝑟𝑎𝑝 + 𝐹𝑁𝑄 ∙ 𝑐𝑄 + 𝐹𝑁𝑆 ∙ 𝑐𝑠 + 𝑇𝑙𝑜𝑠𝑠 ∙ 𝑐𝐷 (1) 

 

where 𝑐𝑠𝑐𝑟𝑎𝑝 , 𝑐𝑄 , 𝑐𝑆  represent unit costs (expressed in 

€/unit) of production cost (materials, energy) lost due to scrap, 

non-conformance for aesthetic defects and non-conformance 

for safety defects, respectively. Furthermore, 𝑐𝐷  is the 

downtime opportunity cost (expressed in €/h) and 𝑇𝑙𝑜𝑠𝑠 is the 

production time lost if the model's inference speed is slower 

than the line target. Notably, the "Cost of Latency" term 

explicitly monetises production losses arising when algorithm 

inference exceeds the line target, a variable typically 

overlooked in computer vision literature, yet critical for real-

world deployment decisions [13].  

 

(ii) Throughput Efficiency (TE) 

Adapted from the Overall Equipment Effectiveness (OEE) 

framework [14], TE measures the system's ability to maintain 

the target line speed without buffering:  

 

𝑇𝐸 = min (1,
𝐹𝑃𝑆𝑚𝑜𝑑𝑒𝑙

𝐹𝑃𝑆𝑡𝑎𝑟𝑔𝑒𝑡

) (2) 

Values TE < 1 indicate that the inspection system is 

structurally slower than the line. 

 

(iii) Waste Reduction Index (WRI) 

WRI links false rejects to circular-economy objectives by 

quantifying avoidable scrap relative to a baseline:  

 

𝑊𝑅𝐼 =
𝐹𝑃𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 − 𝐹𝑃𝑆𝑡𝑟𝑒𝑠𝑠

𝐹𝑃𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒

 (3) 

 

WRI captures the waste penalty (or benefit) of operating 

under disturbances. 

 

2.3. Scenario-based economic parametrization 

To avoid treating “value” as universal, TCQ and TE are 

computed under three stylised scenarios representing distinct 

competitive logics reported in Table 2. 

Table 2. Scenario parameterization across three competitive logics. 

Parameter Meas. 

Unit 

Scenario A: 

Commodity 

Scenario B: 

Brand 

Protection 

Scenario C: 

SME 

Strategic 

Priority - Speed Zero-Defect 

Cost and 

Waste 

Reduction 

Batch Size Units 100000 50000 20000 

Target Line 

Speed 

FPS = 

items/s 
50  30 40  

𝑐𝑠𝑐𝑟𝑎𝑝 €/unit 0.01 0.05 0.02 

𝑐𝑄 €/unit 0.05 0.50 0.15 

𝑐𝑆 €/unit 1.00 5.00 2.00 

𝑐𝐷 €/h 500 200 100 

Operational 

Rationale 
- 

High-

saturation 

lines where 

latency 

causes direct 

revenue loss 

via 𝑇𝑙𝑜𝑠𝑠 

Premium 

segments 

where safety 

failures 

𝐹𝑁𝑆 trigger 

severe 

penalties. 

Smaller 

batches, 

hardware 

limits and 

waste 

disposal is a 

critical KPI. 
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Scenario parameters (batch size, unit scrap cost, 

aesthetic/safety penalty levels, downtime opportunity cost) are 

set to reflect order-of-magnitude differences typical of Cost-

of-Quality reasoning (Prevention–Appraisal–Failure (PAF) 

logic and the common “1–10–100” heuristic), with safety 

defects weighted substantially higher than aesthetic defects 

and internal scrap [14], [15]. 

3. Results 

3.1. Technical detection performance and real-time capability 

The experimental campaign was designed to answer a 

practical question: is YOLOv8 “good enough” not only in 

accuracy, but also in operability? In this sense, the results 

should be read less as an emphasis on high mAP and more as 

an assessment of industrial readiness under a realistic 

disturbance envelope. Table 3 summarises the global 

detection metrics. 

Table 3. YOLOv8 detection performance and real-time capability under 

Baseline vs. Stress imaging conditions. 

Condition Precision 

(P) 

Recall 

(R) 
mAP@50 

mAP@50-

95 

Total 

Latency [ms] 

Baseline 0.881 0.942 0.974 0.953 24.2 

Stress 0.928 0.935 0.979 0.962 23.8 

 

Two points deserve emphasis. First, mAP@50 remains 

greater than 0.97 in both conditions. This places the model in 

a regime of algorithmic maturity: the detector has essentially 

learned the relevant visual manifold for this task, and further 

gains are likely to be incremental and dataset-specific rather 

than structurally transformative. Second, stress does not cause 

a meaningful collapse. The observed variations (e.g., recall 

from 0.942 to 0.935) are minor and compatible with a robust 

deployment, at least from a purely statistical viewpoint.  

The central issue, however, is not accuracy, it is time. 

YOLOv8 processes one frame in 24.2 ms (Baseline) and 23.8 

ms (Stress), corresponding to approximately 42.0 FPS. 

Indeed, it falls below the 50 Hz takt-time target in Scenario A, 

demonstrating that technical excellence does not 

automatically ensure operational compatibility. 

3.2. Diagnostic analysis by class 

At the aggregate level, stress does not induce performance 

collapse. However, robustness is not uniform across defect 

types, an aspect that matters in food manufacturing because 

different defects carry asymmetric risk. Fig. 2 (column-

normalized confusion matrices) exposes the structure of 

YOLOv8’s errors. 

YOLOv8 maintains high stability on compliant products 

(Normal class), with 0.98 correct under Baseline conditions 

and 0.96 under Stress conditions, with shop-floor noise 

introducing only minor diffusion toward defect classes rather 

than an explosion of false alarms. 

 

Fig. 2. True-class-normalized confusion matrices for YOLOv8 defect 

classification 

Cracked detection is near-perfect (1.00 in both conditions), 

likely due to salient geometric cues robust to perturbation. 

The critical behaviour concerns Over-baked, which is the 

most consequential class from a food-safety and compliance 

perspective. In Fig. 1, the diagonal element is 0.80 in Baseline 

and drops to 0.77 in Stress. A substantial fraction of Over-

baked products is absorbed into the Normal class (0.20 in 

Baseline; 0.23 in Stress). This is not a generic “accuracy 

reduction”; it is a specific operational risk, missed thermal 

deviation. So, the FP/FN “attitude” of the model is worth 

stating clearly. The matrices suggest a cautious but not 

indiscriminate profile, false rejections of Normal-class 

products are low (2–4%), yet the model still exhibits non-

negligible false acceptances for Over-baked (20–23%). 

Hence, if one wants to call the system “conservative”, that 

conservatism is class-dependent: it holds for protecting the 

Normal stream from excessive scrap, but it is weaker exactly 

where the risk is highest. This asymmetry is precisely why a 

purely metric-based reporting of aggregate metrics would be 

incomplete.  

3.3. Performance becomes valuable only through context 

The scenario analysis was introduced to prevent a common 

methodological shortcut: treating detection accuracy as a 

direct proxy for manufacturing value. Fig. 3 reports the risk-

weighted TCQ per batch for the three scenarios, mainly 

driven by scrap waste (FP), safety-related false negatives on 

the Over-baked class (𝐹𝑁𝑆 ), and latency costs, while 𝐹𝑁𝑄 

costs are negligible. 

 

 

Fig. 3. Risk-weighted TCQ per batch across three scenarios, decomposed into 

FP, 𝐹𝑁𝑆 (safety), and latency costs; 𝐹𝑁𝑄 costs are negligible. 
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3.3.1. Scenario A (Commodity) 

Here, the target rate is 50 Hz, while YOLOv8 runs at about 

42 FPS, i.e., a TE of roughly 0.83-0.84. The resulting TCQ is 

2433 € per batch. This gap is not a “technical imperfection”; it 

is a system-level mismatch that generates an explicit 

downtime penalty in the TCQ decomposition (visible as the 

latency-related segment in Fig. 3). In high-volume regimes, 

even modest latency becomes economically amplified 

because time is monetised at scale.  

3.3.2. Scenario B (Brand protection) 

With a reduced target rate (30 Hz), latency is no longer 

binding (TE ≈ 1.4). The resulting TCQ rises to 2946 € per 

batch. It becomes dominated by risk-related costs, consistent 

with a premium logic where external failures and perceived 

inconsistency are disproportionately penalised. Importantly, 

this does not mean the system is “worse” than in Scenario A; 

it means the cost function is different. Scenario B is a 

reminder that TCQ is not an absolute property of the model, it 

is a property of the model embedded in a strategic 

environment. 

3.3.3. Scenario C (SME) 

At 40 Hz, YOLOv8 is approximately aligned with 

operational constraints (TE ≈ 1.03-1.05). The TCQ decreases 

to 747 € per batch, reflecting both the smaller batch size and 

the less punitive cost structure. Notably, the scrap-waste 

component remains limited in Fig. 3, indicating that YOLOv8 

does not “buy” risk reduction by aggressively rejecting 

borderline products. For SMEs, this matters: waste is not only 

a cost item, but also a sustainability and handling burden. 

From a sustainability angle, the WRI makes explicit the 

hidden cost of robustness: how many good products are 

unnecessarily discarded when operating conditions 

deteriorate. Under shop-floor stress, YOLOv8 generates 

𝐹𝑃𝑆𝑡𝑟𝑒𝑠𝑠 = 8 , compared with 𝐹𝑃𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 = 4 , which yields 

WRI = −100%. This negative value is indicative of a very 

specific phenomenon: the amount of avoidable scrap is 

doubled in comparison with the baseline reference (i.e., a 

100% increase in false rejections). In summary, YOLOv8 

demonstrates a heightened propensity for errors under stress, 

leading to the rejection of a significant proportion of 

compliant products, despite maintaining a headline accuracy 

that remains "mature" in terms of mAP.  

When considered collectively, Fig. 2, 3 and Table 1 

provide support for a concise yet substantial message, namely 

that YOLOv8 has achieved technical maturity and robustness; 

however, its industrial desirability remains contingent upon 

the specific scenario under consideration. In scenarios where 

takt time is stringent (Scenario A), the bottleneck shifts from 

accuracy to latency. In scenarios where risk penalties 

dominate (Scenario B), the residual weakness in the Over-

baked class becomes the key managerial concern. In scenarios 

where resources are constrained (Scenario C), the model's 

balanced waste profile and near-alignment with line speed 

make it a plausible "good-enough" solution, provided that 

Over-baked misses are handled through process controls, 

threshold tuning, or complementary sensing. 

4. Discussion and Conclusion 

This discussion is organised around a simple claim: in 

industrial food inspection, technical robustness is necessary, 

but it is not a sufficient criterion for adoption. The evidence 

from the stress campaign shows that YOLOv8 can be 

“statistically impressive” and still be operationally or 

economically fragile, depending on the production logic in 

which it is embedded.  

It is evident that YOLOv8 operates within a mature 

accuracy regime, also under shop-floor stress conditions. This 

is relevant because much of the food-vision literature still 

relies on controlled acquisition settings, while real 

deployment is constrained by illumination, noise, humidity, 

and calibration variability [16], [4]. However, robustness 

should not be interpreted as “problem solved”. The stress 

diagnostics in Fig.1 show that the most critical class, Over-

baked, remains the fragile point. In other words, robustness in 

mAP does not automatically mean robustness where it matters 

most: safety-relevant false acceptances are sparse events, but 

they dominate the overall risk. Consistently with the broader 

baked-goods literature, colour/browning is also a particularly 

sensitive attribute because it depends on reaction-driven 

surface development and is strongly influenced by process 

conditions [7].  

The empirical evidence of this paper uses latency as a 

visible constraint (Scenario A), but the broader issue is more 

general: operability depends on where the algorithm is placed 

in the manufacturing system and what actions its output 

initiates. A detector is not a standalone artefact; it is a 

decision node connected to acquisition, computation, rejection 

mechanics, and process feedback. First, consider placement 

and architecture. Recent food-manufacturing deployments 

increasingly favour edge-based inspection architectures, 

precisely because inspection needs to be close to the physical 

process: it must acquire, infer, actuate (reject/accept), and 

report in real time [17]. This is not a stylistic implementation 

choice; it changes what “performance” means. A model that is 

excellent on a workstation but poorly integrated on the line 

may underperform a slightly weaker model that is properly 

embedded and synchronized.  

Second, the “where” question is inseparable from the 

“what then?” question. A robust inspection system should not 

only classify; it should enable timely intervention. Real-time 

baked-goods monitoring studies explicitly discuss 

architectures where measured variables are displayed 

continuously and can generate control signals for process 

adjustment, reducing response time and keeping the process 

within narrower bounds [7]. In this view, vision is valuable 

not merely because it flags defects, but because it shifts 

quality control upstream, thereby reducing rework and 

stabilising the process, which is also the rationale behind in-

line inspection along conveyors and ovens. 

Third, model operability in production lines entails two 

hidden cost channels: a temporal one, where latency becomes 

economically critical not in absolute terms but relative to takt-

time, forcing the system to absorb micro-stoppages and 

throughput reductions; and a material one, where false 

positives generate avoidable food scrap, as evidenced by 
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YOLOv8's WRI collapse under stress conditions, representing 

a tangible cost for SMEs and sustainability objectives that 

standard benchmarks fail to capture. 

Once operability is framed as a joint problem of time 

alignment and material consequences, mAP alone cannot 

support deployment decisions. TE, WRI, and risk-weighted 

TCQ provide a compact translation from model behaviour to 

manufacturing outcomes, in line with the Quality 4.0 

perspective that digital inspection is valuable only when 

technical outputs become actionable quality decisions across 

the system [18]. Together, these KPIs show that economic 

optimality is context-dependent and that hidden costs emerge 

from the model, context interaction rather than from the 

neural network alone.  

Two limitations of the proposed approach should be 

acknowledged. First, the scenario cost parameters are 

approximations: realistic in magnitude, but not a substitute for 

plant-level accounting. Second, the study relies on a single 

dataset and a defined stress protocol; it cannot cover the full 

spectrum of drift mechanisms occurring on real lines, which 

are known challenges in food imaging [4]. Future work 

should prioritise physical deployment with explicit 

architectural variants and validation across multiple food 

categories where defect characteristics and risk asymmetries 

differ substantially. A further step is to extend from 

“inspection” to “intervention”, integrating detection outputs 

into process-control actions to shorten reaction times and 

stabilise critical quality variables.  
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